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ABSTRACT

Spectrum Management for Future Generations of

Cellular Networks

Itsikiantsoa Randrianantenaina

The demand for wireless communication is ceaselessly increasing in terms of the

number of subscribers and services. Future generations of cellular networks are ex-

pected to allow not only humans but also machines to be immersively connected.

However, the radio frequency spectrum is already fully allocated. Therefore, develop-

ing techniques to increase spectrum efficiency has become necessary. This dissertation

analyzes two spectrum sharing techniques that enable efficient utilization of the avail-

able radio resources in cellular networks. The first technique, called full-duplex (FD)

communication, uses the same spectrum to transmit and receive simultaneously. Us-

ing stochastic geometry tools, we derive a closed-form expression of an upper-bound

for the maximum achievable uplink ergodic rate in FD cellular networks. We show

that the uplink transmission is vulnerable to the new interference introduced by FD

communications (interference from the downlink transmission in other cells), espe-

cially when the disparity in transmission power between the uplink and downlink

is considerable. We further show that adjusting the uplink transmission power ac-

cording to the interference power level and the channel gain can improve the uplink

performance in full-duplex cellular networks. Moreover, we propose an interference

management technique that allows a flexible overlap between the spectra occupied by
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the downlink and uplink transmissions. The flexible overlap is optimized along with

the user-to-base station association, the power allocation and the channel allocation

in order to maximize a network-wide utility function. The second spectrum sharing

technique, called non-orthogonal multiple access (NOMA), allows a transmitter to

communicate with multiple receivers through the same frequency-time resource unit.

We analyze the implementation of such a scheme in the downlink of cellular networks,

more precisely, in the downlink of fog radio access networks (FogRANs). FogRAN

is a network architecture that takes full advantage of the edge devices capability to

process and store data. We propose managing the interference for NOMA-based Fo-

gRAN to improve the network performance by jointly optimizing user scheduling, the

power allocated to each resource block and the division of power between the mul-

tiplexed users. The simulation results show that significant performance gains can

be achieved through proper resource allocation with both studied spectrum sharing

techniques.
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Chapter 1

Context and Objectives

1.1 Future Generations of Cellular Networks

The need for higher data-rate and broader coverage has driven the evolution of the

previous generations of cellular networks. Differently, the next generations of cellular

networks (5G and beyond) are expected to offer a substantial leap in terms of network

performance as well as in terms of supported services. More specifically, the network

must shift from serving only data-rate driven applications to serving new ranges of

use cases with new requirements, in addition to the existing data-hungry applications.

1.1.1 Use Cases and their Respective Requirements

The International Telecommunication Union (ITU-R) defines three main classes of

use cases for the fifth generations of cellular networks [1].

eMBB

The first class of use cases is called enhanced mobile broadband (eMBB). It provides

ultra-high data rate and broad coverage to serve all data-hungry applications (video

streaming, online gaming, virtual and augmented reality, etc.). More specifically,

1000-fold capacity/km2 improvement and at least 100-fold increase in the peak data

rate is required when compared to the state-of-the-art 4G cellular systems [2]. There-

fore, the eMBB can be seen as the direct enhancement of the current state of the

16
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art.

mMTC

The next generations of cellular are also expected to accommodate the communication

within a network of billions of machines and sensors in order to serve the second class

of use cases called Massive Machine Type Communications (mMTC). Machine-to-

Machine communication already existed in 4G LTE systems. It enables automation

with a wide range of Internet-enabled gadgets which creates the Internet of Things

(IoT). The number of connected devices is expected to increase continuously. The

mMTC is expected to connect over 75 billion devices by 2025 [3]. Overall, mMTC

is characterized by a massive amount of devices connected with a low computational

capability and low energy (mainly sensors) in a given area. These devices are generally

immobile, and they send sporadic uplink small data. Most of those devices are sensors

for the IoT. Hence, they only need to send sporadic small data.

URLLC

The third class of use cases is called ultra-reliable and low-latency communications

(URLLC). URLLC enables a whole new range of services that did not exist in 4G.

It is expected to allow humans to control IoT devices (Tactile Internet) wirelessly

and machines to be coordinated in real-time, and to accommodate all delay-sensitive

applications. For instance, URLLC accommodates the communication for remote

surgery, Tactile Internet and Vehicular-to-Vehicular (V2V) (wireless coordination

where driverless vehicles wirelessly coordinate with each other in real-time). URLLC

is characterized by:

• ultra-reliable radio access for the users: URLLC use cases critically rely on the

availability of the wireless links (the users should be able to access the network
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1- eMBB

Human-to-Human Human-to-Machine Machine-to-Machine

Virtual/augmented reality 

Video streaming

Video 
monitoring

Mobile 
computing

Wearable 
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Social 
Media

Smart homes – Smart cities

Heath Monitoring
2- mMTC

Public safety (e.g.. fire)
Remote 
surgery

Vehicles to 
pedestrians

Industrial 
automationVehicle to 

Vehicle
3- URLLC

Video calling – online 
gaming

Figure 1.1: 5G main classes of use cases

anywhere anytime) with minimal communication quality and extremely low

outage probability (target block error rate of [10−9 − 10−5]). Therefore, the

performance of the network is not evaluated based on the ergodic rate but

rather the outage capacity since a tiny coverage hole that causes an outage

during a little time-lapse could be catastrophic [4].

• an extremely low latency with extremely high availability: latency is the delay

caused by queuing, processing and re-transmission. The latency for URLLC

applications is expected to be less than 1ms. An alert delayed by more than

1ms could lead to a fatal accident in V2V.

Beyond 5G

Furthermore, future generations of cellular networks beyond 5G are expected to ac-

commodate services with even more stringent requirements [5]. For instance, a new

service called extended reality (XR) combining augmented, mixed and virtual reality

is envisioned. In order to support such service, the network must provide a connection
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with even much lower latency and another 1000 times higher data rate.

1.1.2 Spectrum Deficiency and Solutions

Since the first generation of cellular networks, information has been transmitted

through the radio spectrum (between 30 Hertz and 30 gigahertz). In order to avoid

interference, the use of the radio spectrum is regulated. The regulation determines

the spectrum band allocated to every wireless communication type. The radio spec-

trum is currently fully allocated; in other words, we are now experiencing a spectrum

deficiency. Moreover, as explained in Sec. 1.1.1, the demand in wireless communica-

tion is ceaselessly increasing, and more information must be transmitted. Therefore,

in order to accommodate wireless traffic demands, it is essential to develop techniques

to overcome spectrum deficiency. There are different ways of overcoming spectrum

deficiency. For instance, recent research works are analyzing the possibilities of trans-

mitting information through other frequencies than the radio frequency bands such

as the millimetre wave (between 30 and 300 gigahertz), terahertz band (between 0.1

and 10 terahertz), and the visible light band (between 430 and 770 terahertz). Other

research works focus on developing transmission techniques that increase the spec-

trum efficiency, i.e., techniques that allow transmission of more information through

the same spectrum band such as spectrum sharing techniques and carrier aggregation

(a combination of two or more carriers into one data channel in order to improve the

channel capacity).

1.2 Dissertation Objectives

In the context of overcoming the spectrum deficiency in cellular networks, the ob-

jective of this dissertation is to study ways of increasing the spectrum efficiency

and achieving the network performance expected from future generations of cellu-
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lar networks. To do so, we analyze the implementation of two spectrum sharing

techniques in cellular networks, namely in-band full-duplex (FD) communication and

non-orthogonal multiple access (NOMA). In general, spectrum sharing techniques

introduce additional interference to the network. Particularly, in the context of cel-

lular networks, the added interference also affects the communications in other cells.

Therefore, for any spectrum sharing techniques to be beneficial, efficient interference

management is essential. The objective of this thesis is threefold. First, we analyze

the performance of the analyzed spectrum sharing techniques in cellular networks.

Second, we propose interference management through resource allocation (radio re-

source and power allocation) for each spectrum sharing technique. The resource

allocation methods adjust a combination of two or more of the following parame-

ters: transmission powers, user-to-access point association, radio resource allocation

to users, amount of shared spectrum, transmission power division between devices

that are sharing the same spectrum. Lastly, we analyze the performance improve-

ment introduced by the proposed interference management techniques in order to

draw insightful conclusions for network designers.

1.3 Contributions Summary and Dissertation Structure

This dissertation is divided into two main parts. We analyze a spectrum sharing

technique in each part.

1.3.1 Part I: Transmission and Reception on the Same Spec-

trum - Full-Duplex (FD) Communication

FD communication is one of the promising technologies that allow better use of the

available spectrum in order to achieve capacity improvement for the next generation
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of cellular networks [6]. In FD communication mode, the transceiver uses the same

spectrum to transmit and receive simultaneously. The first part of this dissertation

analyzes the effect of implementing such communication scheme in cellular networks.

For conventional cellular networks, the uplink transmission (communication from the

user to the base station) and the downlink transmission (communication from the

base station to the user) occur on different frequency-time channel resource. Such

communication scheme is called half-duplex transmission. Differently, in FD cellular

networks, for every user-base-station pair, the uplink and downlink transmissions

occur on the same frequency-time radio channel resource.

• For cellular networks, in addition to the existing aggregate interference in half-

duplex transmission, the residual self-interference (interference from the trans-

mitter to the receiver of the same equipment) and cross-mode interference (in-

terference affecting an uplink transmission from the downlink transmission in

other cells and vice versa) impose major obstacles for FD communications’ de-

ployment. FD communication’s promising impact on the overall network data

rate has been established in the literature. However, in Chap. 2, we argue that,

due to the disparity in transmission power between the uplink and downlink,

the overall performance gains might be achieved through considerable gain in

the downlink transmissions while the uplink transmission is degraded by in-

terference. Therefore, in FD cellular networks, the performance metric should

separately account for the uplink and downlink transmission. In Chap. 2, we

analyze the effect of FD communication in the uplink transmission. Using

stochastic geometry, we derive the statistical parameters of interference from

approximating its distribution with a well-known distribution. Then, we derive

a closed-form expression of an upper-bound for the ergodic uplink rate. More-

over, in order to eliminate the strongest downlink interference, we propose a
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minimum distance between base stations transmitting on the same frequency

band. Then, we design power controls that adapt the uplink transmission power

to the channel gain and the network interference level. We derive a closed-form

expression of the achievable uplink ergodic rate for each power control. We

show that considerable performance gain can be achieved through practical up-

link power controls.

• In order to balance the performance gain in the uplink and downlink, we in-

troduce a communication scheme called α-duplex communication in Chap. 3.

In α-duplex communication, the occupied spectra by the uplink and downlink

transmissions partially overlap by a factor α. We assume that the spectrum

overlap width is flexible and adjustable. Then, we propose managing the inter-

ference and balancing the performance gain in uplink and downlink by intel-

ligently adjusting the spectrum overlap width, the user to base station, chan-

nel assignment, and the transmission powers. The formulated optimization is

mixed-integer and is solved iteratively. Moreover, we develop both centralized

and distributed resource allocation algorithms to solve the formulated opti-

mization problem. Our simulation results show that α-duplex is better than

FD and HD. Moreover, the proposed interference management technique not

only protects the uplink transmission from the interference from the downlink

transmission but also yields performance gains for both uplink and downlink.



23

1.3.2 Part II: Transmission to Multiple Receivers Through

the Same Spectrum - Non-Orthogonal Multiple Access

(NOMA)

NOMA allows a transmitter to communicate with multiple receivers through the

same frequency-time resource unit. The transmitted signals are multiplexed in the

power domain. Each receiver then retrieves its signal using successive interference

cancellation. In the second part of this dissertation, we analyze the implementation of

such a scheme in the downlink of cellular networks. In conventional cellular networks,

each basic radio resource unit is allocated to a unique user; such a communication

scheme is called Orthogonal Multiple Access (OMA). However, it has been proven

from an information theory perspective that larger rate region can be achieved by

serving multiple users through the same radio resource unit [7]. Nevertheless, such

claim results from the analysis of an interference-free environment, which is not the

case of cellular networks. In fact, the authors of [8] show that the performance gain

from NOMA is highly sensitive to interference.

Fog Radio Access Network (FogRAN) is a network architecture that intends to

push the storage and the control closer to the users in order to decrease the delay

caused by the link between the access points and the cloud (also known as the fron-

thaul link). Therefore, NOMA-based FogRAN is an attractive solution to achieve the

heterogeneous requirements for the next generations of cellular networks.

In Chap. 4, we develop methods to manage the interference through joint optimiza-

tion of the user scheduling and power adaptation in the downlink of a NOMA-based

FogRAN, for both single and multiple resource blocks available at every access point.

Our proposed interference management technique maximizes a network-wide utility

function. The optimized parameters are 1) user to access point and resource block as-
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sociation, 2) the power allocated to each resource blocks and 3) the division of power

between the multiplexed users. We solve the resulting mixed-integer optimization

problem by separately and alternately solving its binary and continuous part. More-

over, as per the FogRAN ambition to delegate control and storage to the edge nodes,

we develop a joint resource allocation algorithm that is partially executed at the edge

nodes. Our results show that, regardless of the interference in cellular networks, with

proper interference management, multiplexing multiple users in the power domain

yields better network performance than serving them on orthogonal frequencies, i.e.,

by dividing the available bandwidth for each basic communication channel resource

unit, also known as orthogonal multiple access (OMA). Furthermore, NOMA yields

better user fairness without harming the rates compared to the conventional OMA

for all levels of fronthaul rate constraint.
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Full Duplex Communications in Cellular Networks
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Chapter 2

Uplink Transmission in Full Duplex Cellular Networks

2.1 Introduction and Motivation

2.1.1 Full Duplex Communication

Full duplex (FD) communication is simultaneous transmission and reception on time-

frequency channel. It is a challenging operation due to the overwhelming interference

coming from the transmitter to the receiver of the same equipment, also known as self-

interference (SI) [9]. However, its implementation is now possible thanks to the recent

advances in transceiver design [6] that allow transceivers to keep adequate isolation

between the transmit and receive circuits. Tremendous efforts are invested in sup-

pressing the residual SI cancellation in order to keep it within the noise floor [6,10,11].

Reference [12] shows that joint analogue/digital SI cancellation allows up to 110 dB at-

tenuation and provides up to 1.9 higher rates than conventional half-duplex (HD) in a

point-to-point FD system. In conventional HD communication scheme, the reception

and the transmission occur in two different spectrum bands. Therefore, FD commu-

nication doubles the bandwidth available to each communication direction, compared

to HD communication, Fig. 2.1. Moreover, FD communication can enhance trans-

mission rates, increase network capacity, reduce feedback latency, mitigate relaying

delays, and improve network secrecy [13].

In the context of cellular networks, FD communication improves the spectrum

utilization by allowing uplink and downlink transmissions to simultaneously occupy

26
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Figure 2.1: Illustration figure showing HD vs. FD spectrum bands

the entire bandwidth, instead of dividing it (in time or in frequency) between the

uplink and downlink transmission. However, in addition to the existing interfer-

ence in HD transmission mode and the residual SI, each transmission is subject to

the cross-mode interference, i.e., the interference from uplink transmissions affecting

the downlink transmission between different cells and vice versa. The new imposed

cross-mode interference makes the implementation of FD communication in cellular

networks disputable, even under perfect SI cancellation.

In this chapter, we analyze the effect of such communication scheme on the uplink

transmission which, generally, has less power available for transmission compared to

the downlink transmission [14].

2.1.2 Related Research Works

Tremendous effort has been invested in a) analyzing the performance of FD com-

munication in cellular networks and b) designing adequate interference management

techniques to maximize its contribution to the foreseen next generation of cellular

networks performance. Interference management techniques in FD cellular systems

can be generally categorized into three domains, i) enhancing SI cancellation; ii)
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mitigating intracell interference; and iii) managing inter-cell interference. The first

category is important due to the high transmit power of base stations and the low

transmit power of the user equipment, which necessitates enhanced SI cancellation

techniques at the base stations [6, 10, 11]. The intracell interference problem is rele-

vant for systems where an FD base station serves multiple HD users, where the FD

base station simultaneously reuses the uplink channels of some users for downlink

transmissions of other users within the same cell. The intracell interference from

uplink users on downlink users can be mitigated via resource allocation, interference

alignment, and/or beamforming techniques [15–19]. The intercell interference prob-

lem, which is the main focus of this work, aims at mitigating the mutual intercell

cross-mode and intra-mode interferences generated between different base stations

and their associated users. In what follows, we overview related research for the

intercell interference problem for cellular other types of networks.

Enhancing SI cancellation techniques are essential especially at the base stations

where the received uplink signal must be protected from the strong transmitted down-

link signal [6,10,11]. The intra-cell interference problem is relevant for systems where

an FD base station serves multiple HD users through the same communication chan-

nel, some in uplink and others in the downlink. The intra-cell interference from uplink

users on downlink users can be mitigated via resource allocation, interference align-

ment, and/or beamforming techniques as shown in [15–19]. The inter-cell interference

problem, which is the main focus of our work, aims at mitigating the mutual intercell

cross-mode and intra-mode interferences generated between different base stations

and their associated users. In the following paragraphs, we overview related research

for the inter-cell interference problem for cellular and other types of networks.

The authors of [20] use bi-directional beamforming to manage the inter-pair inter-

ference for a pairwise two-way network (a network of many paired nodes communi-
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cating in FD scheme). They further show that, although the number of interferers is

doubled in bi-directional communication, the overall achievable rate in bi-directional

communication is higher than for uni-directional communication. Reference [21] de-

velops a power allocation scheme for FD dual-hop amplify-and-forward relay system

that maximizes the system achievable rate. Reference [21] additionally shows that

FD can outperform HD communication scheme. As for cellular networks, which is

the focus of our work, intercell interference management in FD communication is

implemented in [22] via power control to maximize a rate-based network utility. The

results show that for low SI level, FD has higher total network throughput compared

to HD. Both subcarrier allocation and power control are used in [23] for interference

management in a cellular network with FD base stations and HD users. The results

also show that FD communication can outperform HD communication in cellular

networks under achievable SI cancellation levels.

For FD cellular networks, the authors of [24] characterize maximum achievable

rate gain compared to cellular networks with HD base stations. The results in the

references above, i.e., [22–24], however, show the sum rate of FD cellular networks

and do not explicitly account for the uplink and downlink rates. Reference [25] shows

that considering the sum-rate may lead to poor design and misleading results. More

specifically, the overall performance gain from transmitting in FD communication

might be in the downlink transmission while causing significant degradation in the

uplink performance, especially when there is a high disparity in transmission power

between the uplink and the downlink.

References [26–29] highlight the explicit uplink and downlink performance in the

FD networks. For instance, reference [26] develops an interference management tech-

nique that imposes fairness among the uplink and downlink rates while the authors

of [27] enforce a specific uplink SINR level within the FD rate maximization prob-
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lem. However, the interference management techniques proposed in [26–29] requires

intensive signalling overhead to share the global channel state information.

2.1.3 Chapter Objectives and Organization

In addition to the self-interference problem, cross-mode interference (i.e., between up-

link and downlink) imposes a significant obstacle for the deployment of FD communi-

cation in cellular networks. More specifically, the downlink to uplink interference rep-

resents the performance bottleneck for FD operation due to the uplink limited trans-

mission power. The studies in [10,30,31] show that, despite the imposed cross-mode

interference, FD communication can effectively improve the spectral efficiency for the

downlink. However, its effect on uplink performance has been overlooked. Therefore,

the goal of this chapter is, first, to analyze the effect of in-band FD communication

on the uplink transmission. We argue that the performance gain provided by FD

communication in the downlink may come at the expense of significant degradation

in the uplink performance, due to the high disparity in power between the uplink and

downlink operation. In other words, the downlink base station with high transmission

power capability may create severe interference on the uplink transmission from the

users’ equipment, which has the limited transmit power. More specifically, depending

on the network parameters, this chapter intends to show whether FD communication

is beneficial for uplink transmission or not, and if yes, quantifies the gain in terms of

data rate. Moreover, in Sec. 2.3, we propose managing the interference affecting the

uplink transmission through optimization of the uplink transmission power in order

to maximize the average uplink ergodic rate where the users are subjected to average

transmission power.

Recent studies show that the base stations in cellular network exhibit random

patterns rather than idealized grids; therefore, the performance analysis presented in
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this chapter is based on stochastic geometry toolset.

The rest of this chapter is organized as follows. First, Sec. 2.2 sheds light on the

vulnerability of uplink to the FD operation and explore potential scenarios where

FD can improve the uplink. Sec. 2.2 assumes that the base stations location follows

a PPP model and considers the interference from the to be negligible compared to

the strong interference from the downlink transmission. Second, Sec. 2.3 focuses

on the analysis of uplink ergodic rate in FD cellular networks where a minimum

distance between base stations using the same time-frequency resource block is im-

posed. Hence, the mutually interfering base stations’ locations are modelled by Mat’

ern hardcore point process. The distribution of the aggregate interference and the

channel-to-interference-plus-noise ratio at the uplink of a typical user are character-

ized using a stochastic geometry analysis. We present several uplink power control

techniques, then we derive and compare the resulting ergodic. The chapter is con-

cluded in Sec. 2.4.

2.2 Maximum Achievable Uplink Capacity

2.2.1 Section Overview and Organization

In this first section, we assume a single-tier cellular network in which the base stations

locations form a Poisson point process (PPP) with intensity λ. Besides simplifying

the analysis, the PPP has shown to give an accurate estimation for the actual cellular

network performance [32,33]. For the sake of tractability, the analysis is based on the

hybrid approach proposed in [34] for cellular networks. More precisely, we assume a

circular base station coverage with area λ−1 for the test base station and a PPP for the

interfering base stations. This hybrid model has also been used in [35] and it a closely

matches to the PPP simulation. We analyze the downlink interference via stochastic



32

geometry and approximate it with a Gamma distribution through second-moment

matching. The accuracy Gamma approximation for the aggregate interference in the

hybrid model has been validated in reference [34]. We further validate the Gamma

approximation via simulation.

To quantify the expected performance gains, we derive an upper bound on the

uplink rate. The upper-bound is based on Shannon’s formula and rate-optimal water

filling power control while assuming that the uplink transmitter has complete in-

stantaneous information about both interference and channel state information (CSI)

towards the receiving base station.

In order to visualize the maximum achievable gain from FD communication in

cellular networks in the uplink transmission, we compare the upper-bound of the up-

link rate obtained from the proposed power control to the uplink rate in traditional

half-duplex (HD) communication presented in [36]. In contrast to the downlink ca-

pacity, which always improves with FD communication, our results show that the

uplink performance may improve or degrade depending on the associated network

parameters. The results confirm that FD can have a significant negative impact on

uplink transmissions, especially in a macro network environment where the base sta-

tions (BSs) transmit with high power. Moreover, the intensity of base stations (BSs)

has a more noticeable effect on the uplink performance than their transmission power.

Nevertheless, FD communication can improve the uplink capacity in small cell net-

works which are characterized by their lower transmission power, despite their higher

density, when compared to the macrocell network.

The rest of this section starts with a detailed description of the considered network

model in Sec. 2.2.2. Then, we present how the analysis is conducted in Sec. 2.2.3

before describing the scheme we use as a benchmark in Sec.2.2.4. Sec. 2.2.5 details

the approximation of the interference with a Gamma distribution. In Sec. 2.2.6, we
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formulate and solve the optimization problem to get a closed-form expression of the

maximum achievable uplink capacity. Numerical and simulation results are showed

in Sec. 2.2.7.

2.2.2 Network Model

We consider a single-tier cellular network in which the base stations’ locations follow

a Poisson Point Process (PPP) Ψ = {xi}, where xi ∈ R2 denotes the ith base station

location, with intensity λ. All base stations are equipped with single antennas and

transmit with a constant power PBS. The users’ locations follow a stationary point

process Φ, where each user has an average power constraint P̄ . The users are served

by the base station that provides the highest average signal strength. In this case, the

average distance between a user and his serving base station is given by R̄ = 1/(2
√
λ).

We focus the analysis on the uplink connection of a test cellular user located at the

average distance R̄ who is communicating with the test base station located at the

origin. According to Slivnyak’s theorem, there is no loss in generality to focus on

the performance of the base station located at the origin. Following [34, 35], we

approximate the test base station coverage area by a circle with a radius of r0 = 1√
πλ
,

to satisfy the average area of λ−1 per base station.

We assume general power-law path loss model in which the transmitted signal

power decays at the rate r−η with the distance r, where η > 2 is the path loss

exponent depending on the environment. In addition to the path loss attenuation,

the signal powers experience i.i.d. Gamma distributed channel gains, denoted by

α ∼ Gamma(m,Ω) where m and Ω are, respectively, the shape parameter and mean,

i.e, the probability density function pdf of α is given by

fα(α) =
1

Γ(m)

(m
Ω

)m
αm−1 exp

(
−mα

Ω

)
; α > 0. (2.1)
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Figure 2.2: The hybrid system model with circular test base station coverage and PPP
interfering base stations.

We allow the intended link to have a different fading coefficient α0 ∼ Gamma(mo,Ωo).

We ignore the effect of the SI and the uplink network interference on the FD uplink

capacity as we intend to focus on the downlink to uplink interference and obtain an

upper bound on the achievable uplink capacity. In this case, the upper-bound on the

uplink capacity, which is defined by Shannon’s capacity, is given by:

C∗FD = BE

log2

1 +
P ∗h∑

xi∈Ψ

PBSαi ‖xi‖−η +N0


 (2.2)

where B is the total bandwidth occupied by uplink transmission, P ∗ is the optimal

transmit power, h = αo
(2
√
λ)η
∼ Gamma(mo,Ωo/(2

√
λ)η) is the intended channel gain

including fading and path-loss attenuation, ‖.‖ denotes the Euclidean norm, and N0

is the noise power.

2.2.3 Methodology of Analysis

We aim to derive the optimal power control policy that maximizes the uplink capacity

given in (2.2). Following [37], the optimal power policy and the maximum capacity
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can be obtained by solving the following optimization problem

max
P (h,I)

C = BE
[
log2

(
1 +

P (h, I)h

I +N0

)]
s.t. E[P (h, I)] ≤ P .

(2.3)

where P (h, I), is the optimization variable denoting the test user’s instantaneous

transmit power, I =
∑
xi∈Ψ

PBSαi ‖xi‖−η is the aggregate downlink to uplink interfer-

ence, and the expectations in (2.3) is computed w.r.t. both h and I as:

C∗FD = B

∫
h

∫
I

log2

(
1 +

hP ∗(h, I)

I +N0

)
fh(h)fI(I)dhdI, and

E[P (h, I)] =

∫
h

∫
I

P ∗(h, I)fh(h)fI(I)dhdI (2.4)

where fI(.) and fh(.) are the pdfs of, respectively, I and h. Since there is no closed form

expression for the pdf of I [38], we can neither compute the averages in (2.52) nor solve

the optimization problem in (2.3). To overcome this problem, we approximate the

downlink interference via a gamma distributed random variable using moment match-

ing. We detail the approximation steps and verify its accuracy in Sec. 2.2.5. Then

we derive the optimal power policy that maximizes the uplink capacity in Sec. 2.3.4

and obtain a closed form expression for the achievable rate.

2.2.4 Benchmark Schemes

In order to conduct a reliable and fair comparison that visualizes the performance

gain/degradation imposed by FD communication on the uplink capacity, we have

to choose a stable HD benchmark. In this work, we use the HD uplink capacity

presented in [36] to benchmark the FD uplink capacity derived. The HD uplink
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capacity presented in [36] is given by:

C̄HD =
B

2
E
[
log2

(
1 +

ρh

Iu +N0

)]
(2.5)

where ρ is a fixed uplink received power at the base station obtained by means of

path loss inversion power control. Note that the expectation in (2.5) is w.r.t. the

channel gain h and the uplink to uplink interference Iu. We select the benchmark

in (2.5) for the following four reasons. First, solving an optimization problem in the

form of (2.3), with uplink interference, is not tractable due to the coupling between

the uplink interference and the optimal power control. Second, the HD performance

presented in [36] is based on stochastic geometry analysis with PPP base stations,

and hence, it is obtained with a similar system model as the one in this work. Third,

the received power at the base station in (2.5) is constant and independent of the

user location, and hence, can be compared with (2.3) which is obtained for a user

located at the average distance R̄. Fourth, it was shown in [36, equation (12)] that

the capacity in the form of (2.5) for uplink users is independent of the base stations

intensity λ and ρ, and hence it provides a unified benchmark for the FD operation at

different base stations’ intensities1.

As a consequence of the selected benchmark, if the HD capacity, obtained by (2.5),

exceeds the FD capacity, obtained by (2.3), we can conclude that FD communication

significantly degrades the uplink performance. This is because (2.3) is optimal and

ignores uplink interference while (2.5) in sub-optimal and accounts for the uplink

interference. For the same reason, if the FD capacity, obtained by (2.3), exceeds

the HD capacity, by (2.5), this does not necessarily indicate a performance improve-
1The reason that the uplink capacity is independent from ρ is because the increased received

signal power ρ is balanced with an equivalent increase in the uplink interference Iu. Similarly, the
increased number of interfering UE by increasing λ is balanced by an equivalent reduction in the
transmission power per UE due to the shorter distance to the serving base station.
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ment provided by FD communication. Therefore, define the FD capacity with fixed

transmission power as

C̄FD = BE

log2

1 +
Ph∑

xi∈Ψ

PBSαi ‖xi‖−η +N0


 (2.6)

The fixed transmit power P is the user average transmit power constraint. The

capacity defined in (2.6) can be used to get a better inference of the performance

improvement imposed by FD communication when compared to the HD capacity

defined in (2.5). It is worth highlighting that the main purpose of this work is to

shed light on the negative impact that may be imposed by FD communication on the

uplink performance.

2.2.5 Channel to Interference plus Noise Ratio

In this section we obtain approximate distribution of I by matching the gamma

distribution parameters to the actual moments of the interference I. Although we

cannot calculate the pdf of the aggregate downlink to uplink interference (I), we can

still obtain the moments via Laplace transform of the pdf (LT) of (I), which can be

obtained by stochastic geometry analysis for the depicted system model. The pdf

(LT) of (I) is given in the following lemma:

Lemma 1. In the depicted system model, the LT of the aggregate downlink to uplink

interference in given by

LI(s) = exp

(
−2πλ

∫ ∞
1√
πλ

x

(
1−

(
1 +

sΩPBSx
−η

m

)−m)
dx

)
. (2.7)

Proof. See Appendix A

From the LT, the nth moment of the aggregate downlink to uplink interference
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can be obtained as:

E[In] = (−1)n
∂nLI(s)
∂sn

∣∣∣
s=0

(2.8)

Hence, the first moment is obtained as:

E[I] = −2πλ

d

∫ ∞
1√
πλ

x

(
1−

(
1 +

sΩPBSx
−η

m

)−m)
ds

∣∣∣∣∣∣∣∣∣∣∣
s=0

(a)
= −2πλ

∫ ∞
1√
πλ

∂

(
x

(
1−
(

1+
sΩPBSx

−η
m

)−m))
∂s dx

∣∣∣∣∣∣∣
s=0

=
2(πλ)

η
2 ΩPBS

η − 2
, (2.9)

where (a) follows from Leibniz integral rule. Similarly, the second moment can be

computed as:

E[I2] =
2(πλ)ηΩ2P 2

BS

η − 2

[
2

η − 2
+

(m+ 1)(η − 2)

2m(η − 1)

]
. (2.10)

Using the moment matching, the distribution of the downlink to uplink interfer-

ence is given in the following proposition:

Proposition 1. In the depicted system model, the aggregate downlink to uplink in-

terference can be approximated by a Gamma random variable Gamma(mI ,ΩI), where

mI is the shape parameter and ΩI is the mean, in which

ΩI =
2Ω(πλ)

η
2PBS

(η − 2)
, and (2.11)

mI =
4(η − 1)mΩ

η(η + ηm− 4) + 4− 4(η − 1)mΩ
. (2.12)

Proof. The proposition is obtained by calculating the gamma distribution parameters
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via the moments of I are given in (22) and (23), in which ΩI = E[I] and mI =

E[I]2

E[I2]−E[I]2
.

The accuracy of the approximation in Proposition 1 is verified in Fig. 2.3 as

well as in Sec. 3.3.8. Looking into Proposition 1 we can see that the mean of the

aggregate downlink to uplink interference scales with both the base stations intensity

and transmit power but with different rates. Since η > 2 the effect of λ is more

prominent than the effect of the transmit power. For instance, for a typical value

of η = 4, a FD uplink transmission would have a better performance if the base

station transmits power is increased ten times, and the base stations intensity is

decreased four times. To this end, since the shape parameter of the distribution of

(I) is independent from λPBS and the mean is directly proportional to λ
η
2PBS, it can

be concluded that the aggregate interference is inversely proportional to the factor

λ
η
2PBS. However, we note that the useful signal power also scales with R̄−η ∝ λ

η
2 .
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Figure 2.3: Verification of the approximation of the interference power with Gamma distri-
bution, r0 =300meters, λ=5km−2, PBS =20 Watts
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2.2.6 Achievable Capacity with Interference Adapted Trans-

mission Power

With the gamma approximation for the interference’s pdf, we can derive the optimal

uplink power control policy, solve the optimization problem in (2.3) and obtain the

maximum uplink rate in closed form. It can be observed that the optimization prob-

lem in (2.3) is similar to the classic "water-filling" power allocation [9]. To find the

optimal power control policy, we construct the Lagragian of the optimization problem

(2.3) as follows

L (P (h, I), µ) =

∫
h

∫
I

(
µP (h, I)−B log2

(
1 +

hP (h, I)

I +N0

))
fh(h)fI(I)dhdI − µP ,

(2.13)

where µ is the Lagrange multiplier for the inequality constraint. Since, the optimal

transmit power satisfies the Karush-Kuhn-Tucker (KKT) optimal conditions, we have

∂L (P (h, I), µ)

∂P (h, I)
= 0. (2.14)

Thus, ∫
h

∫
I

(
µ− Bh

ln 2 (I +N0 + hP (h, I))

)
fh(h)fI(I)dhdI = 0, (2.15)

which implies that the optimal power control policy is given by:

P (h, I) =

(
B

µ0 ln 2
− I +N0

h

)+

(2.16)

The optimal power control policy given in (2.57) is a "water-filling" policy, i.e.

the transmit power and data rate of the user are increased when channel conditions

are favorable (less interference and better uplink channel), decreased when channel
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conditions are not favorable, and the user stops transmitting when

I +N0 ≥
Bh

µ0 ln 2
(2.17)

The optimal power control factor µ0 is obtained solving the constraint at boundary

∫
h

∫
I

(
B

µ0 ln 2
− I +N0

h

)+

fh(h)fI(I)dhdI = P (2.18)

Combining (2.52) and (2.57), the maximum achievable rate can be expressed as:

C∗FD =
B

ln 2

∫
h

∫
I

ln

(
hB

(I +N0)µ0 ln 2

)
fh(h)fI(I)dhdI, (2.19)

where hB
(I+N0)µ0 ln 2

≥ 1. To simplify the calculation of the maximum achievable rate, we

characterize the resultant distribution of the channel-to-interference-plus-noise-ratio

(CINR) in the following lemma:

Lemma 2. Let γ = h
I+No

be the resultant CINR for the depicted system model, then

x has the following distribution

fγ(x) =
km0

B (m0,mI)
(1 + kx)−m0−mI xm0−1, (2.20)

where B(a, b) =
∫ 1

0
ta−1(1− t)b−1dt is the beta function, and k = (2

√
λ)ηm0(ΩI+N0)

mIΩ0
.

This is obtained using the method of bivariate random variable transformation

considering the summation and the ration of two Gamma random variables with

different mean and scale parameter.

Exploiting Lemma 4, we can rewrite the maximum achievable rate in (2.62) as

C∗FD =
B

ln 2

∫ ∞
1
a0

ln (a0x) fx(x)dx, (2.21)
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where a0 = B
µ0 ln 2

. The maximum achievable rate is then characterized via the follow-

ing theorem:

Theorem 1. In the depicted system model, the maximum achievable uplink rate under

full-duplex communication is upper-bounded by:

C∗FD =
BamI0 3F2

(
mI ,mI ,m0 +mI ; 1 +mI , 1 +mI ;−a0

k

)
B (m0,mI)m2

Ik
mI ln 2

. (2.22)

where a0 is numerically calculated by solving the following equation

amI+1
0

B (m0,mI) kmI
×(

2F1

(
mI ,mI +m0, 1 +mI ,−a0

k

)
mI

− 2F1

(
mI + 1,mI +m0, 2 +mI ,−a0

k

)
mI

)
= P

(2.23)

Proof. See Appendix B

Theorem 1 gives an upper bound on the capacity of uplink communication under

FD operation, which is the main contribution of the chapter. This upper-bound

can be used to quantify the potential gains to be expected from FD communication,

under a certain network setup, in the uplink direction. It is essential to highlight

that the obtained upper bound is obtained by assuming that the user has complete

instantaneous information about the aggregate downlink to uplink interference, which

may not be practical. Nevertheless, this upper bound can benchmark the performance

of more practical yet suboptimal power control techniques, as shown in the next

section.
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2.2.7 Numerical Results

We evaluate the FD performance in two network setups, namely, the macro-cells and

the micro-cells network. The macro-cell environment represents the cellular network

in sub-urban areas in which the base stations have high transmit power and are sparse

in the spatial domain. In contrast to the macro-cells, the micro-cell environment

represents the cellular network in urban areas in which the base stations have lower

transmit powers and are denser in the spatial domain. In each case, we plot the upper-

bound obtained in Theorem 1 against the conventional HD performance obtained in

[36] to visualize the maximum performance gain that can be harvested from FD

communication. We also conduct Monte Carlo simulations to verify the upper-bound

obtained in Theorem 1. Unless otherwise stated, the network parameters are selected

as follows; the noise and uplink interference power is set to N0 = 10−9, the path

loss exponent η = 4. The total bandwidth is B = 180KHz, and the parameters of

the fading for the interfering channel is (mI ,ΩI) = (1, 1), and for the reference user

channel (mh,Ωh) = (2, (2
√
λ)η).

In the first simulation example, given in Fig. 2.4, we study the variation of the

uplink capacity with the transmit power of the base stations in a micro-cells environ-

ment. In this case study, the FD can provide a tangible performance improvement

compared to HD, the gain in uplink capacity is up to 400% higher than the HD uplink

for the optimized FD, and 350% for the FD with fixed transmit power. However, the

figure shows that as expected, the FD performance gain monotonically decays with

the transmission power of the base stations due to the increased uplink interference.

It is worth noting that the HD capacity is fixed with the base station transmission

power as the HD operation does not impose cross mode interference as indicated in

(2.5). The figure also shows that the gain w.r.t. the optimal FD compared to the
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fixed power FD enhances with the increase of the base stations transmit power, which

indicates the importance of estimating the downlink interference in order to achieve

higher performance.

The second simulation example, given in Fig. 2.5, shows the uplink capacity in

a macro-cells environment which is 10 times less dense but can have up to 40 times

higher transmission power compared to the micro base stations. In this case, the

figure shows that the FD communication is beneficial only when both base stations

transmit power and density are low; otherwise the uplink capacity is deeply affected.
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Figure 2.4: Variation of the uplink capacity according to the transmit power at the base
stations for the case of microcells, λ = 5 10−5m−2

2.3 Uplink Power Controls and Characterization of their Re-

sulting Ergodic Rate

2.3.1 Section Overview and Organization

In this section, a minimum distance between base stations using the same time-

frequency resource block is imposed for two reasons. First, it makes the model more
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Figure 2.5: Variation of the uplink capacity according to the transmit power at the base
stations for the case of macrocells, λ = 5 10−6m−2

realistic since it eliminates the possibility of having two base stations too close to each

other like as in the PPP model. Second, the minimum distance can also be interpreted

as intelligent interference management through a base station density-aware distance-

based scheme such that only the interference coming from dominant interfering base

stations is alleviated. More specifically, two base stations that are located within less

than a given distance coordinate among themselves for not transmitting within the

same time-frequency resource block. Due to the imposed minimum distance between

interfering base stations, their location can be modelled as a Matérn Hard Core point

process type II (MHC-II).

To the best of our knowledge, this work is the first to propose interference man-

agement through optimization of the uplink power for FD cellular networks. The

goal is, first, to maximize the average ergodic rate (overall possible realizations of the

channel gains and users locations), where the users are subjected to average trans-

mission power, for different sets of information (e.g., channel gains and interference
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power) available at the user. The second goal is to evaluate the spatially averaged

ergodic rate that results from the power control optimization using stochastic geom-

etry [39]. The research work presented in this section is summarized in the following

paragraphs.

• We characterize the ergodic capacity with water filling power control. The water

filling solution is well established as the optimal power control to maximize the

transmission rate in parallel Gaussian channels. To the best of the authors’

knowledge, however, it has never been studied in a large scale network setting

that is subject to aggregate interference, as it is the case in FD cellular networks.

Furthermore, to account for the different levels of feedback signalling burden,

we propose and analyze three variants of the water filling power control, which

is also novel in the context of large scale networks and stochastic geometry:

1. the UE is aware of the instantaneous realization of the channel and the

interference power.

2. the UE is aware of the instantaneous realization of the channel and the

mean of the interference power.

3. the UE is aware of the instantaneous realization of the channel.

• From an analytical perspective, the aggregate interference-plus-noise (AIN) and

uplink channel-to-interference-plus-noise ratio (CINR) ’s probability density

functions (pdf s) are essential, not only to solve the optimization problem but

also to characterize the resulting ergodic rate. However, there is no closed-

form expression for the AIN’s pdf [38], and consequently neither for the CINR’s

pdf. We, therefore, use stochastic geometry tools to derive the Laplace trans-

form of the AIN that affects the uplink transmission in order to obtain its
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moments. Then, the AIN’s distribution is approximated to well-known distri-

bution through moment matching. The distribution of the resulting CINR is

derived using the obtained AIN’s distribution approximation. The accuracy of

all approximations is particularly highlighted and validated via Monte Carlo

simulations.

• The expressions of the optimal power are given for each variant of the water fill-

ing power control policy. Then, the expressions of the resulting ergodic rates are

derived using the provided approximation of the distributions of the AIN and

CINR. The ergodic rate that results from applying the conventional path-loss

inversion power control in FD communication is also derived for benchmark-

ing purposes. Moreover, this section also compares FD communication to HD

communication in terms of achievable rate.

• Several design insights are deduced from the simulation results:

– The uplink performance is a strong function of the associated network

parameters and the adopted uplink power control technique.

– The ergodic uplink capacity is an increasing function of the base station

density and a decreasing function of the base station powers.

– Power control techniques that account for the mean AIN power improve the

ergodic rate as well as the overall power consumption of the user terminals.

– Accounting for the instantaneous level of interference is not only practi-

cally unfeasible, but also the performance gain from such practice is not

significant compared to just accounting for the mean AIN.

The remainder of this section is organized as follows. In Sec. 2.3.2, the network

model and assumptions are first presented. Then, we characterize the AIN distribu-
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tion and derive the distribution of CINR in Sec. 2.3.3. The optimization problem is

formulated in Sec. 2.3.4, the expression of the optimal power is given for the three

variants of the optimization problem and the benchmarking scheme, the resulting

ergodic rate expressions are derived. Simulation results are shown in Sec. 2.3.5.

2.3.2 Network Model and Assumptions

We focus on the uplink transmissions in a single-tier cellular network in which all base

stations operate in FD mode. The locations of the base stations are assumed to follow

a two-dimensional Poisson point process (PPP) with intensity λo. Focusing on one

time-frequency resource block, we consider the scenario where each base station serves

a single FD user equipment (UE) that is uniformly distributed inside the base station’s

Voronoi cell, therefore, every UE is served by its nearest base station. Without loss of

generality, we exploit Slivnyak’s theorem [40] to focus on the uplink between the base

station located at the origin and its served UE, which becomes the typical link after

spatial averaging. Hereafter, the base station located at the origin and its served

UE are denoted by the reference base station and reference UE, respectively. For

ease of presentation, the network parameters related to the reference base station

are denoted with o in the subscript, while the parameters related to all other base

stations and users are denoted with i. The distance between a base station and its

served UE (referred to as serving distance across this chapter) is denoted by r with the

corresponding subscript. The serving distance follows a Rayleigh shaped distribution

with empirical mean 1
2
√
bλo

, where the correction factor b = 13
10

is due to the fact that

the typical UE resides in the typical cell, not the Crofton cell [41]. Therefore, its pdf

can be accurately approximated as follows

fri(ri) ≈ 2bλoπrie
−bλoπr2

i , for 0 ≤ ri <∞. (2.24)
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Since FD communication is employed by all base stations and users in the network,

the uplink and downlink transmissions in each cell share the same time-frequency

resource block. Consequently, the uplink transmission in one cell is subjected to the

following interference sources; i) uplink transmissions in other cells that use the same

resource block, ii) downlink transmissions in other cells that use the same resource

block, and iii) the residual SI from the downlink transmission of the serving base

station.

In order to balance the tradeoff between interference management and spectral

utilization, each base station alleviates dominant interfering sources if they exist.

Particularly, base stations which are separated by a distance that is closer than a

fixed distance rc coordinate together so as not to simultaneously transmit on the

same frequency-time resource block. The coordination distance value is set to:

rc =

√
N
πλo

(2.25)

so that, on average, each base station coordinate its transmission with only N other

neighboring base stations. In other words, such coordination scheme leads to an

average frequency reuse factor of (N +1)2. The network model with such interference

coordination scheme is shown in Fig. 2.6, which illustrates a pairwise base station-

coordination (i.e., N = 1).

The aforementioned interference coordination can be used to balance the trade-

off between transmission rate, coordination signaling overhead for interference man-

agement, and overall spectral utilization. Furthermore, setting the value of rc as
2While rc is deterministic, the number of neighboring base stations falling within the disk of

radius rc, centered around any base station, is random. Since the base stations locations follow a
PPP of intensity λo per unit area, the average number of neighboring base stations (i.e., within rc)
is λo × πr2c . Selecting rc according to equation (2.25) leads to an average number of N neighboring
base station. A conflict-free resource allocation via base station coloring is proposed in [42] for
pairwise (i.e., N = 1) coordination.
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Figure 2.6: The network model with the circular interference delimitation and the resulting
MHCP interfering base stations, for N = 1.

a function of the intensity enforces a parameterless average (N + 1) base stations

coordination despite the underlying base stations density. By enforcing the above

base station-coordination rule, the locations of the base stations using the same time-

frequency resource block can be modeled as a Matérn hard-core point process type II

(MHC-II) [43]. The intensity of the MHC-II can be expressed as:

λ =
1− e−λoπr2

c

πr2
c

(2.25)
=

λo
(
1− e−N

)
N

. (2.26)

Note that the interference coordination does not affect the serving distance distribu-

tion since every user is still served by its nearest base station from the complete set

of base stations.

Let Ψ = {xi} denote the set of interfering base stations’ locations after coordi-

nation process (i.e., point process thinning), where xi ∈ R2 is the i-th base station

location. Let Φ = {yi} denote the set of users locations served by the base stations

in Ψ, i.e., yi ∈ R2 is the location of the UE served by the i-th base station.
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Figure 2.7: The network model and notations for two cells: the reference cell and an
interfering cell.

We assume a power-law path-loss model in which the transmitted signal power

decays at the rate r−η with the distance r, where η > 2 is the environment-dependent

path-loss exponent. In addition to the path-loss attenuation, transmitted signals

experience i.i.d. gamma-distributed channel power gains ∼ Gamma(m,Ω), where Ω

and m are, respectively, the mean and the shape parameter (the channel envelope is

Nakagami-m distributed). Such general gamma-distributed fading model can capture

a wide variety of multiple-input-multiple-output (MIMO) antenna configurations as

shown in [44–48]. The channel gain between the i-th base station and the reference

base station, between the i-th UE and its serving base station, and between the i-th

UE and the reference base station are, respectively, denoted by αi, βi and θi. All

channel gains are independent from the users and base stations’ locations. Let ai

be the angle between the useful link at the i-th cell, and the link between the i-th

base station and the reference base station, ai is uniformly distributed over [0, 2π],

as the UE can be anywhere around its serving base station with equal probability.

An illustrative example of the used notation for the reference and interfering base

stations is shown in Fig. 4.2.

All base stations are assumed to transmit at a constant power level of Pb. The
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reference UE optimally adjusts its transmission power, denoted as Pu,o, according

to the set of information it has about the network (cf. sec. 2.3.4), to maximize its

ergodic uplink rate. This optimization is subject to an average power constraint of

Eγ [Pu,o] = P̄ , where the expectation is over the CINR, denoted γ. Ideally, all other

users in the network also implement the same power control scheme without giving

any preference for the test user. Such an idealistic treatment of the problem, however,

complicates the analysis and tractability. More specifically, adapting the transmission

power of every UE in the network, according to instantaneous CINR, is difficult to

be implemented in large-scale networks. This is because each user should adapt their

power according to the instantaneous value of the interference power, which includes

the transmission power decisions of all other users. Such practice substantially couples

the power level decisions of all uplink users. Therefore, for mathematical tractability,

for all power control techniques that we analyze at the reference UE (the power

control techniques are presented in Sec. 2.3.4), we approximate all other users’ power

control technique to a fractional path-loss inversion given by Pu,i = ρrηεi [49]. The

power inversion parameter ε ∈ [0, 1] is a variable that determines the level of path-loss

compensation, where ε = 0 implies no path-loss inversion and ε = 1 implies full path-

loss inversion. The parameter ρ is selected such that an average power constraint

E {Pu,i} = P̄ is satisfied across the UE locations and ro realizations. Hence, using the

distribution of ro in (2.24), ρ is given by

ρ = P̄ (Eri [rηεi ])−1 =
P̄ (bπλo)

ηε
2

Γ
(
εη
2

+ 1
) . (2.27)

Remark 1. The approximation of fractional path-loss inversion power control for the

interfering users is important for mathematical tractability. Assuming optimal power

control which accounts for the interference levels at all users leads to a causality
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problem. This is because the transmission power level selected by each UE depends on

the transmission powers adopted by all other users. Sec. 2.3.5 (fig. 2.9) verifies such

assumption via extensive simulations.

The uplink ergodic rate of the reference UE, which is defined by Shannon’s capac-

ity, when operating in the FD mode is given by:

CFD = 2WEβo,ro,I
[
ln

(
1 +

Pu,oβor
−η
o

I

)]
, (2.28)

where I is the AIN. In symmetric HD communication, each uplink/downlink direction

between a UE and a base station occupies a bandwidth of W . In FD communication,

the uplink and downlink communications simultaneously occupy the whole available

bandwidth, i.e, 2W . The expectation is with respect to the random variables βo,

ro and I. Since the reference UE operates in FD mode, the AIN in (2.28) can be

expressed as:

I = µPb + Id + Iu + 2Wno, (2.29)

where µ is the SI cancellation factor, i.e, the fraction of signal power leaking from the

reference base station downlink transmitter to the uplink receiver, Id is the aggregate

interference from other base stations (i.e., intercell downlink interference), Iu is the

aggregate interference from other users (i.e., intercell uplink interference), and no is

the thermal noise level at the base station receiver, i.e., the thermal noise power per

unit of bandwidth (expressed in dBm per Hertz in Sec 2.3.5). The aggregate downlink

and uplink interferences are given, respectively, by:

Id =
∑
xi∈Ψ

Pbαi ‖xi‖−η and Iu =
∑
yi∈Φ

ρrηεi θi ‖yi‖
−η . (2.30)

In the HD scenario, the uplink ergodic rate of the reference UE is given by
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CHD = WEβo,ro,Iu
[
ln

(
1 +

Pu,oβor
−η
o

Iu +Wno

)]
, (2.31)

where only half of the bandwidth (W instead of 2W ) is dedicated for uplink trans-

mission and there is neither SI nor downlink interference. Notations that are not

introduced in this subsection are summarized in Table 2.1 for the reader’s conve-

nience.

Iu, Id UL, downlink interference M(x)
n , Lx(.) n-th moment of x, Laplace trans-

form of x

I, Ĩ I = µPb + Id + Iu +No, Ĩ = Id + Iu Mx(.) Moment Generating Function
(MGF) of x

c, n, γ c = βor
−η
o , n = µPb +No, γ = c

I Ex[f(x)] Expectation of f(x) with respect to
x

γ
(x)
o Cut-off threshold related to the

water-filling power control with the
knowledge of x

(A,B) Shape and scale parameters of the
inverse Gamma distribution that
approximates the AIN distribution

Table 2.1: Notations

The joint PDF fro,βo,I(ro, βo, I), as well as the PDF of the CINR fγ(γ), where

γ = βor
−η
o

I
, are essential for finding the expression of the instantaneous optimal uplink

power and for deriving the resulting ergodic rate (2.28). The distribution of the AIN

I is, however, mathematically intractable [38]. Therefore, the following subsections

focus on characterizing these distributions through several approximations.

2.3.3 Preliminary Derivations

Joint distribution of (ro, βo, I)

According to the system model, the distribution of βo is independent from both

ro and I. The random variables ro and I, however, are dependent. The serving

distance ro affects the region where interfering base stations are prohibited to exist,
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b(rc, (0, 0)), free from interfering base station due to the interference management technique

b(ro, yo), free from interfering base station by cellular association

Overall interfering base station free region

Figure 2.8: Figure showing the interfering base station free region

which affects the aggregate interference. Let b(r, x) be the disc of radius r centered

at x. On the one hand, the interference coordination implies that b(rc, (0, 0)) is

free from interfering base stations (i.e., base stations using the same frequency-time

resource block). On the other hand, the closest base station association guarantees

that b(ro, yo) (i.e., the disc around the reference UE with radius ro) is free from other

base stations. The area b(ro, yo) ∪ b(rc, (0, 0)), therefore, contains no interfering base

stations as shown in fig. 2.8. Note that the Voronoi tessellation for user association is

formed with respect to the complete set of base stations (i.e., PPP with density λo).

Thus, the interference coordination does not change the distribution of the serving

distance ro. The region b(rc, (0, 0)) has the dominant effect on the interference as it

is symmetric around the reference base station and already overlaps with b(ro, yo),

cf. fig 2.8. Moreover, the region b(rc, (0, 0)) increases as the number of coordinating

base stations N increases, cf. eq. (2.25). Therefore, b(rc, (0, 0)) tends to enclose

b(ro, yo) (i.e., b(ro, yo)∪ b(rc, (0, 0))→ b(rc, (0, 0)) as N increases). For mathematical

tractability, we resort to the following approximation.

Approximation 1. The effect of the residual interference exclusion region b(ro, yo)\

{b(ro, yo) ∩ b(rc, (0, 0))} on the AIN is considered negligible in the analysis. In other
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words, the region free from interfering base station is approximated as follows

b(ro, yo) ∪ b(rc, (0, 0)) ≈ b(rc, (0, 0)). (2.32)

The accuracy of the above approximation (Approximation 1) is validated via simu-

lations in Sec. 2.3.5 for N = 1, which is the worst case scenario for the approximation

as discussed before. Approximation 1 implies that the interference I is independent

from ro, which enables expressing the joint PDF fro,βo,I(ro, βo, I) as

fro,βo,I(ro, βo, I) ≈ fro(ro)fβo(βo)fI(I). (2.33)

It remains now to determine the distribution of the AIN, which is discussed in the

next section. The CINR is then characterized in Section 2.3.3.

AIN Characterization

In stochastic geometry analysis, the aggregate interference is typically characterized

via its Laplace Transform (LT).3 This is done by first expressing the LT of the in-

terference as an expectation over a product of exponential functions, and then by

using the probability generating functional (PGFL) of the utilized point process [50].

However, there are no known expressions for the PGFL of the MHC-II. Hence, for

mathematical tractability reasons, we resort to the following approximation.

Approximation 2. The aggregate interference from the MHC-II of the base stations

is approximated via the aggregate interference from an equi-dense PPP existing outside

the hardcore region (region free from interfering base stations) of the reference base

station.
3With a slight abuse of notation, the LT of the interference is used to denote the LT of the PDF

of the interference.



57

Based on Approximations 1 & 2, the LT of the interference can be evaluated

according to the following lemma.

Lemma 3. Let Ĩ = Id + Iu be the aggregate downlink plus uplink interference. Then

the Laplace transform (LT) of Ĩ in the depicted system model is given by:

LĨ(s)≈EId,Iu
[
e−(Id+Iu)s

]
= exp

(
− 2πλ

∫ ∞
rc

x

(
1− Er,α,θ,a

[
exp

(
− s

(
Pbαx

−η

+ Pur
ηεβ

(
√
x2 + r2 − 2xr cos a

)−η))])
dx

)
. (2.34)

Proof. See Appendix C.

The expression in (2.34) involves nested multi-fold integrals due to the expectation

over (r, α, θ, a), which imposes high computational complexity. To overcome such an

unnecessary computational burden, we resort to the following approximation.

Approximation 3. The users point process is approximated via a non-homogeneous

PPP that is independent from base stations point process. The intensity function of

the users point process seen from the reference base station perspective is given by

λΦ(y) = λ
(
1− exp

(
−πbλy2

))
. (2.35)

Remark 2. Approximations 2 & 3 are widely accepted and systematically used in

the literature to maintain tractability. For instance, the author in [51] shows that the

error in the mean interference power due to Approximation 2 is strictly less than 1 dB.

Furthermore, the accuracy of Approximation 2 is verified in [52–56]. Approximation

3 is utilized and verified in [40, 57–60] for uplink systems. To further validate the

accuracy of the adopted approximations (i.e., Approximations 1, 2, & 3), Section 2.3.5
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uses Monte Carlo simulations and verifies the accuracy of the utilized approximations

in the framework of our FD system.

By exploiting Approximations 1-3, the uplink and downlink interference can be

decoupled as shown in the following proposition.

Proposition 2. In the depicted system model, the LT of the aggregate (i.e., downlink

plus UL) interference at the reference base station is given by

LĨ(s)= LId(s)LIu(s) (2.36)

where Id is the DL-to-UL interference and Iu is the UL-to-UL interference. The LT

of Id can be expressed as

LId(s) = exp

(
−2πλ

∫ ∞
rc

x

[
1−

(
1 +

sΩPbx
−η

m

)−m]
dx

)
. (2.37)

and the LT of Iu can be expressed as

LIu(s) = exp

(
− 2πλ

∫ ∞
0
y
(

1− e−πλy2
)
×[

1− 2πλ

∫ y

0
r

(
1 +

Ω

m
sρrηεy−η

)−m
fri/y(r)dr

]
dy

)
(2.38)

Proof. See Appendix D.

The PDF of the aggregate interference can be obtained via taking the inverse

of the LT in (2.36). However, due to the complex nature of (2.36), only numerical

inversion is viable, which would hinder any subsequent analysis. Therefore, we use

the moment matching approach, via the first two moments, to find an approximate

PDF of the aggregate interference. The moments of the AIN are given in the following

corollary.
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Corollary 1. In the depicted system model, the moments of the AIN (i.e., Ĩ +µPb +

No) can be computed as

M(I)
k = EI [Ik] = (−1)k

∂kLI(s)
∂sk

∣∣∣
s=0

. (2.39)

where LI(s) = LĨ(s)e−s(µPb+No). This leads to the following first and second moments

M(I)
1 =M(Id)

1 +M(Iu)
1 + µPb +No, (2.40)

and

M(I)
2 = M(Id)

2 +M(Iu)
2 + 2M(Id)

1 M
(Iu)
1 + 2No

(
M(Id)

1 +M(Iu)
1

)
+

2µPb

(
M(Id)

1 +M(Iu)
1

)
+ 2NoµPb + (µPb)2 +N2

o . (2.41)

For N = 1,

M(Id)
1 =

2
(
1− e−1

)
ΩPb (πλo)

η
2

η − 2
, (2.42a)

M(Iu)
1 =

2(e− 1)ρΩ(πbλo)
− η

2
(ε−1)

eb(η − 2)
Γ
(η

2
(ε− 1) + 2

)
, (2.42b)

M(Id)
2 =

P 2
b Ω2 (πλo)

η (e− 1)
(
4(1− η) (e+m) + eη2(m+ 1)

)
me2(η − 2)2(η − 1)

, (2.42c)

M(Iu)
2 =

(ρΩ)2 (e− 1)(m+ 1)(πbλo)
η(1−ε)

eb(η − 1)m
Γ((ε− 1)η + 2)

+

(
2(e− 1)ρΩ(πbλo)

− η
2

(ε−1)

eb(η − 2)
Γ
(η

2
(ε− 1) + 2

))2

. (2.42d)

Proof. See Appendix E.

Using the moments given in Corollary 1, the AIN PDF is approximated as illus-

trated below.

Approximation 4. The AIN distribution function can be approximated with the
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inverse gamma PDF as follows:

fI(x) ≈ BAx−A−1e−
B
x

Γ(A)
; x ≥ 0 (2.43)

where A and B are, respectively, the shape and the scale parameters given by

A =

(
M(I)

1

)2

− 2M(I)
2(

M(I)
1

)2

−M(I)
2

and B = − M(I)
1 M

(I)
2(

M(I)
1

)2

−M(I)
2

. (2.44)

All moments involved in (2.44) are given in Corollary 1.

The inverse gamma distribution is particularly selected, as it is shown to be an

accurate approximation for the aggregate interference distribution in wireless systems

[61, 62]. The accuracy of the inverse gamma distribution is verified for the AIN

distribution in the simulations section of this work.

CINR Distribution

Let c = βor
−η
o . Using the approximate inverse gamma distribution for the AIN, the

conditional CINR is given in the following lemma.

Lemma 4. For a reference UE located at a distance ro from its serving base station,

the CINR PDF can be expressed as

fγ|ro(γ|ro)=
2Kmo−m1/I

(
2
√

mom1/I

ΩoM(1/I)
1

γ

)(
mom1/I

ΩoM(1/I)
1

γ

)mo+m1/I
2

γΓ(mo)Γ(m1/I)
, (2.45)

where 0 ≤ γ ≤ ∞ and Kv(x) is the modified Bessel function of the second kind.

Proof. Conditioning on ro, the CINR γ is the ratio between a gamma distribution

(for the channel gain) and an inverse gamma distribution (for the AIN). Hence, γ
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can be represented as the product of the two gamma distributed random variables

c/ro ∼ Gamma(mo,Ωo) and (1/I) ∼ Gamma(mI ,M(I)
1 ), where

mo = m, Ωo = Ωr−ηo , (2.46a)

m1/I = A, M(1/I)
1 =

A

B
. (2.46b)

Therefore, the pdf of γ in (2.45) is obtained by applying bi-variate random variable

transformation and rearranging the terms.

The CINR distribution for the typical UE can be expressed as

fγ(γ) =

∫ ∞
0

fγ/ro(γ)fro(ro)dro,

=

4bλoπ

(
mom1/I

ΩM(1/I)
1

γ

)mo+m1/I
2

γΓ(mo)Γ(m1/I)

∫ ∞
0

e−bλoπr
2
o×

Kmo−m1/I

(
2

√
mom1/I

ΩM(1/I)
1 r−ηo

γ

)
r
η+

mo+m1/I
2

+1
o dro. (2.47)

The expressions in (2.45) and (2.47) have the modified Bessel function of the

second kind, which is generally hard to compute. Exploiting moment matching ap-

proach, simpler expressions for the conditional and unconditional PDFs of the CINR

are given in the following proposition

Proposition 3. The conditional first moment of the CINR γ can be computed in

closed form as:

Eγ|ro [γ|ro] =

∫ ∞
0

γfγ|ro(γ|ro)dγ
(a)
= ΩoM(1/I)

1 . (2.48)

After using the moment matching approach, the exponential PDF of the conditional
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CINR and the PDF of the CINR of the typical UE shown in (2.45) and (2.47),

respectively, can be reduced to:

fγ|ro(γ|ro) ≈
1

ΩoM(1/I)
1

exp

(
− γ

ΩoM(1/I)
1

)
. (2.49)

and

fγ(γ) ≈ 2bλoπ

ΩM(1/I)
1

∫ ∞
0

rη+1
o exp

(
− γrηo

ΩM(1/I)
1

− bλoπr2
o

)
dro. (2.50)

Both expressions in (2.49) and (2.50) are in terms of the exponential function,

which highly reduces the computational complexity when compared to the modified

Bessel function used in (2.45) and (2.47). The accuracy of the approximation used in

Proposition 3 is validated in Sec. 2.3.5. The PDF given in (2.49) and (2.50) are used

to compute the average ergodic rate in the following section.

2.3.4 Uplink Power Control & Ergodic Rate

Optimization Problems

This work has two-fold objectives. First, it aims at optimizing the transmission power

for the users, by maximizing the ergodic uplink rate in FD cellular systems. Second,

we quantify such uplink ergodic rate to assess the effect of FD on the uplink rate in

different operational scenarios (e.g., macro, micro, and pico base stations).

Inspired by [37], the optimal power control technique at the reference user can be

obtained by solving the following optimization problem

max
Pu,o(x)≥0

CFD = 2WEro,βo,I [ln (1 + Pu,o (x) γ)] (2.51a)

s.t. Ex[Pu,o(x)] ≤ P . (2.51b)
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where γ is the instantaneous value of the CINR, γ = βor
−η
o

I
. The problem described

in (2.51) maximizes the uplink ergodic rate at the reference user, where the optimiza-

tion variable is the reference UE transmission power Pu,o.

The optimization variable Pu,o is a function of x where x represents the information

available at the reference UE. We, then, define three variants of the optimization

problem described in (2.51) according to x:

1. Water-filling with the instantaneous channel realization and the in-

stantaneous interference, noted CINR water-filling: x = {ro, βo, I}, i.e.,

the UE is aware of the instantaneous realizations of ro, βo, and I, and hence, γ.

2. Water-filling with the instantaneous channel realization and the mean

interference, noted CĪNR: x = {ro, βo, Ī}, i.e., the UE is aware of the in-

stantaneous realizations of ro and βo but the mean value of AIN Ī = E[I].

3. Water-filling with the instantaneous channel realization, noted CNR

water-filling: x = {ro, βo}, i.e., the UE is aware of the instantaneous realiza-

tions of ro and βo.

We also consider a forth power control policy where the UE is aware of the serving

distance only and apply the conventional power inversion:

4. Power inversion, noted C̄NR: x = {ro}, note that this power control tech-

nique is not similar to the first three, as it does not solve a variant of prob-

lem (2.51). It, however, gives a good insight as it serves as a scheme to bench-

mark the performance of the three power control previously presented.

Note that the bar notation in CĪNR (power control technique #2) and C̄NR (power

control technique #4) is used to denote, respectively, average interference and average

channel gain.
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In the objective function (2.51a), ln (1 + Pu,o(x)γ) is a concave function of the

optimization variable Pu,o(x). Moreover, the integral operator (resulting from the

expectation operator) preserves convexity [63]. Thus, the objective function (2.51a)

is concave. Similarly, the function associated with constraint (2.51b) is a convex

function of Pu,o(x), since it is the integral (expectation) of a linear function of Pu,o(x).

Therefore, for any adopted, yet fixed, distribution of ro, β0, and I, the optimization

problem described in (2.51) is convex. Consequently, the first order Karush-Kuhn-

Tucker conditions are necessary and sufficient for optimality [64].

Remark 3. While obtaining information about βo and ro is viable, estimating the

instantaneous value of the AIN (i.e., I) at the reference UE requires overwhelming

signalling overhead. Particularly, the reference UE should be informed about the exact

distances, as well as about the instantaneous channel gain realizations to all interfer-

ing users and base stations. Hence, solving the first variant of 2.51 (called CINR

water-filling in this work), i.e., with knowledge of x = {ro, βo, I}, is practically un-

feasible. The CINR water-filling solution, however, has the theoretical significance of

quantifying the maximum uplink rate gain that can be harvested from implementing

FD communications. Such achievable upper bound provides insightful information to

assess the effect of FD on uplink rate, as well as to benchmark all other power control

schemes which lack information about the instantaneous AIN.

Let P (∗)
u,o and C

(∗)
FD be the expressions of the solution of problem (2.51) and the

resulting uplink ergodic rate, respectively. It is worth mentioning that the three

variants of problem (9) result in three different expressions of the optimal power

P
(∗)
u,o . The symbol ∗ in the superscript indicates which of the three variants of the

optimization problems is solved (∗ = {CINR, CĪNR, CNR}). The same notation is

used for the power inversion and its resulting uplink ergodic rate, i.e., in this case,
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we have: ∗ = C̄NR. In the rest of this section, power control policy refers to the

expression of P (∗)
u,o . The uplink ergodic rate that results from (2.51) can be expressed

as follows

C
(∗)
FD =2W

∫∫∫
ro,βo,I

ln
(
1 + P (∗)

u,o (x)γ
)
fro,βo,I(ro, βo, I)drodβodI (2.52)

and
Ex[P (∗)

u,o (x)] =

∫
x

P (∗)
u,o (x)fx(x)dxP̄ , (2.53)

where fro,βo,I(ro, βo, I) is the joint pdf of ro, βo and I.4

This section derives the expression of the optimized UE transmission power for

the four variants of the optimization problem 2.51 that are presented in Sec . 2.3.4,

then, characterizes the resulting ergodic rate.

CINR Water-filling Power Control

In the CINR-based power control, the UE adapts its power according to the instan-

taneous realization of γ. To solve (2.51), we first write the corresponding Lagrangian

function:

L (Pu,o, ν) = −W
∫
γ

ln (1 + Pu,oγ) fγ(γ)dγ + ν

(∫
γ

Pu,ofγ(γ)dγ − P
)
,

=

∫
γ

(νPu,o −W ln (1 + Pu,oγ)) fγ(γ)dγ − νP , (2.54)

where ν is the Lagrange multiplier for the inequality constraint of the average up-

link transmission power. The optimal transmission is obtained by setting the deriva-

tive of the above Lagrangian to zero:
4The averaging step in (2.52) and (2.53) is over the joint PDF of fro,βo,I(ro, βo, I) rather than

the PDF fγ(γ) as the optimal power control can be a function of ro and βo, or only ro as shown
later.
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∂L (Pu,o, ν)

∂Pu,o
= 0, (2.55)

therefore, ∫
γ

(
ν − 2Wγ

1 + Pu,oγ

)
fγ(γ)dγ = 0, (2.56)

Solving (2.56) with Pu,o (x) ≥ 0 gives:

P (CINR)

u,o =

(
1

γ(CINR)
o

− 1

γ

)+

, (2.57)

where γ(CINR)
o = νo

2W
, νo is the optimal Lagrange multiplier and (.)+ = max{., 0} .

The optimal power control policy given in (2.57) is the well-known “water-filling"

policy with cut-off threshold γ(CINR)
o . That is, the UE increases its transmission power

to harvest higher rate, as the CINR becomes more favorable (i.e., less interference

and better uplink channel). The UE stops transmitting when the CINR is below the

cut-off threshold γ ≤ γ(CINR)
o .

The CINR cut-off threshold γ(CINR)
o is obtained by solving the constraint on the

average transmission power at boundary, i.e., its value is obtained by numerically

solving the following equation:

∫ ∞
γ

(CINR)
o

(
1

γ(CINR)
o

− 1

γ

)
fγ(γ)dγ = P (2.58)

Using the expression of the optimal power control policy given in (2.57), the uplink

ergodic rate for the CINR-aware scenario is characterized using the following theorem.

Theorem 2. The uplink ergodic rate in the depicted FD network for the CINR water-

filling solution is given by

C(CINR)

FD =
2W

ΩM(1/I)
1

∫ ∞

0

rη Γu

(
0,

γ(CINR)
o

Ωr−ηM(1/I)
1

)
fro(r)dr, (2.59)
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where γo is numerically obtained by solving the following equality∫
∞

0

exp

(
− γ

(CINR)
o

Ωr−ηM(1/I)
1

)
γ(CINR)
o

−
Γu

(
0, γ

(CINR)
o

Ωr−ηM(1/I)
1

)
Ωr−ηM(1/I)

1

fro(r)dr= P̄ , (2.60)

where fro(r) is given in (2.24) and Γu(a, x) =
∫∞
x
ta−1e−tdt is the upper incomplete

Gamma function.

Proof. Substituting the optimal power solution of (2.57) in (2.52), the ergodic uplink

rate can be expressed as

C(CINR)

FD = 2W

∫ ∞
γ

(CINR)
o

ln

(
γ

γ(CINR)
o

)
fγ(γ)dγ. (2.61)

Conditioning on the serving distance ro and exploiting Proposition 3, one can express

the uplink ergodic rate as follows:

C(CINR)

FD (ro)=
2W

ΩoM(1/I)
1

∫ ∞
γ

(CINR)
o

ln

(
γ

γ(CINR)
o

)
exp

(
− γ

ΩoM(1/I)
1

)
dγ

(a)
= 2W Γu

(
0,

γ(CINR)
o

ΩoM(1/I)
1

)
. (2.62)

where (a) is obtained via integration by parts and M(1/I)
1 is defined in (2.46b).

The cut-off threshold γ(CINR)
o is obtained by numerically solving the following equation:

exp

(
− γ

(CINR)
o

ΩoM(1/I)
1

)
γ(CINR)
o

−
Γu

(
0, γ

(CINR)
o

ΩoM(1/I)
1

)
ΩoM(1/I)

1

= P̄ . (2.63)

After averaging (2.62) and (2.63) over the PDF of ro given in (2.24), one can readily

derive the expression of the theorem.
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CĪNR Water-filling Power Control

In the CĪNR scenario, the reference UE is aware of the instantaneous realization of

c but only the mean AIN. Following the same approach as in Section 2.3.4, solving

the optimization problem in (2.51) for the CĪNR scenario leads to the water-filling

solution
P (CĪNR)

u,o =

(
1

γ(CĪNR)
o

− M
(I)
1

c

)+

, (2.64)

where γ(CĪNR)
o is the cut-off threshold that is numerically computed from the following

equation: ∫ ∞
M(I)

1 γ
(CĪNR)
o

(
1

γ(CĪNR)
o

− M
(I)
1

c

)
fc(c)dc = P , (2.65)

It is clear from (2.64) that the uplink transmission power is adapted according to the

instantaneous channel gain variation. Hence, the power budget constraint is enforced

by accounting for the channel gain statistic fc(c). Nevertheless, the numerical values

of the transmission power as well as the cutoff threshold are functions of the mean

AIN.

The ergodic uplink rate for the CĪNR-aware scenario is characterized using the

expression of the optimal power control policy given in (2.64) in the following corollary

Corollary 2. The uplink ergodic rate in the depicted FD network for the CĪNR

water-filling solution is given by

C(CĪNR)

FD =2W

∫ ∞
0

∫ ∞
M(I)

1 γ
(CĪNR)
o

ln

(
1 +

c

Iγ(CĪNR)
o

− M
(I)
1

I

)

× fc(c)fI(I)dcdI (2.66)
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where fI(I) is given in Approximation 4 and

fc(c) = −2πbλoc
− 2
η
−1

ηΓ(m)

(m
Ω

)m
×

∫ ∞

0

xm−
2
η
−1 exp

(
−bπλo

(x
v

) 2
η − mx

Ω

)
dx. (2.67)

Proof. The proof is omitted as it mirrors the steps of Theorem 2’s proof.

Remark 4. Note that conditioned on ro, c follows a Gamma distribution with mean

Ωo = Ωr−ηo and shape parameter mo (2.46a). Therefore, the ergodic rate at a given

serving distance can be computed the same way as described in Corollary 2, with the

appropriate c’s pdf (Gamma).

CNR Water-filling Power Control

In the CNR scenario, the reference UE is aware of the instantaneous realization of

c but is oblivious to the AIN. Given that c and n = µPb + No are the only known

parameters, the solution of the optimization problem in (2.51) is given by

P (CNR)

u,o =

(
1

γ(CNR)
o

− n

c

)+

, (2.68)

where γ(CNR)
o is the cutoff threshold that is numerically calculated as

∫ ∞
nγ

(CNR)
o

(
1

γ(CNR)
o

− n

c

)
fc(c)dc = P . (2.69)

Similar to (2.64) and (2.65) in the CĪNR scenario, the power control policy de-

scribed in (2.68) adapts the uplink power with the instantaneous channel gain vari-

ation and the power budget constraint is enforced by fc(c). However, the numerical

value of the transmission power and the cutoff threshold are functions of n = µPb+No
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rather than the mean AINM(I)
1 =M(Id)

1 +M(Iu)
1 + µPb +No.

Using the expression of the optimal power control policy given in (2.68), the er-

godic uplink rate for the CNR-aware scenario is characterized in the following corol-

lary.

Corollary 3. The uplink ergodic rate in the considered FD network for the CNR

water-filling solution is given by:

C(CNR)

FD =2W

∫ ∞
0

∫ ∞
nγ

(CNR)
o

ln

(
1 +

c

Iγ(CNR)
o

− n

I

)
fc(c)fI(I)dcdI,

=2W

∫ ∞
0

∫ ∞
nγ

(CNR)
o

ln

(
1 + I−1

(
c

γ(CNR)
o

− n
))

fc(c)fI(I)dcdI, (2.70)

where fc(c) is given in (2.67) and fI(I) is given in Approximation 4.

Proof. The proof is omitted as it mirrors the steps of Theorem2’s proof.

Please note that Remark 4 also applies to Corollary 3.

C̄NR Power Control

In the C̄NR the UE is only aware of the serving distance r0 and the mean channel

gain Ω. Hence, for a fixed UE location, the UE does not have any information to

adapt its transmission power. The transmission power for a given UE location is

Pu,o(ro) = ρrηεo , (2.71)

where ρ is the parameter selected as in (2.27) to enforce the average power con-

straint across all possible UE locations and ro realizations.

Using the expression of the power control policy given in (2.71), the uplink ergodic

rate for the C̄NR-aware scenario is characterized in the following corollary.
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Corollary 4. The uplink ergodic rate in the considered FD network for the C̄NR

aware solution is given by:

CFD = 2W

∞∫
0

exp

(
rη(1−ε)

ρΩM(1/I)
1

)
Γu

(
0,

rη(1−ε)

ρΩM(1/I)
1

)
fro(r)dr (2.72)

where fro(r) is given in (2.24).

Proof. The proof is omitted as it mirrors the steps of Theorem ??’s proof.

2.3.5 Numerical Results

In this section, we evaluate the FD performance in three different network setups,

namely, pico-cell, micro-cell and the macro-cell networks, and for the different uplink

power control techniques. The parameters corresponding to macro and micro-cell

environments are taken from the 3GPP standard in [65]. In addition, we evaluate

the network performance for the pico-cell environment, characterized by smaller cells

whose base stations transmit with lower power, and are given larger bandwidth. The

parameters numerical values are shown in Table II for all considered environments.

The macro-cells setup represents cellular networks in sub-urban areas in which the

base stations have high transmission power and are sparse in the spatial domain.

In contrast to the macro-cells, the micro-cells and the pico-cells represent cellular

networks in urban areas in which the base stations have lower transmission powers

and are denser in the spatial domain. The value of the path-loss exponent η for

shadowed urban area is between 3-5 [66], therefore, we assume η = 4. For illustration

purposes, we consider full power inversion, i.e., ε = 1. Unless specified otherwise,

each base station coordinates on average with one other base station, i.e., N = 1, and

µ = -100dB for near-perfect SI cancellation. Note that the effect of realistic imperfect

SI cancellation will be also discussed. Hence, the circle of radius rc =
√

1/πλ around
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Environment λo(m
−2) 2B(MHz) Pb(dBm) A

Pico-cell 5× 10−5 40 24 6.25× 106m2

Micro-cell 10−5 20 40 2.5× 107m2

Macro-cell 5× 10−6 20 46 4.9× 107m2

Table 2.2: Network parameters for different environments.

each base station is free from other interfering base stations. The fading parameters

for the interfering channels are (m,Ω) = (1, 1) and for the reference UE channel

(mo,Ωo) =
(

2,
(

2
√
λ
)η)

. The thermal noise level at the base station receiver is

no = −174dBm.

The results are averaged over 2000 iterations. For each iteration, we first, gen-

erate the base stations locations following a PPP with density λo: the number of

base stations is generated (a Poisson random variable with mean λoA, where A is

the network area; its value is given in Table 3.2), then the base stations are ran-

domly (uniformly) dropped in the network area. A user is then randomly (uniformly)

dropped inside every base station’s Voronoi cell. A thinning process is then performed

in order to obtain the location of the base stations that are transmitting on the same

frequency-time resource block, i.e., following the MHC-II. Particularly, uniform ran-

dom tags between 0 and 1 are generated and assigned to each base station: a base

station belongs to the thinned MHC-II if and only if it is the base station with the

minimum tag within the hard-core distance of rc. The channels are then generated.

The interference power received at the reference base station is the summation of the

interference power received from all base stations belonging to the MHC-II and their

served users.
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Validation of the Mathematical Model

The first set of results in Figs. 2.9-2.12 validate the developed mathematical model.

The developed analysis relies on Approximations 1-3 to maintain tractability. Hence,

the accuracy of the analytical results shown in Figs. 2.9-2.12 confirm the validity

of Approximations 1-3. The developed analysis also involves other approximations

(e.g., Proposition 3) to simplify the analysis, which is discussed case-by-case in the

following figures.

Fig. 2.9 shows the distribution of the AIN interference received at the reference

base station, for different power control techniques at the interfering users. We show

the results for three different power controls: C̄NR (i.e., path-loss inversion), CNR

water-filling, and CĪNR water-filling power control policies.5 The figure shows that

the power control policy at the interfering users does not impose a tangible effect

on the AIN distribution, especially for macro-cells. This is because the downlink

interference mainly dominates the aggregate interference and that all power control

policies lead to the same average power utilized by each UE. Therefore, this figure

confirms that the C̄NR (i.e., path-loss inversion) power control for the interfering UE

is a reasonable assumption that does not affect the aggregate interference distribution,

and hence, the performance analysis.

In Fig. 2.10, the AIN power cdf is compared to the cdf of a gamma and inverse

gamma distributions, which are the commonly used approximations in the literature

for the aggregate interference distribution. The parameters for the gamma distribu-

tion are obtained from the AIN first and second moments, (2.40) and (2.41), while for

the inverse gamma distribution, the shape and scale parameters are given in (2.44).

Fig. 2.10 shows that the inverse gamma distribution is closer to the AIN distribution
5CINR water-filling is unfeasible to implement for the interfering users as the transmission power

of each UE depends on the selected transmission powers of all other users.
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Figure 2.9: Interference distribution for different power control techniques at the interfering
users for macro-cells, micro-cells and pico-cells network environments.

than the gamma distribution for the three presented network environments. More

importantly, the CINR distribution obtained with the AIN inverse gamma approxi-

mation closely matches the actual CINR distribution, as shown in Fig. 2.11. It also

shows that the CINR distribution can be reasonably approximated with an exponen-

tial distribution, as highlighted in Proposition 3. Such approximation is useful for

analytical tractability in the performance analysis, since the exponential pdf (2.49)

is relatively simple compared to the CINR pdf in (2.47) which involves the modified

Bessel function of the second kind.

Fig. 2.12 compares the ergodic rate distribution obtained in Theorem 2 via (2.59)

with the distribution obtained by integrating (2.61) over the CINR distribution in

(2.47). Note that the latter case is far more complex due to the involved modified

Bessel function of the second kind that appears in the CINR distribution in (2.47).

Exploiting the CINR approximation in Proposition 3 results in the much simpler

expression given in Theorem 2 with a decent accuracy as validated in Fig. 2.12.
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Figure 2.10: AIN distribution compared to gamma and inverse gamma distribution for
different environments.

Uplink Performance in FD Cellular Networks

Fig. 2.13 shows the variation of the uplink ergodic rate rate according to the transmis-

sion power at the base stations for pico-cell, micro-cell and macro-cell environments.

For each environment, the uplink rate in FD scheme for the different power control

techniques that are presented in this work are plotted, i.e., C(C̄NR)

FD , C(CNR)

FD , C(CĪNR)

FD

and C(CINR)

FD . The reference UE is located at ro = 1
2
√
bλo

. Therefore, the ergodic rate

expression for C(CINR)

FD is given in eq. (39). The expressions of C(CĪNR)

FD and C(CNR)

FD are

given in eq. (43) and eq. (47) , respectively, where c follows a Gamma distribution

with mean r−ηo . Finally, the expression of C(C̄NR)

FD is given in eq. (49) for fixed ro.

The cut-off thresholds corresponding to the first three power control techniques are

numerically computed by solving eq. (35), (42) and (46), conditioned on ro = 1
2
√
bλo

.

The uplink rate in the traditional HD with power inversion is also plotted for the

sake of comparison. The base stations apply the same coordination as for the FD

scheme. In other words, the minimum distance between two base stations, whose users
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Figure 2.11: CINR distribution, Monte Carlo compared to the CINR distribution resulting
from the AIN inverse gamma approximation and to the CINR exponential approximation,
for different network environments.

transmit on the same time-frequency resource block, is rc (the inter-cell interference

comes only from the uplink transmission in other cells in this case). The Monte Carlo

simulation results are also shown to validate the developed analysis further. It is

worth noting that the ergodic uplink rate in HD communication does not vary with

the base station transmission power since the HD operation does not impose either

intercell cross-mode interference nor SI. For the CINR based water-filling, the results

of both approximations of the CINR distribution, i.e., (2.45) and (2.49), are shown.

The figure shows that, for all three network environments, there is only negligible

difference between the result obtained using the product of two Gamma random

variables, the one using the exponential distribution, and the result of the Monte

Carlo simulations. Therefore, the approximations’ accuracy in terms of the uplink

average rate at the reference UE is shown in this figure. The figures show that, as

expected, the uplink performance in FD communication is a decreasing function of the
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Figure 2.12: Rate distribution, Monte Carlo compared to the rate distribution resulting
from the AIN inverse gamma approximation and to the CINR exponential approximation,
for different network environments.

base station transmission power. This is because the downlink interference mean (22)

and the SI power are directly proportional to the base station transmission power.

Fig. 2.13 also shows that, compared to the conventional HD communication, FD

communication with only power inversion at the UE side is considerably harmful to

the uplink transmission for all considered environments. There is, however, a tangible

rate gain to harvest from FD communication with the UE power control techniques

that take into consideration the instantaneous channel gain and aggregate interference

realizations. Furthermore, the figure shows that for small cells (pico-cell and micro-

cell) network environments, FD communication with the optimal power control is

beneficial for lower base stations transmission power Pb ≤ 28dBm. For instance, at

Pb = 21dBm, the gain in uplink ergodic rate from optimized FD is up to 186 % higher

than the ergodic uplink rate in HD communication for pico-cell, 171% for micro-

cells and 136% for macro-cells. Overall, Fig. 2.13 also confirms that FD operations
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are more beneficial in small cells where the base stations transmission power is low,

which is consistent with the literature [67]. As mentioned in the text, practically, the

UE can not be aware of the interference power at every instance, which highlights

the importance of other practical power control schemes. The figure, particularly,

shows that the performance of the UE power control that takes into consideration

the channel gain and the aggregate interference mean (CĪNR) is comparable to the

performance of the optimal power control. Lastly, as the base stations transmission

power increases, it becomes more important for the UE to have more information

about the network in order to better adapt its transmission to the interference level,

i.e., the gain from the additional information becomes more pronounced. The CINR

water-filling yields to 3-12% better average ergodic rate compared to CĪNR water-

filling, and 3.4-23.5% compared to CNR water-filling.
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Figure 2.15: Power consumption distribution at the UE for different uplink power control
techniques

Next, Fig. 2.14 shows the variation of the uplink ergodic rate at the reference UE

according to the level of SI cancellation for N = 1 and N = 2. As expected, the



79

performance gain from the FD scheme decreases as the SI cancellation capabilities

degrade due to the strong SI power. However, the figure shows that the performance

is almost constant for µ ≤ 90dB. Therefore, we conclude that an imperfect SI cancel-

lation level of -90dB is enough to provide performance close to perfect cancellation.

Fig. 2.14 also shows that, as expected, the uplink rate at the reference UE is higher

when the base stations in the network coordinate with more base stations in terms of

resource reuse.

Fig. 2.15 shows the UE power consumption distribution for different uplink power

control techniques. For all of the power control techniques presented, the UE con-

sumes the same average transmission power; however, the power consumption distri-

butions are different. The figure shows that the UE transmits with high power almost

all the time with the CNR scheme. This is not the case for the CINR and the CĪNR

techniques: in these cases, the UE transmits with high power only when both channel

condition and interference condition are favourable. Therefore, Fig. 2.15 shows that,

over an infinite time period, a given UE consumes the same average power for all

power control policies. However, with more information about the network, the UE

allocates its power more efficiently across time.
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uplink ergodic rate

Fig. 2.16 depicts the effect of the base station density and base station transmission

power on the uplink ergodic rate. Each line represents one level of the average ergodic

uplink rate at the reference UE while operating in FD communication with the CINR

power control. It can be seen that, overall, the uplink rate is an increasing function of

the base stations density and a decreasing function of the base stations transmission

power (as already shown in Fig. 2.13). The increase and decrease rates, however,

vary according to the base stations density. For low base stations density (λo ≤

10−5), the uplink rate rapidly increases with the density, and it slowly decreases with

base stations transmission power. For high density (λo ≥ 10−5), the uplink rate

slowly increases with the density (almost constant), and it rapidly decreases with

the base station transmission power. The slow increase with the base station density

for λo ≥ 10−5 can be explained by the fact that, on one side, the averages of the

uplink and downlink interference powers are directly proportional to λ
η
2
o as shown

in (2.42a). On the other side, the UE gets closer to its serving base station as the
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base stations density increases. More specifically, the useful signal power scales with

r−ηo ∝ λ
η
2
o . Fig. 2.16 also shows that the uplink rate is generally low in macro-cells

network (λo ≤ 10−5). Furthermore, it confirms that, in terms of uplink rate, FD

communication in cellular networks is especially beneficial for small cells operating

with low base station transmission power.

Fig. 2.17 depicts the variation of the uplink sum rate per unit of area according

to the number of coordinating base stations (N ) for different network environments.

Note that, more base stations coordinating implies, on the one hand, less strong

downlink interference, but on the other hand, the less total rate per time-frequency

resource block in a given area. The figure shows that for pico-cell and macro-cell, the

rate perm2 decreases as N increases. In a pico-cell environment, the interference from

other base stations is not considerably affecting the uplink performance since the base

stations transmit with low power. Therefore, the performance gain from increasing

the number of coordinating base stations is not high and does not compensate for the

loss in sum-rate caused by increased N . Similar behaviour is observed for macro-cell

environment because, even though the base stations transmit with high power, their

density is low. Thus, the base stations are sufficiently scattered in the two-dimensional

plane, and so the downlink interference power affecting the uplink transmission is not

strong. The gain from interference coordination between base stations becomes then

not high enough. In a micro-cell environment, the base stations are dense enough

and transmit with high power. In that case, interference coordination between base

stations is beneficial. Fig. 2.17 shows that, in terms per area uplink sum-rate, the

best N is equal to 2.
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2.4 Summary

In this chapter, we analyze the performance of full-duplex (FD) communication in

cellular networks where the base stations (BSs) locations follow random patterns.

Therefore, we utilize stochastic geometry tools to conduct the analysis. First, assum-

ing that the base stations location follow a Poisson Point Process, we analyze the

effect of the interference generated by FD communication on the uplink transmis-

sion (communication from the user to its serving base station). To do so, we derive

the mean and shape parameters of the downlink to uplink interference power as a

function of the network parameters using stochastic geometry. We use the obtained

parameters to approximate the interference’s distribution with a Gamma distribu-

tion, which is then used to derive an upper bound for the ergodic uplink rate in FD

cellular networks. The results show that for micro-cells, despite the high vulnerabil-

ity of the uplink against interference, the uplink transmission can benefit from FD

communication when compared to its performance in HD communication. However,

for macro-cells, FD communication is inherently harmful to the uplink transmission,

unless both base stations density and transmit power are very low.

The second part of the work presented in this chapter develops uplink power con-

trols to manage the interference. We impose a minimum distance between interfering

base stations. In this case, the interfering base stations locations follow a Matérn

Hard Core Point Process type II. We derive the aggregate interference’s statistical

parameters as functions of the network parameters. Then, we approximate the aggre-

gate interference’s distribution with an inverse gamma distribution using the obtained

statistical parameters. The channel-to-interference-plus-noise (CINR)’s distribution

is then derived using the interference distribution approximation. We derive an up-

per bound for the uplink rate through an optimal user power control technique that
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is based on instantaneous knowledge of both channel gain and interference power.

Other practical power control techniques and their resulting uplink rates are also

proposed, and their resulting ergodic uplink rate expressions are derived. Numerical

results again confirm that the uplink transmission is highly vulnerable to the new

kinds of interference generated by FD communication in cellular networks. Moreover,

transmitting with a power that is inversely proportional to the distance between the

user and the base station is inadequate. Instead, the results prove that adapting the

uplink transmission power to the channel gain and interference mean can considerably

improve the uplink transmission’s performance. In other words, the knowledge of the

interference mean with the instantaneous channel water-filling allows every user to

use its available power more efficiently. The results also show that for any network en-

vironment, and for Pb ≤ 28dBm, FD communication can improve the ergodic uplink

rate compared to the conventional HD communication.

Overall, the work presented in this chapter shows that, although FD communica-

tion in cellular networks can increase the spectral efficiency for downlink transmis-

sions, the cross-mode interference problem is acute. More precisely, the interference

from the downlink transmission can cause intolerable deterioration in uplink per-

formance, especially when the disparity in transmission powers between the uplink

and the downlink is considerable. However, we show that adapting the uplink trans-

mission power to the level of interference and the channel can improve the uplink

performance. Following the same direction, the next chapter proposes interference

management techniques for FD cellular networks.

Within a cellular network, every communication causes interference to all other

communications on the same time-frequency channel while also being subject to their

induced interference. Therefore, efficient network-wide interference mitigation tech-

niques where all transmitters cooperate towards a common goal are essential. More-
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over, for FD cellular networks, such technology should also introduce a balance in the

uplink and downlink performance gains. In that context, the next chapter develops

network-wide interference management techniques for FD cellular networks. Instead

of full spectral overlap between the uplink and downlink transmission as in FD com-

munication, we propose a communication scheme called α-duplex where the spectral

overlap width (noted α) is flexible and adjustable. Then, we propose managing the

interference through maximization of a network-wide utility function that enforces

a balance between the uplink and downlink performance gain. Our proposed inter-

ference management technique jointly optimizes the user-to-base-station assignment,

channel and power allocation, and α for every user-base-station pair.
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Chapter 3

Interference Management for α-Duplex Cellular Networks

3.1 Introduction and Motivation

Full-duplex (FD) communication is one of the spectrum sharing technologies that have

the potential to overcome spectrum deficiency in cellular networks. In the previous

chapter, we analyze FD cellular networks and show that the uplink transmission (from

a user to a base station) performance is sensitive to the overwhelming interference

from the downlink transmission (from a base station to a user). Therefore, we show

that every user must adapt its transmission power to the network interference level

and the channel gain to protect its signal from interference. Following the same direc-

tion, this chapter analyzes interference mitigation for FD cellular networks. However,

differently from the previous chapter, here, we analyze a network-wide interference

management where the network resources (power and spectrum) are allocated to-

wards a common goal. More precisely, we propose managing the interference through

optimized resource allocation and maximization of a network-wide utility function

that enforces a balance between the uplink and downlink performance gains.

3.1.1 α-Duplex Communication

We consider an FD cellular network where the downlink and uplink spectra partially

overlap, and where the spectrum overlap width between each base-station-user pair

is an adjustable design parameter α ∈ [0, 1]. The parameter α controls the overlap

87
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Figure 3.1: An illustrative diagram showing α-duplex scheme.

between uplink and downlink channels, where α = 0 and α = 1 represent the HD and

FD cases, respectively. The resulting communication scheme is denoted by α-duplex.

The performance of the network, hence, becomes a function of the value of α for

every each base-station-user pair, as well as the power level of both the uplink and

downlink transmissions. In addition to the existing interference in conventional HD

communication, this spectrum overlap generates not only self-interference at both

base stations and users, but also interference from downlink to uplink transmission

and vice-versa (cross-mode interference).

This chapter addresses the interference management problem by maximizing a

network-wide rate-based utility function subject to uplink/downlink power constraints.

In addition to optimized uplink/downlink transmission powers and the user-to-BS

assignment, the fractions of spectrum overlaps of each base-station-user pair are in-

telligently adjusted.
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3.1.2 Related Research Works

While some works focus on self-interference cancellation via multi-stage RF/analog/dig-

ital suppression techniques [6,11], other works tackle cross-mode intra-cell and inter-

cell interference mitigation to improve the efficiency of FD operation [10, 14, 22, 68–

72]1. Note that the self-interference cancellation is performed locally within every

network entity while the mitigation of cross-mode intra-cell and inter-cell interference

is network-wide due to its interdependence through the whole network.

Cross-mode interference mitigation is achieved via network management mech-

anisms that take into account the high disparity between the uplink and downlink

transmission powers [14,31]. For instance, references [73–75] utilise joint uplink/down-

link scheduling to maximise the sum-rate in a single FD base stations and multiple

HD users scenarios. References [19,76] exploit MIMO precoding to maximise spectral

and energy efficiencies in a single FD base station serving multiple FD users. The

models in [19, 73–76], however, do not account for the prominent effect of inter-cell

interference.

Examples of interference mitigation in a multi-cell FD cellular network are further

presented in [22, 69]. While the authors in [22] develop power control algorithms to

manage inter-cell interference in an FD multi-cell scenario, the work in [69] addresses

the problem via scheduling and coordination between nearby base stations. The au-

thors of [23] design an algorithm maximising the sum rate for a network where the

base station is operating in FD and the users in HD. The algorithm allocates subcar-

rier to every user and performs power control using iterative water-filling. References

[22, 23, 69], however, consider sum-rate maximization and assume a model of fully

overlapping uplink/downlink channels. As shown in [14,31], considering sum-rate ob-
1The cross mode intra-cell interference problem appears when an FD base station serves multiple

HD users [73–75].



90

jective may hide intolerable deterioration in the uplink performance due to cross-mode

interference [14,31]. Particularly, due to the uplink/downlink transmission power dis-

parity, FD communication improves the downlink rate at the expense of deteriorating

the uplink rate. Therefore, it becomes essential to explicitly account for uplink and

downlink performances when maximising the overall network performance.

In [77], the authors consider a two-layer FD-based cellular network and suggest

a heuristic algorithm maximising the total network utility. The algorithm optimally

allocates transmission powers to users and chooses the transmission mode for every

frequency resource block, i.e. the algorithm chooses between the following trans-

mission modes: FD-FD, FD-HD, HD-HD, where the first and second words are the

operating mode of, respectively, the base station and the user.

It is shown in [14] that uplink gains can only be harvested via FD communication

when the base station and user equipment (UE) powers are comparable. When the

base stations and UEs have high power disparity, the work in [31] proposes the α-

duplex scheme instead, which strikes a good balance between uplink and downlink

performance and, at the same time, exploits FD transceivers to harvest rate gains.

Instead of enforcing an FD operation with fully overlapped channels, the α-duplex

scheme enables flexible duplexing via partial uplink/downlink channel overlap. The

overlap is controlled via the tunable design parameter α ∈ [0, 1], where α = 0 and

α = 1 represent the HD and FD cases, respectively. The results in [31] show that the

α-duplex scheme provides substantial simultaneous improvement in the uplink and

downlink rates when compared to both the HD and FD cases. However, [31] enforces

the same α for all base stations and does not optimise over the transmit power and

user scheduling.
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3.1.3 Chapter Objectives and Organization

We consider a cellular network where all base stations and users are operating in

α-duplex. We then address interference management through network-wide resource

allocation. Our goal is to develop a resource allocation that manages the interference

in the entire network and balances the gain in the downlink and uplink transmission

power. To do so, we maximize a network-wide utility function by adjusting the user

to base station and channel association, the amount of spectrum overlap between the

uplink and downlink transmission for every base-station-user pair and their transmis-

sion power.

This chapter is divided in three main sections. First, in order to determine if α-

duplex scheme can be beneficial for both uplink and downlink transmission, Sec. 3.2

considers a preliminary resource allocation problem of maximizing an overall network

utility by finding the uplink/downlink transmission powers and the spectrum overlap

fraction between the uplink and downlink spectrum in each cell, and proposes solving

the problem using interior point method. The results show the superiority of α-

duplex over the FD and HD schemes. They further show that explicit uplink and

downlink performance should be considered for efficient design of cellular networks

with overlapping uplink/downlink resources.

Then, a more complete resource allocation problem is formulated and solved in

Sec. 3.3. We propose managing the interference by jointly optimizing the user-to-BS

association,the user-to-channel scheduling, the uplink and downlink transmit powers,

and the fraction of spectrum overlap between uplink and downlink for every user. The

resulting non-convex mixed-integer optimization problem is solved in an iterative way

by decoupling the problem into several sub-problems. Particularly, the user-to-BS

association problem is solved using a matching algorithm that is a generalization of
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the stable marriage problem. The scheduling problem is solved by iterative Hungarian

algorithm. The power and spectrum overlap problem is solved by successive convex

approximation. Our simulations results show that compared to different schemes from

the literature, the proposed resource allocation algorithm yields considerably better

network performance.

Decentralized resource allocation is one such feasibility requirement, as it yields op-

timized schemes when no centralized processing is possible. Therefore, lasty, Sec. 3.3

considers proposes solving the resource problem using the externalities approach,

which can be implemented in a distributed fashion with a reasonable amount of in-

formation exchange between the network entities. Simulation results highlight the

convergence of the proposed distributed algorithm, and illustrate its performance

under different utilities as compared to centralized solutions for various networks

scenarios.

3.2 Power and Partial Overlap Optimisation and Resulting

Performance Gain

3.2.1 Section Overview and Organization

We consider a cellular wireless system with a partial spectrum overlap between the

downlink and uplink. Unlike reference [31] which considers the problem from a sta-

tistical perspective, the main contribution of this section is to maximise an overall

network utility to find the uplink/downlink transmission powers and the spectrum

overlap fraction between the uplink and downlink spectrum in each cell. We propose

solving the problem using the interior point method. Our study confirms the vul-

nerability of uplink performance to the FD operation and shows the superiority of

the α duplex scheme over the FD and HD schemes. It also shows the conservative
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Figure 3.2: The system model representing two cells i and j.

figures reported by the statistical study in [31] regarding the FD gains. Particularly,

our results show uplink rate improvement of 42% for the per-cell optimised α duplex

scheme(as compared to the 33% in [31]) and downlink rate improvement up to 80%

(as compared to the 28% in [31]). The results further show that explicit uplink and

downlink performance should be considered for efficient design of FD communication

in cellular networks.

The network model is described in Sec. 3.2.2. The expressions of the cross-mode

interference factor and the SINR is presented in Sec. 3.2.3. Sec. 3.2.4, Sec. 3.2.5 and

Sec. 3.2.6 formulates the optimization problem, details how it is solved and introduces

other scheme for comparison purposes, respectively. Numerical results and discussion

are presented in Sec. 3.3.8.

3.2.2 Network Model

We consider a single-tier cellular network constituted by N base stations. Each

base station is serving one user who is uniformly distributed in its coverage range.

All base stations and users are equipped with full-duplex transceivers with perfect

self-interference cancellation capability. It is worth mentioning that perfect self-

interference cancellation is assumed to focus on the effect of cross-mode interference

on the network performance. We assume one uplink and one downlink HD channels,
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each has B Hz BW, that are universally reused across the network. Instead of assum-

ing a common FD channel with 2B Hz, we allow a flexible partial overlap between

uplink and downlink channels. That is, according to the parameter α ∈ [0, 1], the up-

link and downlink channels are expanded to (1 +α)B such that they have an overlap

of 2αB. On one extreme, setting α = 0 captures the HD scheme with B Hz uplink

channel, B Hz downlink channel, and zero overlap. On the other extreme, setting

α = 1 captures the FD scheme with a common (i.e., 2B overlap) uplink and downlink

channel with 2B Hz. We also allow each base station to select its overlap parameter

α to be used in its cell. Hence, we define the overlap coefficient αi, which is used

by the ith base station. An illustrative figure for the α duplex scheme is shown in

Fig. 3.1 and the system model is sketched in Fig. 3.2.

3.2.3 Effective Cross-mode Interference and SINR

Effective Cross-mode Interference

As in [31], the uplink and downlink channels do not show rectangular shapes in the

frequency domain2. Note that the pulse shape shown in Fig. 3.1 is just for illustration

purpose. Instead, all uplink transmissions are assumed to use a unit energy Sinc2(.)

pulse shape and that all the downlink channels are assumed to use a unit power

Sinc(.) pulse shape. Hence, the respective uplink and downlink pulse shapes in the

frequency domain are given by:

Su(f) =
Sinc2

(
2f

(1+α)B

)
√√√√√ ∞∫
−∞

Sinc4

(
2f

(1 + α)B

)
df

, (3.1)

2Rectangular pulses in the frequency domain are not used to avoid inter symbol interference in
the time domain and to reduce the cross-mode interference with α.
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Sb(f) =
Sinc

(
2f

(1+α)B

)
√√√√√ ∞∫
−∞

Sinc2

(
2f

(1 + α)B

)
df

. (3.2)

The effect of pulse shaping and partial uplink and downlink overlap can be cap-

tured by the effective interference factor, which measures the amount of cross-mode

interference leakage from the matched filters at the receivers. Hence, for the uplink

receivers (i.e. at the base stations), the cross-mode interference factor is given by

Cu(α) =

(1+α)B/2∫
−(1+α)B/2

S∗u(f)Sb(f − (1− α)B)df, (3.3)

where the downlink pulse is shifted by the amount of (1−α)B due to the frequency

mismatch as a consequence of the partial overlap. As reflected by (3.3), for HD case,

the uplink and downlink pulses are separated by B, and for FD case they are perfectly

aligned between uplink and downlink. It is also worth mentioning that the integration

limits are due to the low pass filter at the receiver, which captures the energy within

the BW of interest only. Similarly, for the downlink receivers (i.e., at the users), the

cross-mode interference factor is given by

Cb(α) =

(1+α)B/2∫
−(1+α)B/2

S∗b(f)Su(f − (1− α)B)df, (3.4)

The cross-mode interference factors given in (3.3), and (3.4) show the tradeoff imposed

by the parameter α on the system performance. From one side, both Cu(α) and Cb(α)

are increasing functions of α due to the larger overlap between the pulse shapes and

the higher integration range, which implies higher cross-mode interference. On the

other hand, looking into (3.1) and (3.2) we see that the effective BW accessed by
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uplink and downlink transmission also increases in α, which implies a higher rate.

Hence, the overlap parameter α should be carefully tuned to balance the tradeoff

between the channel BW and the cross-mode interference. As will be shown later,

the uplink cross-mode interference factor Cu(α) has a prominent effect on the uplink

signal-to-interference-plus-noise-ratio (SINR) due to the high transmission powers of

the base stations. In contrast, Cb(α) has a minor effect of the downlink SINR due to

the low transmission powers by the users.

Both Cu(α) and Cb(α) depend highly on the pulse shapes. Sinc and Sinc2 pulse

shapes are respectively assumed for downlink and uplink all along this section, as

mentioned above; the optimization of those pulse shape is left for future further

analysis.

SINR Representation

To facilitate the SINR representation of the considered α-duplex system, the distances

(r) and the channel power gains (h) between any two transceivers in the network are

arranged in a matrix format. The subscript indicates the type of the two transceivers

("b" for base station and "u" for user), and the superscript specifies their indices. l(d)

is the attenuation due to distance (pathloss) for a distance d, this function depends

on the deployment scenario as shown in [65]. piu (pib) is the transmit power of the ith

user (BS) and αi is the fraction of spectrum overlap between uplink and downlink for

the i-th couple {BS,user}. Fig. 3.2 shows an example of the considered network with

two cells i and j.
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The ith uplink signal-to-interference-plus-noise (SINR) is defined as

γiu (pu,pb,α)=
piuh

i,i
bul(r

i,i
bu)

N∑
j=1,j 6=i

pjbh
j,i
bbl(r

j,i
bb)|Cu(αj)|2 +

N∑
j=1,j 6=i

pjuh
j,i
bul(r

j,i
bu) + σib(αi)

, (3.5)

whereα = {α1, α2, ...., αN}, pu = {p1
u, . . . , p

N
u } and pb = {p1

b, . . . , p
N
b } are respectively

the vector of the fractions of overlapping spectrums, the uplink transmit powers and

the downlink transmit powers for all couples of {BS,user} in the network. σib(αi) is

the noise power at the ith base station receiver, explicitly σib(αi) = (1+αi)BNb where

Nb is the noise spectral density at the base station receiver. The first term in the

denominator is the cross-mode interference. In this case, this is the interference from

downlink transmission affecting the uplink transmission due to the amount of overlap

in bandwidth.

In the same fashion, the ith downlink SINR is:

γib (pu,pb,α)=
pibh

i,i
bul(r

i,i
bu)

N∑
j=1,j 6=i

pjuh
j,i
uul(r

j,i
uu)|Cb(αj)|2 +

N∑
j=1,j 6=i

pjbh
j,i
bul(r

j,i
bu) + σiu(αi)

. (3.6)

σiu(αi) is the noise power at the ith user receiver, σiu(αi) = (1 + αi)BNu where Nu is

the noise spectral density at the user receiver.

Therefore, the uplink rate and downlink rate for the ith user are respectively

Riu(pu,pb,α) = (1 + αi)B log
(
1 + γiu (pu,pb,α)

)
, and (3.7)

Rib(pu,pb,α) = (1 + αi)B log
(
1 + γib (pu,pb,α)

)
. (3.8)

3.2.4 Optimization Problem Formulation

We consider maximizing an overall network utility to determine the uplink/down-

link transmission powers and the spectrum overlap fraction between the uplink and
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downlink spectrum in each cell. The focus is on two types of objective functions that

are used in analysis and performance illustration: sum-rate and sum log-rate. For

instance, the sum-rate problem can be formulated as follows:

max
pu,pb,α

N∑
i=1

Ri
b(pu,pb,α) +Ri

u(pu,pb,α), (3.9a)

s.t. 0 ≤ pu ≤ pmax
u , (3.9b)

pb ≥ pmin
b , (3.9c)

N∑
i=1

pib ≤ ptot
b , (3.9d)

αmin ≤ α ≤ 1, (3.9e)

where the optimization is over the powers pu, pb, and α. pmax
u is the maximum trans-

mit power for users. Further, knowing that the users receiver is less sophisticated than

the base stations’ receiver, we assume that the base station has a minimum transmit

power that is used to guarantee the coverage ( i.e. SINR) of the user at the edge

of every cell pmin
b (3.28c). The constraint (3.9d) represents the total transmit power

constraint across all base stations. Note that the maximum transmit power affordable

by users equipment are small compared to the one for base stations (Npmax
u � ptot

b ).

Based on the pulse shapes discussed earlier, it shown in [31] that at α = 0.275, or-

thogonality is achieved between the downlink and uplink such that Cu(0.275) = 0.

However, Cu(0.275) > 0. Due to the vulnerability of uplink transmission to downlink

interference, and the negligibility of the interference from uplink to downlink., we

take α = 0.275 as minimum value of the spectrum overlap.

Cu(α) and Cb(α) given in equations (3.3) and (3.4) are approximated with poly-

nomials for α > 0.275.
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3.2.5 Proposed Solution

The above optimisation problem is a non-convex problem due to the coupled inter-

ference terms in the SINR expressions. This work, however, applies the interior point

method to solve it [63]. While the suggested method does not guarantee global opti-

mality because of the non-convexity of the original problem, the simulations section

shows that the utilised method outperforms the benchmark schemes presented in the

subsection 3.2.6.

The following is a brief description of the utilized method. All details can be found

in [63]. First, let fi(pu,pb,α) ≤ 0 be the ith scalar inequality constraint of the above

optimization problem (There are m=5N + 1 such constraints). Our optimization

problem can be written as the following minimization problem

min
pu,pb,α

−
[ N∑

i=1

Ri
b(pu,pb,α) +Ri

u(pu,pb,α)

]
(3.10a)

s.t. fi(pu,pb,α) ≤ 0, i = 1, ...m. (3.10b)

Or equivalently, using the logarithmic barrier function

min
pu,pb,α

−

(
N∑
i=1

Rib(pu,pb,α) +Riu(pu,pb,α) +
1

τ

m∑
i=1

log(−fi(pu,pb,α))

)
, (3.11)

The main idea of the barrier method is to solve (3.11) for a fixed τ at every

iteration. The value of τ increases at every iteration, until 1
τ
becomes less than a

certain tolerance value. In our case, within every iteration, we use Newton’s method

with line search (i.e, we determine how much to move in the obtained direction) to

solve (3.11).

The other utility function considered, i.e., the log-sum rate, comes as an alter-

native solution to the sum-rate which often leads to unbalanced performance gains
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between the uplink and downlink. The log-sum rate, on the other hand, presents

a fairness alternative that relatively balances the downlink and uplink performance,

as shown later in the simulations section. In this case, instead of utilizing the sum-

rate function (3.28a) in the above optimization problem, we utilize the following sum

log-rate function:

max
pu,pb,α

N∑
i=1

log
(
Ri

b(pu,pb,α
)

+ log
(
Ri

u(pu,pb,α)
)
. (3.12)

The interior point method steps used to solve the sum-log rate function are omitted

as they mirror the steps used to solve the sum-rate problem.

3.2.6 Benchmark Schemes

To illustrate the performance of our proposed scheme, we present here three bench-

mark techniques.

• First, the traditional HD with power control, obtained by optimizing (3.9) and

(3.12) by fixing α=0.

• Second, the FD scheme with power control, obtained by optimizing (3.9) and

(3.12) by fixing α=1 .

• For the third scheme, every couple {BS,user} uses the same spectrum overlap

coefficient α = 0.275, as proposed in [31]. Further, every entity transmits with

a fixed transmit power. For base stations, use ptotb
N

; for users, use pmax
u .
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Figure 3.3: Variation of the average total rate (Riu + Rib) per user, per unit HD-BW (B),
with the ratio of the uplink to downlink transmission power for the sum rate maximization
(α-D means α-duplex)

3.2.7 Numerical Results

Simulation Setup and Results

In this section, the performance in terms of rate per user for FD, HD, and α duplex

schemes are evaluated and compared. For the simulations, we consider an urban

macro-cell environment in which the network and propagation model are employed

according to 3GPP standard in [65]. Specifically, the used pathloss model is l(d) =

22 log10(d) + 28 + 20 log10(fc), where d is the propagation distance in meters and

fc is the carrier frequency in GHz. In each simulation run, N = 9 base stations,

with inter site distance of 500 m, are deployed. Then, a user is randomly dropped

inside the coverage area of each base station. The channels base stations are selected

to be 20 MHz on each direction and the noise spectral density at the receivers is

Nu = Nb = −174dBm/Hz.

Fig. 3.3 shows the optimal rate for the sum-rate maximisation scheme in (3.9)

with the ratio of the uplink to downlink transmission powers. The figure confirms

the superiority of the α duplex scheme over all other schemes. Particularly, the α
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Figure 3.4: Variation of the rate per user, per unit HD-BW (B), with the ratio of the uplink
to downlink transmission power for the sum rate maximization (α-D means α-duplex).

duplex scheme offers 43% sum-rate gain over the traditional HD scheme and 10%

sum-rate gain over the FD case. The figure also shows a 30% sum-rate gain of the

FD scheme over the traditional HD scheme. The effect of the transmit power disparity

between the uplink and downlink is also highlighted in Fig. 3.3. The figure shows

that increasing the maximum transmission power of the uplink leads to a higher FD

and α-duplex performance, while the HD scheme saturates. The reason behind this

behaviour can be attributed to the vulnerability of the uplink and the prominent

effect of the downlink to uplink interference. Increasing the uplink power provides

a more balanced operation between the uplink and downlink, which enables higher

spectrum overlap and improves the overall performance.

Fig. 3.3 shows overall network performance, which may be misleading as it does not

quantify the gain of the uplink and downlink separately. Therefore, we plot Fig. 3.4

to investigate explicit uplink and downlink performances. The figure confirms the

uplink vulnerability to downlink interference. When the uplink transmission power

is low, α duplex gains are mainly in the downlink, while the uplink performance can

be highly deteriorated, especially in the FD case. As the maximum transmission
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Figure 3.5: Variation of the average total rate (Riu+Rib) per user, per unit HD-BW (B), with
the ratio of the uplink to downlink transmission power for the sum of log rate maximization
(α-D means α-duplex).

power of the uplink increases, more balanced operation between uplink and downlink

is maintained, and higher gains in the uplink are achieved. Note that the gains in

the uplink come with a slight degradation in the downlink due to the cross mode

interference. However, the overall performance increases, as shown in Fig. 3.3. The

results in Fig. 3.4 also show the negligible effect of the uplink interference on the

downlink performance. Hence, the FD scheme is the best for the downlink rate, while

α duplex with optimised overlap between uplink and downlink balances the tradeoff

between uplink and downlink performance and results in the highest overall network

performance. Finally, Fig. 3.4 manifests the importance of explicitly accounting for

the uplink and downlink performances, and shows that considering an overall network

performance hides the loss uplink may encounter.

Fig. 3.3 shows that there is a critical value of the uplink maximum transmission

power (i.e., below 0.012 of the base station power) in which maximising the sum

rate through any uplink/downlink spectrum overlap scheme would always degrade

the uplink performance, compared to the HD case. For instance, when the base
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Figure 3.6: Variation of the rate per user, per unit HD-BW (B), with the ratio of the
uplink to downlink transmission power for the sum of log rate maximization (α-D means
α-duplex).

station power is 200 times the maximum user terminal power, α duplex scheme would

deteriorate the uplink power with 25% and FD scheme would deteriorate the uplink

power with 75%. This emphasises the importance of fair rate utility function when

there exists high disparity between uplink and downlink powers.

Fig. 3.5 and 3.6 show the rates obtained from solving the summation of logarithm

of rates utility given in (3.11). In terms of the overall network rate in Fig. 3.5 , both

FD and α duplex have comparable performance. However, for the explicit uplink

and downlink performance in 3.6, the superiority of the α duplex in balancing the

uplink and downlink performance is emphasised. The gain confirms the importance

of accounting for the explicit uplink and downlink performance for system with over-

lapped spectrum access. The results in Fig. 3.6 also show that the FD operation may

lead to performance deterioration for the uplink even for the fair utility function. On

the other hand, the α-duplex scheme is able to maintain the uplink performance even

for low values of the maximum uplink transmission power.

In order to gain further insight into the system operation and shed light on the
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(a) Low user transmit
power
(100 mW)

(b) Medium user
transmit power

(500 mW)

(c) High user transmit
power

(1 W)
Figure 3.7: Chart showing the optimal value of α for different value of the maximum power
at users, BS means base station.

fairness of the employed utility functions, we show Fig. 3.7. The figure visualises the

optimal α selected by the base stations for each utility function at different disparity

levels between the uplink and downlink transmission powers. The figure shows that

in the case of sum rate utility function most of the base stations tend to select high

values of α regardless of pmax
U , which explains the high deterioration in the uplink

performance at high disparity levels of the uplink/downlink transmission powers (cf.

Fig. 3.4). On the other hand, the value of α selected by base stations in the sum of

log rate utility function highly depends on the disparity level of the uplink/downlink

transmit powers, which prevents the deterioration of the uplink rate. Therefore,

increasing the uplink transmission powers for the sum log rate utility function enables

higher optimal uplink/downlink overlap due to the increased reliability of the uplink

transmissions. Last but not least, the figure confirms that a static overlap parameter

for all base stations is not the optimal choice.
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Discussion

The results confirm the vulnerability of the uplink performance to the downlink in-

terference. Hence, FD operation with complete overlap between uplink and downlink

channels results is beneficial to the downlink but ruinous for the uplink. Therefore

the α-duplex scheme is advocated for cellular networks, as well as for other wireless

networks with a high disparity between the forward and reverse links transmit pow-

ers. The results confirm the superiority of the α-duplex scheme in all case studies

conducted in this work for both the sum and explicit utilities.

In terms of the utility functions, when the maximum transmission power at the

users’ equipment is sufficiently high, the sum rate utility formulation is recommended.

In this case, the results show 30% rate gain for optimising sum rate when compared to

optimising the sum log rates. On the other hand, when the maximum transmission

powers of the users’ equipment are low, the sum of log rates utility formulation is

recommended. In this case, the results show that sum-rate may result in significant

uplink deterioration (e.g., 75% for FD and 25% for the α duplex), while positive gain

is obtained for both of the uplink and downlink cases with maximisation of the sum

of the log rate for the α duplex scheme. Moreover, the deterioration in the uplink for

the FD case is lower with the sum of log rates maximisation (75% for the sum rate

to 14% for the sum of log rate maximisation).

Finally, it can be observed in all figures that, choosing a system-wide constant

value of α for all base stations, without power control, can lead to a waste of resources.

For instance in Fig. 3.3, α-duplex performs worse than HD in terms of the global

network rate. However, for low transmit power, a small advantage for uplink is

observable (Fig. 3.4), this is because the fixed value of alpha is chosen in a way to

minimise the downlink interference.
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3.3 Joint Optimization of the Power, the Partial Overlap, User

to Base Station Association and Channel Assignment

3.3.1 Section Overview and Organization

Similarly to the previous section, we consider a multi-cell network where both users

and base station are FD-enabled and instead of following a rigid half-duplex/full-

duplex binary decision for each user-BS link, the proposed interference management

allows partial uplink/downlink channel overlap via fine-tuned bandwidth allocation.

However, unlike the previous section, we address a more general problem where the

interference is managed via user-to-BS association, user-to-channel scheduling, the

uplink and downlink transmit powers, and the fraction of spectrum overlap between

uplink and downlink for each user. We assume that each base station in the network

has a certain number of orthogonal channels available to simultaneously serve users.

All base stations universally reuse all channels. The total number of available chan-

nels and users are equal, to facilitate the derivation of heuristic scheduling policies

3. It then addresses the problem of maximizing a network-wide rate-based utility

function subject to uplink/downlink power constraints. The work presented in this

section focuses on two network-wide utility functions, namely, the sum-rate and the

sum-of-log rate. The sum-of-log rate utility function is especially of practical inter-

est as the sum-rate optimization favours the downlink on the expense of significant

degradation in the uplink rate. The logarithmic sum-rate formulation is therefore

used to induce relative fairness between uplink and downlink. Differently from the

work presented in the previous section (sec. 3.2), this section solves the above mixed-

integer continuous optimization problem using an iterative heuristic algorithm which
3One possible way to deal with the situation of an unequal number of users and subchannels

is to add admission control step that pre-determines the subset of users to be scheduled to the
subchannels.
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decouples the problem into two sub-problems. The first sub-problem consists of as-

signing users to base stations using a generalization of the stable marriage problem,

which guarantees that the number of users assigned to every base station is equal

to the number of available channels. The second sub-problem consists of alternating

between the following sub-steps: 1) assigning channel to every user assigned to every

base station by iteratively applying the Hungarian algorithm to cells in a sequential

manner, while fixing the powers and α values, 2) optimizing the values of the uplink

and downlink transmit powers and α for each user, by fixing the scheduling found

in the first sub-step. Note that the system allows different α for each user. For the

sum-of-log rate maximization problem, we particularly propose a solution that relies

on a successive convex approximation of the original problem, which can be solved

using efficient techniques from optimization theory [26].

The simulation results confirm the vulnerability of uplink performance to the FD

operation and show the superiority of the proposed scheme when compared to FD

and HD schemes with random scheduling and Voronoi cell-based association. Both

the sum-rate and the sum-of-log rate are considered in the simulations. While the

sum-rate utility is the classical measure that characterizes the network throughput,

our results show that the sum-of-log rate utility is more appropriate in FD cellular

networks, as it guarantees a balanced uplink and downlink performance. For compa-

rable base stations and UEs transmission powers, i.e., in small-cell environment, the

suggested scheme provides around 100% gain in uplink rate and 120% in downlink

rate as compared to conventional HD schemes with Voronoi user-to-BS association

and random channel assignment4. For high disparity between uplink and downlink

transmission power, i.e. macro-cell environment, the suggested scheme guarantees
4The maximum rate gain from FD compared to HD in terms of rate is 100%, i.e. double. However,

in this work, this limit is exceeded, thanks to the additional resource allocation schemes, i.e., the
user-to-BS association and the scheduling policies.
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Figure 3.8: The system model with 2 base stations (m and b), 4 users and 2 channels.

around 40% gain as compared to conventional schemes.

The system model and problem formulation are presented in Sec. 3.3.2. Then,

we derive the effective interference factors and SINR in Sec. 3.3.3. We formulate

the optimization problem and discuss the choice of utility function in Sec. 3.3.4 and

Sec. 3.3.5, respectively. Sec. 3.3.6 details the suggested algorithm to solve the opti-

mization problem. The benchmark schemes and the simulation setup are presented

in Sec. 3.3.7 before showing the numerical results and discussion are presented in

Sec. 3.3.8.

3.3.2 Network Model

Consider a single-tier cellular network served by B base stations. Every base station

transmits signals over K orthogonal channels and can, therefore, serve K different

users. For the case of an unequal number of users and channels, additional admission

control policy may be needed, but this falls outside the scope of this work. The users

are assumed to be uniformly distributed in the coverage area of the B base stations.

Let B = {1, . . . , B}, K = {1, . . . , K} and U = {1, . . . , BK} be, respectively, the set of
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base stations, transmission channels, and users. The channels are universally reused

by all base stations. Each channel has 2W Hz of bandwidth, which is equally split

into two non-overlapping channels. In the conventional HD operation, one channel is

used for uplink transmission, and the other channel is used for downlink transmission.

However, for FD transceivers, each base station can extend the uplink and downlink

channels bandwidths within the 2W available spectrum such that the uplink and

downlink channels overlap. Particularly, we employ the α-duplex scheme, where the

uplink and downlink channels can be extended from W Hz to (1+α)W Hz, such that

an overlap of 2αW exists between the uplink and the downlink channels, and the total

occupied bandwidth for each channel remains 2W . At one extreme, α = 0 captures

the HD scheme with W Hz for each of the uplink and downlink channels with zero

uplink/downlink overlap. On the other extreme, α = 1 captures the FD scheme with

2W Hz in each of the uplink and downlink channels with full uplink/downlink overlap.

An illustrative figure for the α-duplex scheme is shown in Fig. 3.1. The overlap factor

α not only affects the cross-mode inter-cell interference but also introduces a change

in terms of conventional intra-mode inter-cell interference, as well as the SI. Our work

explicitly considers the optimal interference management between cells by suitably

adjusting the value of α and the transmission powers, which affects the cross-mode

and intra-mode inter-cell interference, as well as the SI. Flexible spectrum allocation

for the uplink and downlink channels is enabled in such a way that all users do not

necessarily have equivalent overlap factor α. Such flexibility is induced by introducing

the factor αbk, which is defined as the overlap between the uplink and downlink

spectrum for the k-th channel of the b-th base station.

Let the variables p, h, r, β, γ, and R denote, respectively, the transmit powers,

channel power gains, distances between network elements, self-interference cancel-

lation factor signal-to-interference-plus-noise-ratios (SINRs), and transmission rates.
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All of the aforementioned variables come with superscripts, to denote the types of

network elements (b for base station and u for user). Variables with single superscript

denote a single network element. Variables with double superscript denote commu-

nicating network elements. The variables also have a subscript to indicate the index

of the single network element (for p) or double subscript for communicating network

elements (for r), followed by the channel number if the variable is channel dependent

(h, γ, R, p). For instance, p(u)
bk is the transmit power of the user scheduled at the k-th

channel of the b-th base station, p(b)
bk is the transmit power of the b-th base station on

the k-th channel, r(bu)
bu is the distance between the b-th base station and the u-th user,

and h
(ub)
ubk the channel gain between the b-th base station and the u-th user on the

k-th channel. The self-interference cancellation factor is denoted β, β ∈ [0, 1], such

that β = 0 implies perfect self-interference cancellation, and β = 1 implies there is no

self-interference cancellation. Fig. 3.8 shows an example of the considered network

with two base stations (b and m), 4 users and 2 channels.

For the sake of analysis, let p(b), p(u) and α be 3 distinct matrices of dimension

B ×K. The (b, k)-th element of each of these 3 matrices correspond to the downlink

transmit power, the uplink transmit power and the overlap between the uplink and

downlink channels at the k-th channel of the b-th base station, respectively. Moreover,

Let p(b)
k , p(u)

k and αk be the k-th column of p(b), p(u) and α, respectively. Let xk be

the vector of length 3B containing the design parameters related to the k-th channel,

i.e. xk is a concatenation of p(b)
k , p(u)

k and αk .

In the rest of this section, in the expressions of SINRs and rates, we consider an

arbitrary test user u which is assumed to be assigned to the k-the channel of the b-th

base station, denoted as the test base station. m is a generic index that denotes all

base stations except the test base station. v is a generic index for the user assigned

to the k-th channel of the m-th base station.



112

blabla1

blabla2

blabla4

HD

blabla3

blabla5

blabla6

UL BW

UL BW

(a) Intra-mode interference.
blabla1

blabla2

blabla4

HD

blabla3

blabla5

blabla6

UL BW

DL BW

(b) Cross-mode interference.
Figure 3.9: Amount of overlapping BW between b-th andm-th base station for k-th channel.

3.3.3 Effective Interference and SINR Representation

Due to the variable bandwidth allocation and the flexible partial overlap between the

uplink and downlink channels, different portions of the cross-mode, intra-mode, and SI

powers leak through the receiver filter that operates on a given channel. For instance,

Fig. 3.18 shows the amount of overlapping bandwidth of the uplink transmission on

the k-th channel of the b-th base station with the k-th channel of the m-th base

station. Fig. 3.18a shows the amount of bandwidth overlap between uplink at the

b-th base station and uplink at the m-th base station, on the k-th channel. This

overlap results in the effective intra-mode interference factor, that is the fraction of

intra-mode interference powers from m, leaking through the receiver filter of b at

the k-th channel. In this case, assuming that the uplink and downlink transmissions

are using identical unit-power rectangular pulse-shapes in the frequency domain, the
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effective intra-mode interference factor can be written as:

I(αbk, αmk) =

∣∣∣∣∣∣
(1+min(αbk,αmk))W∫

0

1√
(1 + αbk)W

1√
(1 + αmk)W

dx

∣∣∣∣∣∣
2

=
(1 + min(αbk, αmk))

2

(1 + αbk)(1 + αmk)
=



(1+αbk)
(1+αmk)

αbk < αmk,

1 αbk = αmk,

(1+αmk)
(1+αbk)

αbk > αmk.

(3.13)

Furthermore, Fig. 3.18b shows the amount of bandwidth overlapping between the

uplink at the b-th base station and the downlink at the m-th base station on the

k-th channel. Due to this overlap, a fraction of cross-mode interference power from

m leaks through the receiver filter of b, which is in this section denoted by effective

cross-mode interference factor. In this case, again, assuming that the uplink and

downlink transmissions are using identical unit-power rectangular pulse-shapes in the

frequency domain, the effective cross-mode interference factor is given by:

C(αbk, αmk) =

∣∣∣∣∣∣
(αbk+αmk)W∫

0

1√
(1 + αbk)W

1√
(1 + αmk)W

dx

∣∣∣∣∣∣
2

=
(αbk + αmk)

2

(1 + αbk)(1 + αmk)
. (3.14)

The SI is a special case of cross-mode interference, i.e., it is the interference from one

mode affecting another from the transmitter to the receiver of the same equipment.

Therefore, the effective SI factor is given by:

CSI(αbk) =
4α2

bk

(1 + αbk)2
. (3.15)
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Using the effective intra-mode, cross-mode and SI interference factor defined

in (3.41), (3.42) and (3.15), the uplink SINR on the k-th channel of the b-th base

station can be written as follows:

γ
(u)
bk (xk) =

S
(u)
bk (xk)

S̃
(b)
bk (xk) + I

(bb)
bk (xk) + I

(ub)
bk (xk) +N

(b)
bk (xk)

, (3.16)

where S(u)
bk is the uplink useful signal. As previously mentioned, let the u-th user be

the user scheduled at the k-th channel of the b-th base station. S(u)
bk (xk) can therefore

be written as:

S
(u)
bk (xk) = p

(u)
bk h

(ub)
ubk l(r

(ub)
ub ), (3.17)

where l(r) is the function that models both the signal power attenuation with distance

r and the channel shadowing effect. In the denominator of (3.45a), S̃(b)
b is the SI

power received at the receiver of the b-th base station on the k-th channel from its

transmitter:

S̃
(b)
bk (xk) =

4β
(b)
bk p

(b)
bk α

2
bk

(1 + αbk)2
. (3.18)

I
(bb)
bk (x) is the interference received by the b-th base station from all other base

stations on the k-th channel. Assuming that the v-th user is scheduled at the k-th

channel of the m-th base station, I(bb)
bk (x) can be written as:

I
(bb)
bk (xk) =

∑
m∈B
m 6=b

p
(b)
mkh

(bb)
mbk l(r

(bb)
mb )(αbk + αmk)

2

(1 + αbk)(1 + αmk)
, (3.19)

I
(ub)
bk is the interference received by the b-th base station from all other users on the
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k-th channel, and can be written as:

I
(ub)
bk (xk) =

∑
v∈U
v 6=u

αbk≤αmk

p
(u)
k h

(ub)
vbk l(r

(ub)
vb )

(1 + αbk)

(1 + αmk)
+

∑
v∈U
v 6=u

αbk>αmk

p
(u)
mkh

(ub)
vbk l(r

(ub)
vb )

(1 + αmk)

(1 + αbk)
. (3.20)

N
(b)
bk is the noise power at the receiver of the k-th channel of the b-th base station.

Similarly, the expression of the downlink SINR on the k-th channel of the b-th

base station is:

γ
(b)
bk (xk) =

S
(b)
bk (xk)

S̃
(u)
bk (xk) + I

(uu)
bk (xk) + I

(bu)
bk (xk) +N

(u)
bk (xk)

, (3.21)

where S(b)
bk is the downlink useful signal which is defined as follows:

S
(b)
bk (xk) = p

(b)
bk h

(bu)
buk l(r

(bu)
bu ). (3.22)

S̃
(u)
bk is the SI power received at the receiver of the user from its transmitter:

S̃
(u)
bk (xk) =

4β
(u)
bk p

(u)
bk α

2
bk

(1 + αbk)2
(3.23)

I
(uu)
bk (xk) is the interference received by user u coming from all other users on channel

k:

I
(uu)
bk (xk) =

∑
v∈U
v 6=u

p
(u)
vk h

(uu)
uvk l(r

(uu)
uv )(αbk + αmk)

2

(1 + αbk)(1 + αmk)
, (3.24)

and I(bu)
bk is the interference received by user u coming from all other base stations on

channel k:

I
(bu)
bk (xk) =

∑
m∈B
m6=b

αbk≤αmk

p
(b)
mkh

(bu)
muk l(r

(bu)
mu )

(1 + αbk)

(1 + αmk)
+

∑
m∈B
m 6=b

αbk>αmk

p
(b)
mkh

(bu)
muk l(r

(bu)
mu )

(1 + αmk)

(1 + αbk)
, (3.25)
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N
(u)
bk is the noise power at the receiver of the k-th the user served by the k-th

channel of the b-th base station. The noise powers N (b)
bk and N

(u)
bk can be explicitly

written as follows: N (χ)
bk (xk)=(1 + αbk)NχB with χ ∈ {u,b}, where Nχ is the thermal

noise level at the receiver of type χ. The first term in the denominator of (3.45a)

and (3.45b) is the cross-mode interference, which is the aggregate cross-mode interfer-

ence power multiplied by the effective cross-mode interference factor given in (3.42).

The second term is the intra-mode interference, which is the aggregate intra-mode

interference power multiplied by the effective intra-mode interference factor given in

(3.41). Note that the expressions of SINRs for channel k depend only on xk.

Using the expressions of the SINRs, the uplink and downlink achievable rates for

the user served by the k-th channel of the b-th base station are respectively:

R
(u)
bk (xk) = (1 + αbk)B log(1 + γ

(u)
bk (xk)), and (3.26)

R
(b)
bk (xk) = (1 + αbk)B log(1 + γ

(b)
bk (xk)). (3.27)

3.3.4 Optimization Problem Formulation

We consider the problem of maximizing a rate-based utility function subject to power

constraints, bandwidth-limited rectangular pulse shapes and one-to-one UE to chan-

nel assignment. In other words, the aim is to optimally assign every user to one base

station and one channel, determine the uplink and downlink power levels to serve

every user, as well as to find the spectrum overlap between uplink and downlink for

every user. The assignment problem is reduced to the determination of an optimal

mapping u =M(b, k) for u ∈ {1, . . . , BK}, where (b, k) denotes the k-th channel of

the b-th base station.

Let fubk be the benefit from assigning user u to the k-th channel of base station

b. As mentioned earlier, all rates on channel k depend only on the design vector xk.
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As the considered utility function fubk is a function of the rate of transmission, it is,

therefore, a function of xk only. Let aubk be a binary variable such that aubk = 1 if

the user u is assigned to the k-th channel of the b-th base station, and zero otherwise.

We consider the following network-wide optimization problem:

max
p
(u)
bk , p

(b)
bk , αbk, aubk

∀(u,b,k)∈(U×B×K)

∑
u,b,k

fubk(xk)aubk where xk = [p
(u)
k ;p

(b)
k ;αk], (3.28a)

s.t. 0 ≤ p
(u)
bk ≤ p(u)

max, ∀(u, b, k) ∈ (U × B ×K) , (3.28b)

p
(b)
min ≤ p

(b)
bk ≤ p(b)

max ∀(u, b, k) ∈ (U × B ×K) , (3.28c)

0 ≤ α ≤ 1, (3.28d)

aubk ∈ {0, 1} ∀(u, b, k) ∈ (U × B ×K) , (3.28e)∑
k,b

aubk = 1 ∀u ∈ U (3.28f)

∑
u

aubk = 1 ∀(b, k) ∈ (B × K) (3.28g)

where the optimization is over the assignment variables aubk for (u, b, k) ∈ (U × B ×K),

all transmit powers in the matrices p(u) and p(u), and the spectrum overlap fraction

in the matrix α for all users. p(u)
max is the maximum transmit power of the UEs, and

p
(b)
min and p(b)

max are respectively the minimum and maximum transmit power of every

base station at every channel. The constraint (3.28d) is the range of values that the

fraction of overlap between uplink and downlink spectrum can take. As mentioned

before, the minimum and maximum value of αbk are, respectively, 0 (HD communica-

tion) and 1 (FD communication). The assignment variables aubk are binary variables

(3.28e). In (3.28a), aubk serves as a binary switch: fubk contributes to the network

utility only if aubk = 1, i.e., if the user u is assigned to the k-th channel of the b-th

base station. The constraints defined in (3.28f) and (3.28g) constrain the assignment
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to be one-to-one, i.e., only one channel is assigned to user u (3.28f), and only one

user is assigned to channel k of base station b (3.28g). The minimum transmit power

constraint in (3.28c) guarantees a minimum signal to noise ratio for cell edge users.

Therefore, this minimum transmit power is inevitably higher for larger cell areas.

Note that the maximum transmit power affordable by users equipment is generally

small compared to the one for base stations
(
p

(u)
max � p

(b)
max

)
.

The problem defined in (3.28) is a non-convex mixed-integer optimization problem,

which is hard to solve in general. Solving only the assignment problem by searching

over all possible combination requires (BK)! permutations, which is computationally

infeasible for any reasonably sized network. Moreover, in our case, even with fixed

powers p(u), p(u) and fixed α, the scheduling is not a simple assignment problem.

The benefit from assigning one user to a base station and a channel depends on the

assignment of the other users in the network. This is due to the interference terms

involved in the expression of the rate. In other words, the benefit from assigning a user

to a base station and a channel can not be trivially represented using matrix mappings,

which makes applying classical assignment solution such as auction algorithm, stable

marriage algorithm, Hungarian, simplex network etc., difficult. To the best of our

knowledge, this kind of assignment problem has not been visited yet in the literature.

Towards this end, this work suggests a practical, heuristic algorithm in the next

section so as to overcome the problem of inter-dependency between utilities, and

efficiently allocate the powers and the uplink/downlink channel overlap for all users.

In concise terms, this work solves the assignment problem, the power control

and the spectrum overlap allocation. Such optimization is decoupled in 2 major

steps: 1) assign every user to one base station; 2) alternating between the following

substeps, 2-i) assign a channel to serve every user within every base station using the

powers and α obtained from the second sub-step, 2-ii) find the optimized transmit
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powers (uplink and downlink) and the spectrum overlap fraction α for all users in the

network, assuming the scheduling found from 2-i) . The simulations results in the later

section show that such heuristic algorithm provides appreciable gain as compared to

conventional schemes.

3.3.5 Utility Function Choice

The power control step of the optimization problem (3.28) particularly depends on

the choice of the utility function. If the utility function is the sum of the rates at

every receiver, the benefit from assigning user u to the k-th channel of the b-th base

station can be written as follows:

fubk(xk)= R
(u)
bk (xk) +R

(b)
bk (xk). (3.29)

However, in case there is a high disparity between uplink and downlink trans-

mission powers, the uplink rate might be negligible compared to the downlink rate.

Therefore, the maximization of the sum of rates may lead to a maximization of the

downlink rate only, while neglecting the uplink rate terms. The higher the downlink

transmission power is, the lower the uplink rate becomes, due to the stronger interfer-

ence from downlink transmission. In other words, the downlink rate may have more

important contribution to the utility function, which makes the effect of the uplink-

to-downlink interference almost negligible. Therefore, the sum-rate maximization

often tends to assign higher values of α and high downlink power, which induces an

overwhelming interference for the uplink transmission that degrades the uplink rate.

To enforce a balanced uplink and downlink operation and give higher weights to

the vulnerable uplink rate, we adopt the sum log-rate as utility function. In this case,
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the benefit from assigning user u to the k-th channel of base station b becomes:

fubk(xk)= log
(
R

(u)
bk (xk)

)
+ log

(
R

(b)
bk (xk)

)
. (3.30)

As shown later in the simulations section (cf. Figs. 3.12 and 3.13), the sum of log

rate optimization along with the α-duplex scheme harvests appreciable FD rate gains

and, at the same time, maintains a reasonably balanced uplink/downlink operation.

3.3.6 Ressource Algorithm Description

This section proposes a solution to solve the difficult optimization problem presented

in (3.28). The proposed algorithm requires an central processing unit that is aware

of the network parameters. First, the algorithm assigns K users to every base station

in part 3.3.6. Then, it alternates between the channel allocation and the resource

allocation as follows: First, for a fixed resource allocation (powers and spectrum

overlap between uplink and downlink for all users), assign a channel to every user

in 3.3.6. Second, using the optimized scheduling found in the first step, find the

best resource allocation in 3.3.6. Finally, assuming the resource allocation found in

the second step, perform again the channel allocation, and iterate. The section now

presents the algorithm steps in details.

User-to-BS association

In practical wireless systems, the users are assigned to base stations based on the

quality or the power of the received signal [78]. The measurement of the quality

or the power of received signal considers path loss, shadowing and fading. In the

context of this work, user to base station association denotes the strategy of matching

BK users to B base stations, where every base station serves K users, in such a
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way that all BK users are served. There are many algorithms performing many-to-

many assignment in the literature [79]. We propose solving such a problem using a

matching algorithm that is a generalization of the stable marriage problem, based on

the Deferred Acceptance Algorithms5 for its simplicity to implement, and because it

gives satisfactory results. The algorithm guarantees that there is no user u and a

base station b such that both of the following statements are true [80]:

• u is unmatched or would prefer to go to b instead of the base station it is

currently matched with.

• b has a free slot or would prefer u over one of the users currently served by one

of its channels.

To apply such algorithm, first of all, every user ranks all the base stations. Every

base station then ranks all the users. At this stage, the algorithm relies on the

pathloss and shadowing between the user and the base station, since the channel

coefficient due to fading depends on the assigned transmission channel, which is yet

to be determined.

The algorithm begins with an attempt to match a user to the base station that is

the most preferred within the user’s rank order list. If the user cannot be matched

to that first choice base station, an attempt is made to place the user into the second

choice base station, and so on. Such process goes on until the user obtains a tentative

match. There are two possible outcomes of a tentative match:

1. If the base station has a free channel (not assigned), then the tentative match

succeeds.
5This algorithm is introduced by Gale and Shapley in 1962. It is used by NRMP (National Res-

ident Matching Program) to match medical school students with residency programs, i.e. hospitals.
In our case, the applicants are the users, and the residency programs are the base stations, where
every base station has K slots.
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2. If the base station does not have a free channel, but the user is ranked better

than any of the other users who are already tentatively matched to the base

station, then the user who has the worst ranking is removed to make room for

a tentative match with the more preferred user.

Note that every match is tentative until the end of the algorithm (i.e., until all

users are matched with a base station), because every matched user can be removed

anytime, if another user with better ranking attempts to match with that base station.

Let ρu and ρb be 2 vectors containing, respectively, the indices of all base stations,

ranked in order of preferences for user u, and the indices of all users, ranked in order

of preferences for BS b. Let Ao be a (B × K) matrix, where the b-th row of Ao

contains the indices of the users tentatively matched with the b-th base station. A

concise description of this first step is given in Algorithm 1 and Algorithm 2 described

in the sequel.

Algorithm 1 Assign users to base station
1: Input: ρu, ρb ∀u ∈ U , ∀b ∈ B
2: for every user u unmatched do
3: while u does not have a tentative match do
4: Tentatively match u to the most preferred base station in ρu by calling

Algorithm 2 with ρu, ρb, Ao.
5: if C(w)

rv (0) > C̄r then
6: Continue with other users.
7: else
8: Remove b from ρu.
9: end if
10: end while
11: end for
12: Return:Ao.

Channel Allocation to Users

The previous step assigns K users to every base station. This second step consists of

assigning channels to users, for fixed uplink and downlink transmissions powers and
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Algorithm 2 Tentative match u to b
1: Input: ρu, ρb, Ao.
2: if b has an unfilled channel, i.e., the b-th row of Ao has less than K elements

then
3: Match u with b, i.e, add u to the b-th row of Ao
4: Return succeed
5: else
6: if u is more preferred by b than another user who already is tentatively

matched to b then
7: Remove the less preferred user from the b-th row of Ao then add u.
8: Return succeed.
9: else
10: Return fail .
11: end if
12: end if

fixed α for all users. For every base station with K channels and K users, assign a

channel to every user. The aim of this step is to exploit multi-user diversity in the

user scheduling so as to minimize cross-mode and intra-mode inter-cell interference.

Although the channel allocation step performs a one-to-one assignment of the K

channels at each base station to its K associated users, we cannot directly apply

a one-to-one matching algorithm. This is because the utilities at the base stations

are inter-dependent due to the interference effect. In other words, the benefit from

the channel assignment for a given base station depends on the decision of the other

base stations. To overcome such inter-dependence of utilities, we propose an iterative

one-to-one assignment algorithm.

Let Ai be the assignment matrix of K rows and B columns at the i-th iteration

of the proposed algorithm. The (k, b) element of Ai contains the index of the user

assigned to the k-th channel of the b-th base station. At each iteration of the pro-

posed method, the algorithm sequentially performs the channel assignment for all

base stations via the updated assignment matrix. More specifically, for every cell

(BS) under consideration, the algorithm applies a one-to-one assignment (K to K
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assignment) to allocate channels to the users associated to that base station, while

assuming that the others base stations have the assignment defined in Ai. There are

several combinatorial optimization algorithms that solve the one-to-one assignment

problem in polynomial time, e.g., see [79] and references therein. In this work, we

choose to use Hungarian algorithm6 [81] for its relative ease.

To perform Hungarian algorithm, a K × K utility matrix, called U (i)
b , is con-

structed. The element (u, k) of this matrix is the benefit from assigning user u to

channel k of base station b. In our case, at the i-th iteration, the benefit is defined

f
(i)
ubk(xk) given in (3.30). The value of f (i)

ubk(xk) is evaluated using the assignment de-

fined in Ai. The Hungarian algorithm guarantees that every user in the cell under

consideration is assigned to a subchannel in such a way that the total utility in that

cell is maximized. The b-th row of Ai is updated after the allocation within the b-th

base station. The algorithm stops when the value of the utility function is stable,

i.e., its value evaluated with the current assignment matrix Ai is the same as the one

obtained with the previous assignment matrix Ai−1. In other words, the algorithm

stops when the Ai is equal to Ai−1, or when Ai and Ai−1 yield the same utility value.

A description of this step is given in Algorithm 3.

Power Control and Spectrum Overlap Allocation

Given the scheduling obtained in the previous step, this part now proposes the sub-

sequent step to determine the powers and uplink/downlink spectrum overlap. First,

write the contribution of every channel to the utility function as follows:
6The Hungarian algorithm is a combinatorial optimization algorithm that solves the one-to-one

assignment problems in a polynomial time. To assign K objects to K elements, the Hungarian
algorithm relies on forming a K × K matrix called cost matrix, where the (i, j)th element of the
matrix is the cost of assigning object i to elementj. The algorithm guarantees that every element
in the row is assigned to an element in the column in such a way that the total cost is minimized
(in our case, the total utility maximized). The Hungarian algorithm guarantees that every user in
the cell under consideration is assigned to a subchannel in such a way that the total utility in that
cell is maximized.
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Algorithm 3 Channel Assignment
1: Input: Ao, p(b), p(u) and α
2: i = 0.
3: Evaluate

∑
b,k

f
(o)
ubk(xk).

4: do
5: i = i+ 1.
6: Ai = Ai−1.
7: for b = 1 to B do
8: Construct the utility matrix U (i)

b using Ai.
9: Apply Hungarian algorithm to find the optimal assignment from Ub.
10:
11: Update the b-th row of Ai with the result.
12: end for
13: Evaluate

∑
b,k

f
(i)
bk (xk);

14:
15: while

∑
b,k

f
(i−1)
ubk (xk) ≤

∑
b,k

f
(i)
ubk(xk)

16: A = Ai
17: Return A

Fk =
∑
b

fubk, (3.31)

where fubk is defined in (3.30). Therefore, maximizing the total utility is equivalent to

separately maximizing the contribution of every channel to the total utility. This is

because the total utility is just the summation of the contribution from all independent

channels, i.e.: ∑
k

Fk. (3.32)

In other words, at this stage (within every iteration, and for fixed scheduling), solve
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the following optimization problem for every k:

max
xk

Fk =
∑
b

fubk(xk), (3.33a)

s.t. 0 ≤ p(u)
k ≤ p(u)

max, (3.33b)

p
(b)
min ≤ p

(b)
k ≤ pmax, (3.33c)

0 ≤ αk ≤ 1, (3.33d)

where the optimization is over xk ∈ R3N , which is the vector containing the design

variables corresponding to the k-th channel, i.e., a concatenation of k-th column of

p(b), p(u) and α as mentioned in Sec. 3.3.2.

For every k, and for both objective functions (3.29) and (3.30), the optimization

problem (3.33) is a non-convex optimization problem due the coupled interference

terms in the SINR expressions (3.45a) and (3.45b). Moreover, the problem has a

difference of convex (d.c.) function structure, which is known to be NP-hard in

general [82]. We, however, argue that the objective function defined in (3.30) is more

convenient for FD cellular networks. Therefore, for this objective function, this work

proposes an algorithm that overcomes the d.c. structure of the problem by means

of iteratively relaxing it to a convex optimization problem that can be solved in a

polynomial time (e.g., the interior point method [63]). Such approach particularly

follows from the ability of transforming the sum-log rate maximization in (3.30) into

a sequence of relaxed convex problems as shown in the following proposition.

Proposition 4. The non-convex utility function in (3.33a) when using (3.30) is ap-

proximated with two convex functions, according to the range of SINRs, as given in

(3.34).

two convex functions iteratively depend on the optimizer of the approximated prob-
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F [j]
k

(
xk,x

[j−1]
k

)
=

N∑
n=1

2 log((1 + αbk)B) +

N∑
n=1

∑
X={b,u}


log
(
v(X )

bk

(
log
(
S(X )

bk (xk)
)
− L̃(X )

bk

(
xk,x

[j−1]
k

))
+ w(X )

bk

)
if γ(X )

bk (x
[j−1]
k ) ≥ 1,

log
(
S(X )

bk (xk)
)
− L̃(X )

bk

(
xk,x

[j−1]
k

)
if γ(X )

bk (x
[j−1]
k ) < 1.

(3.34)

lem in the previous iteration. In (3.34), x[j−1]
k is defined as the solution of the problem

at the (j − 1)-th iteration. L(X )

bk is defined as follows:

L(X )

bk (xk) = log
(
S̃
X )
bk (xk) + I

(XX )

bk (xk) + I(XX )

bk (xk) +N (X )

bk (xk)
)
. (3.35)

L̃(X )

bk

(
xk,x

[j−1]
k

)
is the first order Taylor expansion of L(X )

bk (xk) at x[j−1]
k :

L̃(X )

bk

(
xk,x

[j−1]
k

)
= L(X )

bk

(
x

[j−1]
k

)
+
(
∇L(X )

bk

(
x

[j−1]
k

))T (
xk − x[j−1]

k

)
(3.36)

Finally,

v(X )

bk =
yo

1 + yo
, and (3.37)

w(X )

bk = log(1 + yo)−
yo

1 + yo
log(yo). (3.38)

Note that the interior point method [63] is used to solve the power and α allocation

for the sum-of-rate objective function in the simulations.

Details of the above proposition proof are given in Appendix F. A brief de-

scription of the algorithm used to solve the proposed convex relaxation is shown in
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Algorithm 4 Optimization of the design parameters for channel k
1: Input: k-th column of A
2: Choose a feasible starting point xk =x

[o]
k (for example, FD with maximum pow-

ers).
3: Set the maximum iteration number J
4: j = 1;

5: while ‖∇F [j]
k

(
x

[j−1]
k

)
‖ ≥ ε or j ≤ J do

6: Find v(X )

bk and w(X )

bk using (34) with yo = γ(X )

bk

(
x

[j−1]
k

)
7: Solve the convex approximation of (3.33) using F̃ [k]

(
xk,x

[j−1]
k

)
as objective

function in order to find x[j]
k

8: j=j + 1
9: end while
10: Return xk

Algorithm 4 table.

It is worth noting that since the approximated optimization problem is convex

at each iteration, convex optimization algorithms can be implemented to obtain the

optimal solution at each iteration adequately. The solution for the convex relaxed

problem is, however, a suboptimal solution for the original non-convex problem with

the utility in (3.33a). Nevertheless, the simulations results in the next section show

the appreciable performance improvement of the proposed algorithm compared to HD

and FD schemes for different network environments.

Overall Algorithm

A concise description of the overall iterative algorithm, including all parts described

in the previous subsections, is presented in Algorithm 5. The stopping criteria of the

iterative algorithm is when the value of the utility function is no longer increasing.

Note that the implementation steps of the algorithm require in practice a centralized

processing unit that is aware of the network parameters involved in the resource

allocation process.
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Algorithm 5 Overall Algorithm
1: Construct ρu ∀u ∈ U , ρb ∀ b ∈ B
2: Assign users to base stations, call Algorithm 1:
3: • Input: ρu ∀u ∈ U , ρb ∀b ∈ B.
4: • Output: Ao
5: Set maximum number of iteration N , n = 1;
6:
7: while n ≤ N and

∑
b,k

f
(n−1)
ubk (xk) ≤

∑
b,k

f
(n)
ubk (xk) do

8: for k = 1 to K do
9: Allocate powers and spectrum overlap for all users using the k-th channel,

call Algorithm 4 using Ao:
10:
11: Input: k-th column of A
12:
13: Output: Optimal solution of the relaxed problem xk
14: end for
15: - Construct the matrices p(b), p(u) and α with xk’s.
16: - Find the best channel assignment matching the powers and α, call Algo-

rithm 3:
17:
18: • Input: Ao, p(b), p(u) and α.
19:
20: • Output: A
21: Set Ao = A;
22:
23: Set n = n+ 1;
24: end while
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It is shown in the simulation results, Sec. 3.3.8, that the suggested algorithm

converges after a few iterations for both utility functions introduced in Sec. 3.3.5.

As for its complexity, it is shown in [83] that the complexity (i.e., the total number

of arithmetic operations required to reach an optimal solution) of stable marriage

problem (SMP) is in the order of the square of the number of agents. More specifically,

in our case, the time to run Algorithm 1 is O((BK)2). Each main iteration of the

interior point method (IPM) has a worse case complexity which is a polynomial

function of the problem size [84], i.e., each time the algorithm runs one of the inner

loops of Algorithm 4, the total number of arithmetic operations needed is in the

order of O((B)3). Finally, reference [85] shows that the complexity of the Hungarian

method is in the order of O(K3), where K is the number of agents. In our context,

K is the number of subcarriers. Table 4.1 displays the complexity of each algorithm

and the corresponding number of repetitions in Algorithm 5. M is the number of

iterations needed for Algorithm 3 convergence, and N is the number of iterations of

the outer loop in Algorithm 5.

Algorithm Complexity Repetitions

SMP O((BK)2) 1

Hungarian method O(K3) NMB

IPM O((B)3) NKJ

Table 3.1: Complexity of each algorithm and the number of repetitions needed in the overall
Algorithm 5.

The computational complexity of the overall algorithm, therefore, becomes:

O((BK)2) +N
(
KJO((B)3) +MBO(K3)

)
. (3.39)
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The overall algorithm, therefore, has a polynomial computational complexity.

3.3.7 Benchmark Schemes and Simulation Setup

In this section, different schemes are compared to the proposed interference man-

agement scheme. Since this proposed algorithm performs scheduling, power and α

control, the benchmark schemes are divided into two categories: 1) the benchmark

schemes designated to evaluate the performance of the scheduling part of the sug-

gested algorithm, 2) the benchmark schemes assessing the performance of the power

control and spectrum overlap allocation technique.

Scheduling Benchmark Schemes

The random assignment is the first considered scheduling benchmark scheme, which

allows the users to be randomly assigned to base stations and channels. The sec-

ond scheduling benchmark scheme is the Voronoi cell association, i.e., the users are

assigned to the closest base stations. Within every cell, the channels are randomly

assigned to users. This implies that if a base station has more users in its Voronoi cell

than the available channels, some of the users are not served. The last benchmark

scheme is the exhaustive search. For this scheme, the algorithm compares all the

possible assignments (there are BK! of them) and chooses the one that yields the

highest utility function value.

Power and α Allocation Benchmark Schemes

In this scenario, the performance of the optimized α-duplex is compared to the per-

formance of HD (α = 0 for all users) and FD (α = 1 for all users) schemes. For

these schemes, the users and base stations are assumed to be communicating with

maximum powers.
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Simulation Setup

Four test environments are used in the simulation results, where the types of the

environments and their respective simulation parameters are taken from 3GPP stan-

dard in [65] and are shown in Table 3.2. The parameters for the path-loss model in

Table 3.2 are defined as follows; r is the propagation distance in meters, fc is the

carrier frequency in GHz and d is the average building height (we take d = 5 m). The

thermal noise level is the same at all receivers N(u) = N(b) = −174 dBm/Hz.

In each simulation run, B base stations are deployed with the inter-site distance

(ISD) corresponding to each environment. Unless specifically stated otherwise, B is

equal to 9. Then, BK users are randomly dropped inside the network. The disparity

between uplink and downlink transmit power is specified through δ = p
(b)
min/p

(u)
max. In

Fig. 3.11, 3.12 and 3.15, δ is gradually increased by modification of p(b)
min. p(b) varies

in a range of 10 dB (i.e. p(b)
max = p

(b)
min +10 dB).The self-interference cancellation factor

β is assumed to be perfect unless stated otherwise.

Environment ISD fc 2B p(u)
max Pathloss model

Indor hotspot 60 3.4 40 21 16.9 log10(r) + 32.8 + 20 log10(fc)

Urban micro-cell 200 2.5 20 24 36.7 log10(r) + 22.7 + 26 log10(fc)

Urban macro-cell 500 2 20 24 22.0 log10(r) + 32.8 + 20 log10(fc)

Rural macro-cell 1732 0.8 20 24 20 log10(40πdfc/3) + min(0.03h1.72, 10) log10(d)

− min(0.044d1.72, 14.77) + 0.002 log10(d)d

Table 3.2: Network parameters for different environment (distances in meters, frequency in
Gigahertz, Bandwidth in Megahertz, power in dBm and pathloss in dB)
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3.3.8 Numerical Results

Algorithm Convergence

Fig. 3.10a and Fig. 3.10b show the variations of the utility function with the number of

iterations in the main loop of algorithm 5, for the two objective functions introduced

in Sec. 3.3.5, i.e., the sum of rate and the sum of log rate. As the figures show,

the algorithm converges in a few iterations for both objective functions. It is worth

mentioning that Algorithm 5 does not converge to the true optimal solution. Instead,

it gives a sub-optimal solution, based on a heuristic method, that is efficient and

yields to tangible performance gains as illustrated in the following set of simulation

results.

Gain from the Proposed Scheduling

In order to bring out the importance and efficiency of the proposed scheduling al-

gorithm, in Fig. 3.11, we consider our proposed algorithm (cf. Algorithm 5), and

replace the scheduling part by one of the benchmark scheduling algorithms presented

in 3.3.7. In other words, in Fig. 3.11, we consider the α-duplex scheme with optimized

power and α but with different scheduling techniques. Fig. 3.11 shows the variation

of the value of the utility function according to the disparity between the uplink and

downlink powers. The power disparity here is measured by the difference between

the downlink (BS) minimum power and the uplink (user) maximum power in dB.

The exhaustive search gives the best value of the utility function followed by the

suggested scheduling algorithm, then the Voronoi assignment, and finally the random

scheduling. The value of the utility function obtained from our suggested scheduling

algorithm is much higher than the one obtained from random and Voronoi scheduling.

Moreover, it is comparable to the one obtained from the exhaustive search. This result
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Figure 3.10: Variation of the utility function according to the number of iteration of the
main loop (N) of Algorithm 5.

is satisfying, considering that the suggested algorithm is much simpler to compute as

compared to the exhaustive search.

Comparison of the Two Utility Functions

Fig. 3.12 is shown to support the choice of utility function as explained in 3.3.5. We

consider 3 schemes: 1) our suggested scheme, denoted by α-D in the figure, 2) the

FD scheme with the suggested scheduling algorithm, where α is fixed to 1, and all
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Figure 3.11: Variation of the utility function for α-duplex with optimized α and power,
using different scheduling algorithms, B = 2,K = 3 for micro urban environment.

transceivers transmit with maximum power, and 3) a baseline scheme which considers

the HD scheme (α = 0 for all users) where the scheduling is based on Voronoi delimita-

tion and random channel assignment, and both users and base stations transmit with

maximum transmit power. The figure depicts the variation of the gains in percentage

brought by the α-duplex and FD schemes compared to the baseline scheme (HD), for

uplink rate, downlink rate, and sum of uplink and downlink rates. Particularly, the

figure shows the variations of each gain as a function of the disparity between the up-

link and downlink powers, in which the power disparity is measured by the difference

between the downlink (BS) minimum power and the uplink (user) maximum power

in dB. The considered utility functions in Fig. 3.12a and Fig. 3.12b are, respectively,

the sum of rate (3.29) and the sum of log of rate (3.30). The figures confirm the

fairness introduced by the log-sum rate utility along with the α duplex scheme, espe-

cially in case of high disparity between transmit powers
(
p

(b)
min − p

(u)
max ≥ 10dB

)
. The

figure also shows that the FD is always the best scheme for downlink transmission for

both utilities, and the gain enhances as the minimum downlink transmit power in-

creases. This comes at the cost of degrading the uplink performance as the downlink
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Figure 3.12: Variation of the gain (%) in rate compared to the same baseline scheme,
according to the disparity between uplink and downlink transmit powers (δ) for the micro-
urban environment (downlink and uplink are, respectively, noted DL and UL; α-D means
α-duplex).

power increases, due to the strong interference from other base stations. For low base

station transmit power, the FD communication can still yield small gains in uplink

rate compared to HD: 75% from sum-rate maximization and 58% from log-sum rate

maximization while gaining respectively 197% and 110% in the downlink. For high

downlink transmit power, FD remains advantageous for downlink transmission, but
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the uplink is highly deteriorated. At this point, the sum of log rate utility fails to

prevent the degradation in the uplink rate due to the inflexible spectrum allocation.

The balancing between uplink and downlink, introduced by the fairness-aware

utility, is more evident in α-duplex scheme in which the vector α is also an opti-

mization variable. For low power disparity, α is chosen such that both uplink and

downlink benefit from the partial overlap of the spectrum. As the disparity increases,

the generated downlink interference gets stronger. However, thanks to the choice

of the utility function, in Fig. 3.12b, the scheme never gets to choose a value of α

that deteriorates the uplink transmission. Therefore, for high disparity between up-

link and downlink transmit power
(
p

(b)
min − p

(u)
max ≥ 12 dB

)
, the gain from α-duplex

becomes constant. As a matter of fact, with the optimization of sum of the loga-

rithm of rates, α-duplex never deteriorates any of the performance metrics shown in

Fig. 3.12b (uplink rate, downlink rate and sum of rates). This is not the case when

the utility function is the sum of all rates. As we can see in Fig. 3.12a, for high power

disparity, the optimization problem opts for higher α, in order to boost the downlink

transmission, thereby generating strong interference that shadows the users’ signals

and hence damaging the uplink transmission.

Finally, Fig. 3.12 shows that managing the interference generated by FD communi-

cation through scheduling only is not enough. Adding the control of the transmission

power and the amount of overlap between uplink and downlink spectrum grants better

results.

Optimal value of α

The selection of α as a function of the optimization utility and the uplink/downlink

power disparity can be observed and explained using Fig. 3.13. The figure shows

the optimal α opted by every base station for different levels of disparity between
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Figure 3.13: Chart showing the optimal value of α for different levels of uplink and downlink
power disparity for micro urban environment, BS means base station.

uplink and downlink power. For the sum of log rates optimization, Fig. 3.13a shows

that the chosen α is high when the disparity level is low because the uplink has

sufficient power to compensate for the interference from the others. As the disparity

increases, the system becomes more conservative and selects smaller α to protect

the uplink rate, and tends to 0 at 15 dB (HD communication). On the other hand,

for sum-rate optimization, Fig. 3.13b shows that the system is always aggressive and

chooses a high value of α independently from the level of disparity between uplink

and downlink powers, which explains the high degradation in the uplink rate in the

case of sum of rates utility.

Effect of Self-Interference Cancellation

Fig. 3.14 depicts the effect of the imperfection of self-interference cancellation to the

network performance. The figure shows the variation of the uplink and downlink rate

according to the self-interference cancellation factor β. Note that a higher value of β

means more SI power leaked from the transmitter to the receiver of every equipment.

Therefore, as expected, the uplink and downlink rate are degrading with an increase
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Figure 3.14: Variation of the uplink and downlink rate according to the level of self-
interference cancellation in dB for different level of power disparity, B = 9,K = 3 for
micro urban environment (downlink and uplink are, respectively, noted DL and UL).

of β. The degradation of the rates is more highlighted when the disparity between

uplink and downlink transmit powers is low (i.e., when δ = p
(b)
min − p

(u)
max becomes

0dB). This happens for two reasons. First, in case of low disparity, the algorithm

chooses large overlap between the uplink and downlink spectrum as the cross-mode

and intra-mode interference power is manageable. This leads to high SI power as

the SI is an increasing function of the amount of spectrum overlap. Therefore, poor

self-interference cancellation has a more eminent effect on the performance metrics.

Second, in low disparity, both uplink and downlink powers are relatively low, and so

the useful signal may get shadowed by the SI power.

Comparison to Different Schemes

In Fig. 3.15, we compare our suggested scheme to different schemes obtained from the

combination of the schemes presented in 3.3.7. The variation of the utility function,

the downlink rate and the uplink rate are respectively shown in Fig. 4.3, Fig. 3.15b

and Fig. 3.15c as a function of the disparity between the maximum users transmits
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power and the minimum base stations transmit power. In Fig. 4.3, it can be seen that

the scheme with the suggested scheduling algorithm always provides the highest value

of the utility function. In fact, using the suggested scheduling algorithm, both HD

and FD with fixed powers perform better than the schemes using other scheduling

algorithms, even when these schemes perform the power and α optimization steps.

This is not always the case for uplink and downlink rate. However, considering the

same resource allocation technique (i.e. optimized α-duplex or FD or HD), the one

with the suggested scheduling algorithm yields always the best uplink and downlink

rates.

Fig. 3.15b shows that using FD under maximum transmit power combined with

the suggested scheduling algorithm is the most beneficial. The downlink rate increases

as the minimum downlink transmit power grows. This shows again the indifference of

downlink transmission to interference thanks to its strong transmission power. The

figure also shows that FD with maximum power is the best for the other scheduling

algorithm in terms of downlink rate as well. On the contrary, for uplink transmission,

FD with maximum transmit power is the least favourable, as shown in Fig. 3.15c.

Furthermore, as the base station transmission power increases, the loss generated by

the interference gets worse. The figure also shows that similar conclusions can be

drawn for all scheduling algorithms.

To recap, the balance introduced by the proposed scheme is evident from Fig. 3.15.

The α-duplex scheme always grants the best overall utility function value while main-

taining a balanced uplink and downlink rates.
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Figure 3.15: Comparison of the suggested scheme to different schemes for the sum of log-rate
maximization. N = 9, K = 5 for micro-urban environment (α-D means α-duplex).

Performance of the suggested scheme for Different Network En-

vironments

Finally, Fig. 3.16 shows the gain harvested from the proposed algorithm for maxi-

mizing the sum of log rate under different network environments. The rate gain in
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percentage is calculated with respect to the conventional baseline HD (α = 0) with

maximum power allocation, Voronoi-based user to base station association, and ran-

dom channel to user assignment. Fig. 3.16 also illustrates the performance of the FD

scheme with α = 1, maximum power allocation, but utilizing the scheduling algorithm

proposed in this work. The results are presented under four different environments:

indoor, urban microcells, urban macrocells, and rural environments.

The figure shows that the maximum-power-FD with the suggested scheduling

algorithm offers significant rate improvement for the downlink transmission (up to

188% of gain). Such scheme, however, significantly degrades the uplink transmission

for all environments as expected (down to -88%). The figure particularly emphasizes

the superiority of our proposed α-duplex scheme when compared to the FD scheme as

it always improves the uplink rate without sacrificing the downlink FD rate gains, for

all considered environments. The presented results underline again the importance of

power control and uplink/downlink spectrum partial overlap, in addition to sensitivity

to the scheduling policy. As we can see, scheduling combined with FD is beneficial

only for downlink but deteriorates the uplink transmission. To summarize, the α-

duplex improves both uplink and downlink for all environment schemes and gives

a comparable downlink rate improvement compared to the FD scenario. Hence, the

uplink rate is not only protected, but rather improved without significantly decreasing

the harvested downlink rate gain from FD.
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Figure 3.16: Chart showing the gain from FD/α-duplex compared to HD communication
for different network environments, for sum of log-rate maximization (p(b)

min/p
(u)
max=5 dB).

3.4 Distributed Resource Allocation for α-Duplex Cellular Net-

works

3.4.1 Section Overview and Organization

The work presented in the previous sections of this chapter (Sec. 3.2 and Sec. 3.3)

considers an α-duplex cellular network, and maximizes the network utility function

subject to power constraints by jointly determining the scheduling (user to base sta-

tion association and channel assignment to users within every cell), the transmit power

and the spectrum overlap α within each cell. Therefore, the flexible overlap exploits

the spectrum gain from FD when convenient. However, the algorithms proposed in

Sec. 3.2 and Sec. 3.3 are centralized in nature and requires a central processing

unit that is aware of the network parameters involved in the entire resource allocation

process, which may not be realistic in practice.

Following the same direction, this section considers a α-duplex cellular network

where all base stations and users can operate with adjustable overlap between uplink
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and downlink spectrum. However, unlike the references above and the previous sec-

tions, in this section, we focus on developing distributed resource allocation schemes

and assume that the uplink and downlink channels do not necessarily have the same

spectrum width. We then maximize a network-wide utility function subject to power

constraints and BW-limited rectangular pulse shapes, to determine the power lev-

els of base stations and users, and the width of both uplink and downlink channel

extensions. We solve the problem using an externalities-based approach [86]. The

proposed algorithm uses the local information available at every base-station-user

pair to locally solve a well-designed optimization problem. The proposed algorithm

can be implemented in a distributed fashion across the network, through a reason-

able amount of information exchange between the base-station-user pairs. This work

further uses the developed algorithm to examine three different kinds of network util-

ity functions: the network spectral efficiency, the sum of log rate, and the network

average energy efficiency. Simulation results show that the proposed algorithm con-

verges in a relatively small number of iterations. They further demonstrate that the

energy efficiency maximization problem leads to considerable power savings with a

reasonable loss in total rate, and the desired balancing between uplink and downlink

provided by the sum of log-rate maximization comes at the cost of higher power and

loss in total rate [87].

The rest of this section starts by describing the system model and by deriving the

uplink and downlink rates in a given cell as a function of the optimization variables,

in Sec. 3.4.2. Sec. 3.4.3 formulates the optimization problem and defines the

three analyzed utilities. The distributed resource allocation algorithm is described in

Sec. 3.4.4, 3.4.5, and 3.4.6. The simulation results are shown in Sec. 3.4.8.
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Figure 3.17: The system model representing two cells n and m.

3.4.2 Network Model

Network Model

Consider a single-tier cellular network formed byN single-antenna base stations. Each

base station serves one single-antenna user that is randomly placed in the base station

coverage area. The network has a total BW of 2W Hz which is universally reused by

all base stations. The total BW is equally split into two non-overlapping channels:

in the conventional HD operation, one channel is used for uplink transmission and

the other for downlink transmission. For FD transceivers, the uplink and downlink

transmissions simultaneously occupy the entire available BW of 2W . In this work,

we employ the α-duplex scheme which enables a flexible spectrum allocation for the

uplink and downlink transmission, in such a way that each base station can extend the

uplink and downlink channels within [W, 2W ]. In order to give the network further

flexibility within each cell, the spectrum extensions for uplink and for downlink are not

necessarily equal. More specifically, the uplink BW and downlink BW are extended
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from W to, respectively, (1 +α(u))W and (1 +α(b))W , such that the overall occupied

BW remains 2W . All base stations do not necessarily have equivalent overlap factors

α(u) and α(b). The extension of uplink and downlink channels in the communication

between the n-th base station and its served user are denoted, respectively, by α(u)
n

and α(b)
n .

Let the variables p, h, r, ,β, γ, and R denote the transmit powers, channel gains,

distances between network elements, SI cancellation factor, signal-to-interference-

plus-noise-ratios (SINRs), and transmission rates, respectively. All of the aforemen-

tioned variables come with superscripts to denote the types of network elements (b

for base station and u for user), and subscript to indicate their indices. Variables

with single or double subscripts/superscripts denote, respectively, a single network

element or communicating network elements. For instance, p(b)
m is the transmission

power of the mth base station, p(u)
m is the transmission power of the mth user, and

r
(bu)
mn is the distance between the mth base station and the nth user. Fig. 3.17 shows

an example of the considered network with two distinct cells n and m. l(r) denotes

the function which accounts both for the signal power attenuation with distance r,

and for the shadowing effect.

The partial overlap between the uplink and downlink channels results in changes,

not only in the residual SI and the regular FD cross-mode interference, but also in

the intra-mode interference that exists in conventional HD scheme. Fig. 3.18 shows

the actual amount of overlap between different transmissions’ bandwidth. Fig. 3.18a

shows the overlap between the uplink channels in the nth and mth cells, this generates

the intra-mode interference. Similar overlap exists between downlink channels of

different cells. Fig. 3.18b shows the overlap between the uplink channel of the nth cell

and the downlink channel of the mth cell, this generates the cross-mode interference.

Let the n-dimensional row vectors p(b), p(u), α(b) and α(u) denote the base stations
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Figure 3.18: Amount of overlapping BW in α Duplex.

transmit powers, the users transmit powers, and the uplink and downlink channel

extensions for all base stations, respectively. Let x ∈ R4N be the concatenation of all

optimization variables in the resource allocation:

x =
[
p(b),p(u),α(b),α(u)

]T
. (3.40)

In the rest of this section, the vector x is interchangeably called the design vector.

The three utilities that are studied in this section are all rate dependent. It is,

therefore, essential to have the expression of the uplink and downlink rates in each

cell as a function of the design vector x. Such expressions are next derived in this

section.

Intra and Cross-Mode Interference Factors

Due to the partial overlap between the uplink and downlink channels as shown in

Fig. 3.18, only fractions of the intra-mode interference, cross-mode interference and

residual SI power leak through the receiver filter. It is worth noting that the SI is a
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special kind of cross-mode interference: it captures the interference from one mode

to another, but only within the same cell. These fractions of interference power are

called intra-mode and cross-mode interference factors. Note that these factors differ

from the ones presented in reference [26] since, in this section, the extension of the

uplink BW is not necessarily equal to the extension of downlink BW in every cell,

i.e., at the n-th cell, we have: α(b)
n 6= α

(u)
n . Referring to Fig. 3.18a, the intra-mode

interference factor between the n-th and m-th cells is given by [31]:

I(α(u)
n , α(u)

m ) =

∣∣∣∣∣∣∣
(1+min(α

(u)
n ,α

(u)
m ))W∫

0

1√
(1 + α

(u)
n )W

1√
(1 + α

(u)
m )W

dx

∣∣∣∣∣∣∣
2

=
(1 + min(α(u)

n , α(u)
m ))2

(1 + α
(u)
n )(1 + α

(u)
m )

=



(1+α
(u)
n )

(1+α
(u)
m )

α(u)
n < α(u)

m ,

1 α(u)
n = α(u)

m ,

(1+α
(u)
m )

(1+α
(u)
n )

α(u)
n > α(u)

m .

(3.41)

Similarly, referring to Fig. 3.18b, the cross-mode interference factor between the

n-th and m-th cells is as follows:

C(α(u)
n , α(b)

m ) =

∣∣∣∣∣∣∣
(α

(u)
n +α

(b)
m )W∫

0

1√
(1 + α

(u)
n )W

1√
(1 + α

(b)
m )W

dx

∣∣∣∣∣∣∣
2

,

=
(α(u)

n + α(b)
m )2

(1 + α
(u)
n )(1 + α

(b)
m )

. (3.42)

Therefore, the SI factor at the n-th cell is:

CSI(α
(u)
n , α(b)

n ) =
(α(u)

n + α(b)
n )2

(1 + α
(u)
n )(1 + α

(b)
n )

(3.43)
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Uplink and Downlink Rates

The uplink and downlink transmissions in the nth cell occupy (1 + α(u)
n )W and (1 +

α(b)
n )W , respectively. Therefore, the resulting uplink and downlink rates are:

R(u)
n (x) = (1 + α(u)

n )W log(1 + γ(u)
n (x)), and (3.44a)

R(b)
n (x) = (1 + α(b)

n )W log(1 + γ(b)
n (x)). (3.44b)

In (4.26), γ(u)
n and γ(b)

n are, respectively:

γ(u)
n (x) =

S(u)
n (x)

S̃
(b)
n + I

(bb)
n (x) + I

(ub)
n (x) +N

(b)
n (x)

, and (3.45a)

γ(b)
n (x) =

S(b)
n (x)

S̃
(u)
n (x) + I

(uu)
n (x) + I

(bu)
n (x) +N

(u)
n (x)

. (3.45b)

In (3.45a), S(u)
n is the uplink useful signal:

S(u)
n (x) = p(u)

n h(ub)
nn l(r(ub)

nn ). (3.46)

S̃(b)
n is the SI power received at the receiver of the n-th base station from its trans-

mitter:

S̃(b)
n =

β(b)
n p(b)

n (α(u)
n + α(b)

n )2

(1 + α
(u)
n )(1 + α

(b)
n )

. (3.47)

I(bb)
n (x) is the interference power received by the n-th base station from all other base

stations, (i.e. the cross-mode interference from the downlink transmissions in other

cells, which affects the uplink transmission at the n-th cell). Using (3.42), I(bb)
n (x)

can be written as:
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I(bb)
n (x) =

∑
m∈{1..N}
m 6=n

p(b)
m h(bb)

mn l(r
(bb)
mn )(α(u)

n + α(b)
m )2

(1 + α
(u)
n )(1 + α

(b)
m )

. (3.48)

I(ub)
n is the interference power received by the n-th base station from all other users

(i.e., the intra-mode interference from the uplink transmissions in other cells, which

affects the uplink transmission at the n-th cell). Using (3.41), I(ub)
n can be written as:

I(ub)
n (x) =

∑
m∈{1..N}
m 6=b

α
(u)
n ≤α

(u)
m

p(u)
n h(ub)

mn l(r
(ub)
mn )

(1 + α(u)
n )

(1 + α
(u)
m )

+

∑
m∈{1..N}
m 6=n

α
(u)
n >α

(u)
m

p(u)
m h(ub)

mn l(r
(ub)
mn )

(1 + α(u)
m )

(1 + α
(u)
n )

. (3.49)

Finally, N (b)
n is the noise power at the receiver of n-th base station, i.e.:

N (b)
n (x)=

(
1 + α(b)

n

)
N(b)W, (3.50)

where N(b) is the thermal noise level at the base station receiver, which is assumed

to be the same for all base stations.

The expressions of the terms in the downlink SINR (3.45b) are similar to the

ones for uplink SINR (3.45a). They can be deduced from the above expressions with

an appropriate change in the variables superscripts. Therefore, they are omitted for

brevity.
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3.4.3 Optimization Problem Formulation

Optimization Problem

The objective of this section is to optimally allocate the network resources (power

levels of base stations and users, and the width of both uplink and downlink channel

extensions) in order to maximize an overall network utility, denoted by U(x). The

common feature among the utilities considered in this section is their separability, i.e.,

U(x) =
∑N

n=1 Un(x), where Un(x) is the utility associated with every cell n. Each

Un is, however, a function of the entire design vector x as shown in the uplink and

downlink rates in (3.44a) and (3.44b). The overall optimization problem considered

in this section can then be formulated as follows:

max
x=[p(b),p(u),α(b),α(u)]

U(x) =
N∑
n=1

Un(x) (3.51a)

s.t. 0 ≤ p(u) ≤ p(u)
max, (3.51b)

0 ≤ p(b) ≤ p(b)
max, (3.51c)

0 ≤ α(u) ≤ 1, (3.51d)

0 ≤ α(b) ≤ 1, (3.51e)

where the maximization is over the network design vector x, i.e., the uplink and down-

link transmission powers, and the spectrum overlap across all cells, where constraints

(3.51b) and (3.51c) account for the power constraints at the users and the base sta-

tions, respectively, and where constraints (3.51d) and (3.51e) are the inequalities that

bound each of the spectrum overlap fractions to be between 0 and 1. Problem (3.51)

is non-convex in general, because of the coupling of the interference terms in the rate

expressions given in (3.44a) and (3.44b). Globally solving the problem is, therefore,

difficult in general. We, instead, present a feasible, practical solution to solve the
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problem in a distributed manner across the network.

Utilities Description

As mentioned earlier, in this section, we focus on three distinct rate-dependent utility

functions. The first utility function is the network spectral (SE), i.e., the total rate,

uplink and downlink, per cell per unit of bandwidth. where the utility associated

with the nth, Un(x), is given by:

Un(x) =
1

2WN

(
R(u)
n (x) +R(b)

n (x)
)
. (3.52)

The second considered utility is the sum of the logarithm (SLR) of the uplink rate

and the logarithm of the downlink rate, i.e.:

Un(x) = log
(
R(u)
n (x)

)
+ log

(
R(b)
n (x)

)
. (3.53)

The utility function in (3.53) is chosen for its ability to balance the uplink and down-

link rate gain, and to protect the uplink transmission from the strong interference

due to downlink transmission, especially when there is a high disparity between the

uplink and downlink transmission power [88].

The third utility function of interest is energy efficiency (EE), defined as the rate

per unit power, which can be written as follows:

Un(x) =
R(u)
n (x) +R(b)

n (x)

N
(
P

(u)
c + P

(b)
c

)
+

N∑
n=1

p(u)
n + p(b)

n

, (3.54)

where P (u)
c and P (b)

c are the circuit powers at the user equipment and base station,

respectively.

Solving the optimization problem described in (3.51) requires the network to have
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a central unit aware of all the network parameters involved in the expressions of the

rates (i.e., all distances and all instantaneous channel gains). The existence of such

an entity is, however, not realistic in practical scenarios. Developing a distributed

solution to solve the problem is, therefore, crucial for the proper use of the resources.

This section proposes a distributed algorithm to solve problem (3.51). Such a method,

based on the externalities approach, first proposed in [86], assumes that every cell in

the network has partial information about the network parameters. It then uses this

information to sequentially perform a local optimization in each cell, to eventually

maximize the overall network utility.

3.4.4 Externalities Structure of the Problem

The overall network utility in (3.51) is the sum of all cells utility, and each cell utility is

a function of its uplink and downlink rates. Due to the interference terms in the rates

expressions (3.44a)-(3.45b), one cell utility depends on how the resource is allocated in

other cells (i.e., the uplink and downlink transmission powers and the overlap between

uplink and downlink spectrum in other cells). In other words, any change in uplink

and downlink power and/or overlap between uplink and downlink spectrum in one

cell directly affects other cells utility functions. Separately maximizing every cell’s

utility function, therefore, leads to a non-optimal result where every cell transmits

with its uplink and downlink maximum transmission power, and where every cell

operates with a locally optimal overlap between uplink and downlink spectrum.

Problem (3.51) is called resource allocation with externalities, i.e. a resource

allocation for a network of entities, where the aim is to maximize the summation of

all entities’ utilities, and the resource allocation in one entity affects (externality) on

the other entities utility. Similar problems are studied in the field of economics [86],

and wireless networks [89]. In an externalities-based decentralized algorithm, every



154

entity solves a local optimization that maximizes an intelligently modified version of

its utility function, where the modification takes into consideration the externality

effect. At each entity, the modified utility function is updated according to the

messages received from the other elements of the network at every iteration.

This work develops an externalities-based decentralized algorithm to solve prob-

lem (3.51). The developed algorithm is then applied to the three utility functions

given in Subsec. 3.4.3.

3.4.5 Externalities-Based Algorithm

This section, first, presents the assumptions that are taken to ensure the readers’

clear understanding of the algorithm.

Assumption 1 : At the nth cell, and at the ith iteration of the algorithm, the n-

th base station performs an optimization that maximizes a local utility W(i)
n . The

optimization variable is the vector x, and x(i)
n denotes the solution of the local opti-

mization.

Assumption 2 : The n-th the base station is aware of:

• the nth-th cell utility Un, which is a function of the uplink and downlink rate in the

n-th cell,

• the channel state information from n-th base station to its served user,

• the channel state information from all other elements of the network to the n-th base

station,

• the channel state information from all other elements of the network to the user it

serves (nth user).

Assumption 3 : The channel gains are constant during the resource allocation period.
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Assumption 4 : Every cell utility Un is a private information belonging to base

station n.

Assumption 5 : The number of cells in the network is known by all base stations.

Assumption 6 : The channel gain is symmetric, i.e., the channel gain from element

1 to element 2 is equal to the channel gain from element 2 to element 1, where element

is either a user or a base station, e.g. h(ub)
mn = h(bu)

nm .

Assumption 7 : Every base station broadcasts the optimal parameters to the other

base stations, i.e. the nth base station broadcasts x(i)
n after the ith local optimization.

This is the only information communicated between cells.

At the i-th iteration, base station n solves the following optimization problem:

x(i)
n = max

x
W(i)
n (x) (3.55a)

s.t. (3.51b), (3.51c), (3.51d), (3.51e). (3.55b)

W(i)
n is the modified utility function that the nth base station maximizes, it is defined

as follows:

W(i)
n (x) = Un(x)− τ (i)‖x− x(i−1)‖2. (3.56)

The second term in (3.56) is the modification that reflects the externalities effect.

x(i−1) is the average of x(i−1)
n over n, i.e., x(i−1) = 1

N

∑N
n=1 x

(i−1)
n . The second

term (3.56), therefore, can be described as a penalty to the n-th cell for deviating

from what is optimal from other cells perspectives. τ (i), the modification parameter,

is chosen in such a way that τ (i) < τ (i+1) and τ (1) = 0. This choice guarantees that,

as the algorithm progresses, the local optimal solution x(i) gets closer to the optimal

value of x from other cells perspectives, i.e., x(i).

The proposed decentralized algorithm steps are summarized in Algorithm 6.
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Algorithm 6 Externalities-based algorithm

1: All base stations agree on the total number of iterations J and the sequence τ (i)

2: Set i = 1.
3: while i ≤ J , at every base station n : do
4: Find x(i)

n by solving problem (3.55).
5: Broadcast x(i)

n .
6: Compute x(i) = 1

N

∑N
n=1 x

(i)
n

7: Increment i, i = i+ 1.
8: end while

3.4.6 Distributed Implementation

To implement Algorithm 6 in a distributed fashion across the network, firstly, all

base stations chooses the sequence τ (i) (this choice depends on the maximized utility

function). Then, every base station n, (n = 1, .., N) computes x(1)
n by locally solving

the following optimization problem:

x(1)
n = max

x
Un(x), (3.57a)

s.t. (3.51b), (3.51c), (3.51e), (3.51d). (3.57b)

which is the optimization problem described in (3.55) with τ (1) = 0. The n-th base

station broadcasts x(1)
n to all other base stations of the network. Each base station

computes the mean vector x(1) after receiving the optimal vectors from other base sta-

tions. At the second iteration, each base station solves the new modified optimization

problem with τ (2)
n and x(1). The process then continues until convergence.

3.4.7 Complexity Analysis

We propose utilizing the interior point method (IPM) to solve the local optimization

at each base station at every iteration (3.55). Despite its non-convexity, problem

(3.55) is a smooth one, and so it can be efficiently solved with the IPM [63]. The

total number of arithmetic operations required to reach an optimal solution of the
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IPM, i.e., its computational complexity, is in the order of the cube of the number

of variables (i.e., a polynomial function of the problem size) [63]. Therefore, the

per-iteration complexity of the suggested decentralized algorithm is O(N3) per path-

following interior-point iteration.

3.4.8 Numerical Results

This section presents the performance of the suggested decentralized resource alloca-

tion algorithm, for the utility functions that are presented in 3.4.3 and for different

network environments. Consider a network with nine single-antenna base stations,

each serving a single-antenna user within its coverage. The network parameters (W ,

carrier frequency, inter-site distance, maximum powers) and the propagation model

of the different network environments are all taken from the 3GPP standard in [65].

The SI cancellation factor for all network equipments is β = −120dB. The circuit

power at every user equipment is 0.05 Watts. The consumed circuit power at the

base station in macro-cell, micro-cell and femto-cell are respectively 0.5, 0.1 and
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0.05 Watts. The thermal noise level for all receivers is N(χ) = −174dBm/Hz, where

χ ∈ {u,b}. The channel gains follow a Gamma distribution where both the shape

and scale parameters are equal to 1. The algorithm convergence rate highly depends

on the modification parameter sequence τ (i). In this work, for each maximized utility,

we attempt to use different sequences τ (i), and utilize the sequence that provides the

most efficient results.

To illustrate the convergence performance of the proposed algorithm, the three

figures Fig. 3.19-3.21 consider the three network utility functions presented in 3.4.3:

SE, SLR, and EE, respectively. The figures separately plot the utility functions

versus the number of iterations for a micro-urban environment. In order to assess

the performance of the proposed decentralized algorithm, we consider five different

benchmarking schemes for comparison purposes:

• the result of the centralized optimization which directly solves problem (3.51) using

IPM, named “α-D centralized",

• FD communication with centralized power allocation, named “FD centralized",
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(α-D means α-duplex).

• HD communication with centralized power allocation, named “HD centralized",

• FD communication with maximum power for all transmitters, named “FD- max power",

• HD communication with maximum power for all transmitters, named “HD- max

power".

Fig. 3.19-3.21 illustrate the fast convergence behaviour of the proposed algorithm

under the three utility functions. The figures particularly show that for the SLR and

EE utilities, the algorithm converges within five iterations. For the EE maximization,

the algorithm converges within 90 iterations. As expected, the figures show that

allocating resource in a centralized manner shows the highest performance; however,

such centralized computation requires the existence of a centralized processor with

global information, which is not realistic in practice. Fig. 3.19-3.21, particularly, show

that our proposed decentralized algorithm outperforms both the "FD-max power" and

"HD-max power" schemes, which highlight the importance of the proposed solution

in mitigating the multi-mode interference levels considered in this work.

To further highlight the trade-off between the consumed power and the achieved
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Figure 3.23: Total network rate/109.

rate for each of the three utility functions, Fig. 3.22 and Fig. 3.23 show, respectively,

the total network power and the total network rate under different network envi-

ronments (macro, micro and femto-cell). As expected, maximizing the SE gives the

highest total rate for all three environments. Fig. 3.22 and Fig. 3.23 further show

that maximizing the EE leads to considerable power savings, with a reasonable loss

in the total network rate. Finally, Fig. 3.22 and Fig. 3.23 illustrate that the balanc-

ing between uplink and downlink, which is often provided by the SLR maximization,

comes at the cost of higher power and loss in the total rate.
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3.5 Summary

In this chapter, we consider a cellular network with partial spectrum overlap between

the downlink and uplink (α-duplex). The partial overlap α is assumed to be flexible

and is used as a means to devise smart spectrum sharing techniques between the

downlink and uplink transmission.

First, we show the potential performance gain from such a communication scheme

when the partial overlap is tuned adequately according to the network parameters.

We propose an interference management scheme that controls per-cell transmission

powers as well as the amount of overlap between uplink and downlink resources in or-

der to maximize an overall network utility (sum-rate and sum log-rate). The problem

is solved using the interior point method.

Second, we propose an interference management scheme for α-duplex cellular net-

works through joint user-to-BS association, scheduling, power allocation and control

of the amount of overlap between uplink and downlink spectrum for α-duplex cel-

lular networks. The problem of maximizing a rate-based utility function, subject

to power constraints and bandwidth-limited rectangular pulse shapes, is considered.

We propose solving such a difficult problem by a heuristic algorithm that decouples

the non-convex mixed-integer formulated optimization problem into simpler subprob-

lems. The algorithm, first, matches users to base stations, then alternates between

channel assignment and power/α allocations. The results confirm the superiority

of the suggested algorithm compared to different benchmarks. From one side, FD

communication is advantageous for downlink rate at the expense of significant de-

terioration on the uplink rate. On the other side, HD under-utilizes the available

spectrum. Our results show that, with the proposed resource allocation algorithm,

a considerable performance gain can be achieved with maintaining a good balance
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between the downlink and uplink transmission. Furthermore, we conclude that the

utility function formulation should depend on the disparity between the uplink and

downlink transmission powers. For low uplink transmission power, it is preferable

to optimize the utility function harmonizing the uplink and downlink profits, in our

case, the sum of the logarithm of rates. In contrast, for high uplink transmission

power, optimizing the summation of rate grants full exploitation of the resources,

which leads to simultaneous uplink and downlink gains.

The practical system implementation must be considered when designing inter-

ference mitigation techniques for cellular networks. The last section of this chapter

addresses such consideration for α-duplex cellular networks. We propose solving the

resource allocation problem in a distributed manner. We formulate an optimization

problem that maximizes the network-wide utility subject to power constraints, so as

to fine-tune the transmit powers and the spectrum overlaps in the underlying α-duplex

cellular network. We solve the formulated problem using an externalities-based algo-

rithm, which can be implemented in a distributed fashion. The presented simulation

results illustrate the fast convergence behaviour of the proposed algorithm. They

further show how the energy efficiency maximization problem leads to considerable

power savings with a reasonable loss in total rate, and how the desired balancing

between UL and downlink provided by the sum of log-rate maximization comes at

the cost of higher power and loss in the total rate.

To summarize, in the first part of this work, we analyze the implementation of

full-duplexing (a spectrum sharing technology that allows a transceiver to transmit

and receive simultaneously on the same time-frequency radio channel) in cellular net-

works. We show that, with proper interference management techniques, considerable

uplink and downlink performance gains can be achieved from such technology. In the

next part of this work, we analyze another spectrum sharing technology called Non-
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Orthogonal Multiple Access (NOMA). In NOMA, the same radio resource is used

to transmit to multiple receivers simultaneously. The literature shows that, in an

interference-free environment, multiplexing multiple users in the power domain and

serving them in a non-orthogonal way (i.e., on same time-frequency radio channel)

yields better rate region than the conventional orthogonal multiple access where each

radio channel is allocated to a unique user. However, reference [8] shows that the per-

formance gain from NOMA is highly sensitive to interference. Therefore, considering

Fog-Radio Access Network (FogRAN) architecture (a network architecture designed

to reduce network latency), we analyze the implementation of such scheme in the

downlink of a cellular network where every user suffers from the interference from

the transmission in other cells. More precisely, we propose interference management

techniques through resource allocation for NOMA-based FogRAN.



Part II

Non-Orthogonal Multiple Access in FogRAN Architecture
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Chapter 4

Resource Allocation for Non-Orthogonal Multiple Access in

FogRAN Architecture

4.1 Introduction and Motivation

Spectrum sharing technologies have emerged as attractive solutions to overcome spec-

trum deficiency in wireless communications. In this dissertation’s previous chapters,

we show that, with proper interference management, considerable performance gains

can be achieved by allowing the uplink and downlink transmissions to share the same

time-frequency channel in a cellular network. In this chapter, we propose and analyze

interference management techniques for another spectrum sharing technology called

Non-Orthogonal Multiple Access (NOMA) where multiple users are served through

the same time-frequency channel.

4.1.1 Non-Orthogonal Multiple Access

In conventional cellular networks, each basic radio resource unit - that is time, fre-

quency, code or space - is allocated to a unique user, a strategy that is generically re-

ferred to as Orthogonal Multiple Access (OMA). The suboptimality of such a scheme,

however, has been well established in the information-theoretical results of [7], as

larger rate regions can be achieved by simultaneously serving multiple users over each

resource unit. Such principle, also known as Superposition Coding (SC) with succes-

sive interference cancellation, forms the platform of Non-Orthogonal Multiple Access
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Figure 4.1: NOMA for two users multiplexed in the power domain.

(NOMA), and is known to be a capacity-achieving scheme in the Gaussian broadcast

channel [7]. In NOMA, distinct users messages are superposed in one basic resource

unit and multiplexed in the power domain both by exploiting the channel gain differ-

ence between users and by applying successive interference cancellation [90], fig. 4.1.

The literature shows that non-orthogonal transmission outperforms orthogonal trans-

mission in terms of spectral efficiency, the number of connected devices, latency, and

energy efficiency [91]. Multiplexing multiple users within the same resource unit yield

to a larger rate region.

In downlink NOMA, substantial rate-fairness trade-off can be achieved by an

uneven power split [92]. While a user with weak channel power gain, hereafter denoted

as weak user, is served with high power, a user with strong channel power gain,

hereafter denoted as strong user, is served with low power. On one hand, the strong

user performs successive interference cancellation decoding, i.e., first, it decodes the
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weak user’s signal and subtracts it from the received signal, and then decodes its own

signal. On the other hand, the weak user directly decodes its signal from the received

signal by treating the strong user’s signal (with low power) as noise. Such applicability

of NOMA in 5G systems has recently garnered much interest in the literature of single

cell [93,94], relay networks [95,96] and large-scale networks [8]. The results in [8] show

that, combined with well-designed interference management, NOMA can yield better

spectral efficiency compared to OMA in large-scale 5G cellular networks.

4.1.2 FogRAN Architecture

To improve network management efficiency, Cloud-Radio Access Network (CloudRAN)

incorporates cloud computing capabilities into wireless networks. The network, there-

fore, benefits from the cloud capability to perform substantial and large scale resource

allocation and interference management. In CloudRAN, base-stations’ functionality

is split into two components: Remote Radio Heads (RRHs) which serve as the data

plane that grants wireless coverage, and a centralized pool of Baseband Units (BBUs)

which acts as the control plane that handles large-scale signal processing and resource

management [97]. Under such realm, RRHs are connected to the BBU pool through

capacity-limited fronthaul links. Resource allocation schemes are abundant in the re-

cent literature of CloudRANs, e.g., the power allocation and beamforming problem in

[98]. The performance of such architecture is, however, constrained by a) the capac-

ity of the link that connects the cloud to the remote radio heads (RRHs), known as

the fronthaul link, b)and the centralized processing schemes, which causes significant

transport delays and are unsuitable for the envisioned use cases for the next genera-

tions of cellular networks. These limitations cause a delay, which can only get worse

because the number of connected devices is perpetually and exponentially increasing.

Furthermore, more applications that require ultra-low latency are emerging, such as
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self-driving cars and remote surgery.

To mitigate the traffic burden on the fronthaul link, an alternative network ar-

chitecture, named as FogRAN, also known as Mobile Edge Computing (MEC) or

Cloudlets, recently emerges. In FogRAN architecture, part of the control and the

storage are moved closer to the network edge [99]. More specifically, in FogRAN, the

fog access points (FogAPs) and the user devices cache the most requested contents

and perform distributed signal processing, and resource allocation. Therefore, in ev-

ery aspect of the design of the future generation, there are several challenges that has

to be addressed such as efficient division of the control and the storage between the

cloud and the fog [100], joint optimization of the caching placement and the radio re-

source allocation [101], distribution of the radio resource between different use cases,

and an efficient radio access network.

4.1.3 Integration of NOMA in FogRAN Architecture

For the reasons previously, NOMA-based FogRAN is an attractive solution that has

the potential to meet the expected 5G cellular networks performance. Several research

papers show the potential of joint cloud-edge processing capabilities of FogRAN to si-

multaneously improve various system objectives such as network throughput, energy-

efficiency, but also user fairness and delays. In the FogRAN architecture, the delay

caused by the fronthaul link is alleviated by delegation of control and storage to the

network edge.

To the best of our knowledge, this work is the first to study a NOMA-based Fo-

gRAN architecture consisting of several FogAPs. We evaluate the potential benefit

of joint scheduling and power adaptation in NOMA-based downlink in Fog-Radio Ac-

cess Networks (FogRAN). We consider the downlink of a FogRAN, where the Fog Ac-

cess Points (FogAPs) are connected to central cloud baseband units (BBUs) through
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capacity-constrained fronthaul links. The FogAPs adopt a two-user NOMA scheme,

within each resource block (RB), to serve a common set of users.

This work considers the downlink of a NOMA-based FogRAN, where the cloud is

connected to the fog-access points (FogAPs) through capacity-limited backhaul links.

The data of every FogAP are transmitted over multiple Resource Blocks (RBs), where

two users are multiplexed within each RB. We then tackle the resource allocation

problem of jointly optimizing the RBs-to-users assignment, the power allocation and

the NOMA power split by maximizing the weighted-sum rate across the network. We

investigate the resource allocation problem for a downlink NOMA-based FogRAN

architecture composed of several FogAPs, each transmitting over multiple RBs. In

each RB, each FogAP can serve two users through NOMA, where the user with better

channel is referred to as the a strong user, while the user with worse channel is called

the weak user1. The power allocated to each RB is, therefore, split between its two

assigned users.

4.1.4 Related Research Works

The integration of NOMA in a CloudRAN architecture is analyzed in a few recent

works, e.g., [94, 102–108]. References [94] and [102] analyze the outage probability

in a NOMA-based CloudRAN network. In particular, reference [102] proposes an

architecture, where the cell-centre users are served by their nearest RRHs as their

strong users, while multiple RRHs collaborate to serve the cell-edge users as their weak

users. Using stochastic geometric tools, it is shown in [102] that NOMA enhances the

performance of the cell-edge users.

References [103] and [104] analyze the energy efficiency of the downlink of a
1In theory, NOMA allows the superposition of K ≥ 2 users per RB, but with much reduced

incremental gains as Kgrows[92]. This is why we focus here on solving for K = 2, the most
fundamental and insightful case which is already intricate.
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CloudRAN cellular network. In [103], NOMA is adopted in the wireless backhaul

links connecting the BSs to the cloud, while in [104], it is adopted in the commu-

nication between RRHs and users. Both papers show that the NOMA scheme can

achieve higher energy efficiency compared to conventional OMA.

Several researchers investigate resource allocation for NOMA-based CloudRAN [105–

108]. While reference [105] optimizes the beamforming strategy in order to maxi-

mize the minimum delivery rate of files requested by users, reference [106] proposes

a heuristic algorithm that maximizes the network sum-rate by separately assigning

users to RRHs and optimizing the transmission power. The authors of [107] propose

a distance-based power allocation algorithm, as well as an algorithm that determines

the optimal number of BSs. In the same context, reference [108] proposes a low com-

plexity algorithm that assigns each group of users to subchannels and determines the

transmission subchannel for every RRH.

As for the integration of NOMA in a FogRAN, reference [109] addresses the re-

source allocation for NOMA-based FogRAN where both FogAPs and user equipment

are able to store some data. Moreover, D2D communication is enabled between the

users. The authors in [109] propose a power allocation optimization strategy, where

every user maximizes its utility function under power constraints and interference-

based pricing function. The users in [109] are assigned to subchannels using a many-

to-many two-sided matching-based solution. To the best of our knowledge, however,

no joint user assignment and power allocation optimization solution have been dis-

cussed or analyzed in the past literature.

4.1.5 Chapter Objectives and Organization

This work examines the benefit of adopting NOMA in a FogRAN architecture with

constrained capacity fronthaul. We tackle the interference management problem by
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developing adequate resource allocation that optimally allocates users to FogAPs and

resource units. We formulate an optimization problem that maximizes a network-wide

rate-based utility function subject to fronthaul-capacity constraints. The resulting

mixed-integer optimization is then decomposed and solved iteratively. The proposed

solution complies with FogRAN operation that aims to partially shift the network

control to the FogAPs in order to overcome delays due to fronthaul rate constraints.

Simulations results illustrate the advantages of the proposed methods compared to

different baseline schemes, including the conventional Orthogonal Multiple Access

(OMA), for different utility functions and different network environments.

The work presented in this chapter has two main parts.

• In the first part, presented in Sec. 4.2, the resource allocation problem max-

imizes the summation of the logarithm of downlink rates of all users in the

network. Considering one resource block (RB), the resource allocation problem

determines the user-to-FogAP assignment and how the available power at every

FogAP is divided between the NOMA multiplexed users. We solve the resulting

mixed-integer non-convex optimization problem using a two-step centralized-

distributed approach. We reformulate the assignment problem (solved at the

centralized BBU pool) such that a regular one-to-one assignment algorithm is

applicable. Then, the power adaptation is solved at every FogAP using a bar-

rier method. Simulation results show that the proposed NOMA-based algorithm

outperforms conventional Orthogonal Multiple Access (OMA) algorithms, even

with stringent fronthaul limitations. The proposed algorithm further shows an

appreciable performance trade-off between the rate and fairness metrics.

• Considering the positive outcomes of the preliminary analysis presented in the

first part, the second part, presented in Sec. 4.3, expands the analysis to multiple
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RBs. Furthermore, we formulate a mixed-integer optimization problem that

maximizes the weighted-sum rate subject to fronthaul-capacity constraints, to

determine i) the user-to-RB assignment, ii) the allocated power to each RB, and

iii) how that power is split between the NOMA multiplexed users in every RB.

We propose a feasible decoupled solution for such a non-convex optimization

problem using a three-step hybrid centralized-distributed approach. We propose

and compare two distinct methods for solving the assignment problem, namely

the Hungarian method, and the Multiple Choice Knapsack method. The power

allocation and the NOMA power split optimization, on the other hand, are

solved using the alternating direction method of multipliers (ADMM).

4.2 Resource Allocation for Single Resource Block

4.2.1 Section Overview and Organization

In this first section, for fairness purposes, the optimization problem of interest maxi-

mizes a sum-log-rate utility function subject to fronthaul-capacity constraints, to de-

termine both the user-to-FogAP assignment and the fraction of power split between

users served by each FogAP. We suggest solving such a mixed integer-continuous opti-

mization problem in an iterative two-step approach. The user-to-FogAP assignment is

first solved in a centralized way at the BBU pool by reformulating the problem in such

a way that enables applying a Hungarian algorithm-like solution. Based on this prob-

lem reformulation, the power split optimization is then solved in a distributed manner

at every FogAP using a barrier method. Simulations results show that the proposed

NOMA-based algorithm outperforms conventional OMA-based systems, even with

stringent fronthaul limitations. The proposed algorithm further shows an appreciable

trade-off performance between the rate and fairness metrics [110].
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The rest of this section is organized as follows. First, we present the system

model in Sec. 4.2.2. Then, we derive the expression of the SINR and the rate in

Sec. 4.2.3 before formulating the optimization problem in Sec. 4.2.4. The proposed

resource allocation algorithm is detailed in Sec. 4.2.5. We present benchmark schemes

in Sec. 4.2.6 before showing and discussing the results in Sec. 4.2.7.

4.2.2 Network Model

Consider the downlink of an FogRAN composed of F single antenna FogAPs, where

each FogAP is connected to the BBU pool via a rate-limited fronthaul link. Every

FogAP has a certain number of orthogonal RBs. Each RB represents the basic allo-

cation unit which cannot be decomposed further and hence is allocated to a unique

user in conventional OMA systems (such as OFDMA in LTE-Advanced). In contrast,

in the considered NOMA-based system in this work, each RB can be used to serve a

pair of users, i.e., the pair of users are served on the same time-frequency RB using

power multiplexing.2 For spectrum efficient operation, the RBs are universally reused

by all FogAPs. This work focuses on one of these orthogonal RBs. The network of

the F FogAPs serves U users on the considered RB. For every pair of users sharing

one RB in each FogAP, one of the users is referred to as the strong user. The other

user is referred to as the weak user. The strong user, first, decodes the weak user’s

signal, and then subtracts it from the received signal before decoding its own. The

weak user, on the other hand, directly decodes its signal by treating the strong user’s

signal as noise. Note that both users are subject to interference from the transmission

from all other FogAPs.

Let F = {1, ..., F} and U = {1, ..., U} be the set of FogAPs and the set of users,
2In theory, NOMA allows the superposition of K ≥ 2 users per RB, but with much reduced

incremental gains as Kgrows[92]. This is why we focus here on solving for K = 2, the most
fundamental and insightful case which is already intricate.
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Figure 4.2: FogRAN model for 4 users served by 2 FogAPs.

respectively. The power available at the f -th FogAP is by pf . Let af and 1−af be the

respective fractions of power for the strong and weak users, with 0 ≤ af ≤ 1. Let a

be a vector of length F , containing all af ’s, i.e., a = [a1, . . . , aF ]T . Let sfu and wfu be

two binary variables such that sfu = 1 if user u is the strong user of the f -th FogAP,

and 0 otherwise; and wfu = 1 if user u is the weak user of the f -th FogAP and and 0

otherwise. Let S and W be two distinct binary matrices of dimension F × U . The

(r, u)-th elements of S and W are sfu and wfu, respectively. The channel coefficient

and distance between the f -th FogAP and the u-th user are denoted by hfu and

dfu, respectively. The function l(d) models the compound effect of the signal power

attenuation with distance d, and the channel shadowing component. The capacity

limit of the fronthaul link connecting the f -th FogAP to the BBU pool is C̄f . Every

FogAP operates over a transmission bandwidth B. We assume the practical case

where there are more than 2F users in the network, i.e., U ≥ 2F . Fig. 4.2 shows an

example of the network model for 4 users and 2 FogAPs.
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4.2.3 SINR and Rate Expressions

Let Su be the useful signal power received at the u-th user:

Su(a,S,W ) =
∑
f∈F

sfuafpf |hfu|2l(dfu) +∑
f∈F

wfu(1− af )pf |hfu|2l(dfu). (4.1)

The signal received from f is in the first term if user u is its strong user and it is in

second term if user u is its weak user. The interference affecting the signal received

at the u-th user is:

Iu(a,S,W )=
∑
f∈F

(1− sfu)pf |hfu|2l(dfu) +
∑
f∈F

wfuafpf |hfu|2l(dfu). (4.2)

The first term in (4.24) is the interference from all FogAPs that are not serving the

u-th user. The second term is the interference from all FogAPs serving the u-th user

as their weak user. The SINR received at the u-th user is therefore:

γu(a,S,W ) =
Su(a,S,W )

Iu(a,S,W ) +BNo
, (4.3)

where No is the noise spectral density at the users’ receivers. The downlink rate at

the user u is:

Cu(a,S,W ) = B log(1 + γu(a,S,W )) . (4.4)
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4.2.4 Optimization Problem Formulation

The network proportional fairness maximization problem considered in this work can

be formulated as follows:

max
a,S,W

∑
u∈us(S,W )

log
(
Cu(a,S,W )

)
(4.5a)

s.t. 0 ≤ af ≤ 1 ∀f ∈ F , (4.5b)

sfu, wfu, (sfu + wfu) ∈ {0, 1} ∀(r, u) ∈ (F × U) , (4.5c)∑
u∈U

sfu = 1 ∀f ∈ F , (4.5d)

∑
u∈U

wfu = 1 ∀f ∈ F , (4.5e)

∑
u∈U

sfuC
(s)
fu (af ) + wfuC

(w)
fu (af ) ≤ C̄f ∀f ∈ F (4.5f)

∑
f∈F

sfu + wfu ≤ 1 ∀u ∈ U , . (4.5g)

where the optimization is over the assignment matrices S andW , and the power allo-

cation vector between strong and weak users for all FogAPs, a, and where us(S,W )

is the set of served users, i.e.,

us(S,W ) =

{
u ∈ U

∣∣∣∣∑
f∈F

sfu + wfu > 0

}
. (4.6)

The chosen objective function (4.28a) is the summation of the logarithm of the rate,

which is chosen as such to promote trade-off between achievable rates and user-

fairness.3 Such fairness is, indeed, essential for NOMA to balance between the per-

formance of strong and weak users. Each user has 3 possible states with respect to

a given FogAP: being its strong user, being its weak user, or not being assigned to

it (4.28d). Equations (4.28e) and (4.28f) constrain every FogAP to have, respectively,
3It is often referred as the proportional fairness metric (time window equal to 1 frame) [92].
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one strong user and one weak user. The capacity of the fronthaul link, that connects

the f -th FogAP to the BBU pool, is limited via (4.5f) to C̄f as in [98]. The summa-

tion of the rate of the f -th strong and the weak users must, therefore, be less than

C̄f . In (4.5f), define C(s)
fu (af ) and C(w)

fu (af ) as:

C
(s)
fu (af )=B log

1 +
afpf |hfu|2l(dfu)∑

f∈F
f ′ 6=f

pf ′ |hf ′u|2l(df ′u) +BNo

 , (4.7)

and

C
(w)
fu (af )=B log

1+
(1− af )pf |hfu|2l(dfu)∑

f∈F
f ′ 6=f

pf ′ |hf ′u|2l(df ′u) + afpf |hfu|2l(dfu)+BNo

. (4.8)

Lastly, the constraint (4.5g) ensures that every user is served by at most one FogAP,

as required for enabling FogRAN local operation [97]. This also helps the network to

serve as many users as possible, since the networks comprises more than 2F users.

The optimization problem defined in (4.28a) is a mixed-integer optimization prob-

lem, i.e., some variables are binary (S,W ) and some are continuous (a). Mixed-

integer optimization problems are generally hard to solve, particularly in (4.5), as the

binary and the continuous parts can not be separately solved optimally. This is due to

the mutual interference between the FogAPs, which interweaves the assignment and

the power allocation problems. On the one hand, the optimal assignment depends on

the power allocation within each FogAP (a). On the other hand, the optimal power

allocation depends on the assignment (S and W ). The assignment problem alone

is a many-to-many assignment, known to be hard to solve in the literature where,

besides, the considered utility function is not separable per assignment. Finally, the

optimization problem defined in (4.5) is not convex, due to the non-convexity of C(w)
fu .
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4.2.5 Resource Allocation Algorithm

We propose solving the optimization problem formulated in (4.28a), by iterating over

the following two steps. First, for a fixed power allocation, the algorithm solves the

assignment problem (Sec.4.2.5). Second, under the assignment solution, the algorithm

solves the power allocation (Sec.4.2.5).

Assignment Algorithm

This subsection describes the first step of the algorithm where a weak and a strong

user are optimally assigned to each FogAP by finding the optimal S and W for a

fixed power split vector a. The binary optimization is formulated as follows:

min
S,W

−
∑

u∈us(S,W )

log(Cu(ao,S,W )) (4.9a)

s.t. (4.28d), (4.28e), (4.28f), (4.5g), (4.5f), (4.9b)

where ao is fixed. Solving the assignment problem is equivalent to finding the best

group of two users for each FogAP in order to maximize the network’s utility. This

is known as the many-to-many assignment problem. An algorithm solving such a

problem is proposed in [111] by using K-M algorithm (also known as Hungarian

algorithm) with backtracking. However, the feasibility of such an algorithm depends

on the ability of each element of one set to evaluate its benefit from being assigned to

any element of the other set. Such algorithm, therefore, cannot be directly applied to

solve (4.9), because the contribution of each user to the overall utility is not separable

per assignment, i.e., the utility resulting from assigning a user to a FogAP is not an

additive term to the overall utility. Moreover, each term of the utility function is a

function of the assignment matrices S and W . Therefore, we reformulate the utility
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function in order to overcome this difficulty.

Since every user is served by at most one FogAP (4.5g), the objective func-

tion (4.28a) can be re-written as follows

O=−
∑

u∈us(S,W )

log(Cu(a,S,W ))

=−

∑
f∈F

∑
u∈U

sfu log
(
C

(s)
fu (af )

)
+ wfu log

(
C

(w)
fu (af )

) . (4.10)

The expression of C(s)
fu and C(w)

fu are given in (4.29) and (4.30), respectively. This

reformulation eliminates the dependence of each term of the utility function to the

assignment as C(w)
fu and C

(w)
fu are neither functions of S nor of W . Therefore, we

can assume that each FogAP is equivalent to two separate resources that simultane-

ously serve two users, while each user’s contribution to the overall utility function

is independent and separable for fixed af . With this assumption, a regular one-to-

one optimal assignment algorithm can be applied to optimally solve the assignment

problem, while satisfying the binary constraints (4.28d), (4.28e) , (4.28f) and (4.5g),

while the fronthaul constraint (4.5f) is treated in the sequel. Several well-known com-

binatorial optimization algorithms solve the one-to-one assignment problem in the

literature. In this work, we choose the Hungarian algorithm for its relative imple-

mentation simplicity and polynomial execution time. Let K, a U × 2F matrix, be

the cost matrix related to the considered assignment problem. The (u, f)-th and

(u, F + f)-th elements of K are the additive inverse of the utility that results from

assigning user u to be the strong and weak user of the f -th FogAP, respectively, i.e.,

the (u, f)-th and (u, F + f)-th elements of K are −C(s)
fu and −C(w)

fu , respectively.

Let u and v be the strong and weak users assigned to the f−th FogAP. The sum

rate at the f−th FogAP
(
C

(s)
fu + C

(w)
fu

)
is an increasing function of af in the interval
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of interest [0, 1]. Moreover, at af = 0 , C(s)
fu (0) + C

(w)
fv (0) = C

(w)
fv (0). Therefore,

if C(w)
fv (0) > C̄f ⇒ C

(s)
fu (af ) + C

(s)
fv (af ) > C̄f ,∀af ∈ [0, 1], (4.11a)

if C(w)
fv (0) < C̄f ⇒ ∃ af ∈ [0, 1]

such that C(s)
fu (af ) + C

(s)
fv (af ) < C̄f . (4.11b)

In order to account for the constraint (4.5f), we propose an iterative backtracking

algorithm which ensures that for every FogAP and its assigned pair of users, (4.11b) is

satisfied. In other words, at every iteration, first, the Hungarian algorithm is applied.

Then ∀f ∈ F , if (4.11b) is not satisfied, the algorithm prevents the currently assigned

pair of users from being assigned to the same FogAP in the next iteration by setting

the corresponding element in the cost matrix to zero. The algorithm goes on such

that (4.11b) is satisfied ∀f ∈ F . A detailed description of the assignment algorithm

is given in 10.

Algorithm 7 Assignment with backtracking
1: Construct K(ao)
2: do
3: ρ = 0
4: Find Si, W i . Apply Hungarian algorithm to K.
5: for f = 1→ F do
6: if C(w)

fv (0) > C̄f then
7: Set K(u, f) = 0, K(v, f + F ) = 0.
8: ρ = 1.
9: end if
10: end for
11: while ρ = 1.
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Power Allocation

Given the assignment obtained from the previous step of the algorithm, we now

determine the optimal power split af for the strong and weak users within each

FogAP, by solving the following optimization problem:

min
a
−

∑
f∈F

∑
u∈U

sfu log
(
C

(s)
fu (af )

)
+ wfu log

(
C

(w)
fu (af

) (4.12a)

s.t. (4.28b) and (4.5f), (4.12b)

where sfu and wfu are the results of the assignment step of the algorithm. It is worth

mentioning that the utility reformulation (4.31) allows separability in f for the power

allocation problem (4.12). In other words, solving the optimization problem described

in (4.12) is equivalent to solving the following optimization problem for one variable

af for every FogAP f :

min
af

Of = − log
(
C

(s)
fu (af )

)
− log

(
C

(w)
fv (af )

)
(4.13a)

s.t. c1 = af ≥ 0 (4.13b)

c2 = 1− af ≥ 0 (4.13c)

c3 = C̄f − C
(s)
fu (af )− C(w)

fv (af ) ≥ 0, (4.13d)

where u and v are, respectively, the strong and the weak users assigned to the f -th

FogAP. Please note that C(s)
fu (af ) and log

(
C

(s)
fu (af )

)
are concave functions of af .4

However, neither the objective nor the fronthaul constraint (4.13d) is convex due to

the non-concavity of C(w)
fv with respect to the variable af as:

4This can be easily verified by calculating their second derivative.
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C
(w)
fv (af ) =B log

(
xfv + Ifv +No

afxfv + Ifv +BNo

)
, (4.14)

where xfv=pf |hfv|2l(dfv) and Ifv=
∑

f∈F ,r′ 6=r

pf |hfv|2l(df ′u). Therefore, we propose to solve

the problem described in (4.13) using a barrier method [63] where, at the n-th iteration

of the barrier method, C(w)
fv is approximated with a concave function as follows:

C
(w)
fv (af ) ' C(w,n)

fv (af ) = W
(
α[n] −

(
af − a

[n−1]
f

)
β[n]
)
, (4.15)

where

α[n] = log

(
x
(w)
fv + Ifv +BNo

a
[n−1]
f xfv + Ifv +BNo

)
, β[n] =

Bxfv

a
[n−1]
f xfv + Ifv +BNo

. (4.16)

This approximation is obtained by taking the first order linear approximation of

log(afxfv + Ifv +BNo) around the solution at the barrier method’s previous itera-

tion, a[n−1]
f . We consider the logarithmic barrier function, i.e., the following function

is optimized at the n-th iteration

B[n]
(
af , ν

[n]
)

= − log
(
C

(s)
fu (af )

)
− log

(
C

(w,n)
fv (af )

)
− ν[n]

(
log (af (1− af )) + log

(
C̄f − C(s)

fu (af )− C(w,n)
fv (af )

))
, (4.17)

where ν [n] is the barrier parameter at the n-th iteration. Let λi be the Langragian

multiplier related to the i-th constraint, and y[n] be the vector containing the primal

and dual variables, i.e., y[n] = [af , λ1, λ2, λ3]T. Further, let

r[n] =

[
−
∂O[n]

f

∂af
+

3∑
i=1

λi
∂ci
∂af

, ν[n] − λ1c1, ν[n] − λ2c2, ν[n] − λ3c3

]T

. (4.18)

At the n-th iteration of the barrier method, the following equation is solved for δy
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using Newton’s method:

F [n]δy = −r[n], (4.19)

where F [n] is the Jacobian of r[n]. After solving (4.19), y[n] is updated as follows:

y[n] = y[n−1] + sδy, (4.20)

where the step size (s ∈ [0, 1]) ensures that y[n] is feasible and that all Lagrangian

multipliers remain positive. A detailed description of the algorithm that solves (4.13)

at the f -th FogAP is given in Algorithm 8.

Algorithm 8 Optimizing af at the f -th FogAP

1: Set ε, a[0]
f ∈ ]0, 1[, ν[o] > 0, m > 1, b ∈ ]0, 1[, n = 0.

2: while ∃i : ci(a
[0]
f ) < 0. do . Find feasible starting point.

3: a
[0]
f = a

[0]
f /m.

4: end while
5: do
6: Compute α[n] and β[n] for the approximation of C(w)

fv .

7: Compute δy around a[n]
f . . Solve (4.19).

8: smax = min
{

1,
{
λi
δλi

:
{
δλi < 0

}}}
, s = 0.99smax.

9: while ∃ i : ci(a
+
f ) < 0 do

10: s = bs,
11: a+

f = a
[n−1]
f + sδaf .

12: end while
13: a

[n]
f = a

[n−1]
f + sδaf

14: ν[n] = 1
3 [c1c2c3]Tλ[n].

15: n = n+ 1.
16: while ‖r[n−1]‖2 ≤ ε and ν[n−1] ≤ ε.

4.2.6 Reference Schemes

In order to assess the performance of our proposed scheme, we consider two reference

schemes.
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Conventional OMA (C-OMA)

This is the conventional allocation scheme used in current systems such as OFDMA

in LTE-Advanced, where each basic resource unit (subchannel or RB of bandwidth

B) can be allocated to only one user. Therefore, in a network of F FogAPs, each RB

can simultaneously support at most F users (one user per RB and FogAP). For a fair

comparison, the served users are chosen using our proposed assignment algorithm,

which maximizes the sum of the logarithm of rates, where backtracking ensures that

the fronthaul rate constraint is satisfied. Then, full power is allocated to each user

assigned to each FogAP.

Ideal OMA (I-OMA)

For the sake of refined comparison, we assume an ideal system where each basic

resource unit could be subdivided into two resources in order to orthogonally serve

two users. The available transmission power is also divided between these users.

Therefore, the rate at the first user can be expressed as follows:

CI-OMA
f,1 = αfB log

1 +
p
(O)
f |hfu|2l(dfu)∑

f∈F
f ′ 6=f

p
(O)
f ′ |hf ′u|2l(df ′u) + αfBNo

 (4.21)

where αf is the fraction of the resource assigned to the first user, αf ∈ [0, 1] ∀f ∈ F

and p(O)
f = pf/2. The rate at the second user is obtained by replacing αf by (1−αf )

in (4.21). For a fair comparison, the proposed algorithm is applied to this scheme to

find the user-to-FogAP assignment and the band split αf that maximizes the sum of

the logarithm of rates under fronthaul rate constraint.
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4.2.7 Numerical Results

Simulation Setup

The simulation parameters are taken from the 3GPP standard described in [65]. In

particular, we consider a grid network of 25 FogAPs with inter FogAP distance of

d = 200m. The FogAPs serve a total of 50 users that are uniformly distributed within

the FogAPs’ coverage. The path loss captures both the signal power attenuation

and the channel shadowing effect, and is modeled by l(d) = 36.7 log 10(d) + 22.8 +

20 log 10(fc). All channels undergo Rayleigh fading. The bandwidth assigned to each

FogAP is B = 10 MHz and the signal carrier frequency is fc = 2.5 GHz. We assume

that the available power and the fronthaul capacity limits are equal for all FogAPs,

pf = p = 41dBm ∀f ∈ F , and C̄f = C̄ ∀f ∈ F . Three different levels of C̄ are

considered (low, intermediate and high), and their numerical values are given in each

figure.

It is worth mentioning that the results of the algorithm’s assignment step highly

depend on the value of ao, overall, the smaller ao, the better the results, i.e., the

weak and strong users are paired in a better way. For the simulation results, we set

ao = 0.01. Moreover, preliminary evaluations have shown that performing multiple

rounds (alternating between user-to-FogAP assignment and power allocation) did not

improve the results. Hence, the number of iterations was fixed to one in the sequel.

Results

Fig. 4.3 shows the cumulative distribution function (CDF) of the proportional fairness

utility function (sum of the logarithm of the rate of all users in the network) for the

proposed NOMA scheme (noted NOMA∗) and the two reference schemes. For all levels

of C̄, both I-OMA and NOMA∗ are better than the C-OMA, which is explained by
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the fact that with I-OMA and NOMA∗ schemes, all users in the network are served,

while only half are served with C-OMA scheme. Fig. 4.3 also shows that, in terms of

the sum of the logarithm of rates, the proposed scheme NOMA∗ is better than the I-

OMA, for all levels of C̄, and the gain is higher for low C̄. This gain is comprehensible

for two reasons. First, the proposed NOMA scheme chooses a pair of weak and strong

users, while OMA always chooses the two best users. Therefore, at a given FogAP,

when the fronthaul capacity constraint is not satisfied for a pair of users, in NOMA,

this FogAP loses a strong and a weak user, while in I-OMA, it looses two strong users.

This implies that the probability of serving weak users is higher in I-OMA than in

NOMA, especially when C̄ is low. Second, maximizing sum of logarithm of rate by

optimizing αf does not efficiently balance the users in I-OMA scheme, as the optimal

αf is almost always 0.5.

A jump in the utility’s CDF can be observed for the C-OMA in Fig. 4.3. For high

C̄, all FogAPs are able to serve their strongest user. When C̄ decreases, some FogAPs

are not able to serve their strongest users. They, therefore, serve their second-best

user. However, the second best user of a given FogAP might be the best user of

another FogAP, and so on, which leads to a perturbation to the assignment in the

whole network. Therefore, the jump in CDF represents the the percentage of network

realizations where such perturbation occurs. For very low C̄, this perturbation is

almost certain at every network realization, which results in a continuously poor

network utility.

We also evaluate the well-known Jain’s fairness index, defined here as

J =

(
U∑
u=1

Cu

)2/
U

U∑
u=1

C2
u . (4.22)

Its value ranges from 1/U (worst case) to 1 (best case), and it is maximum when all

users are served with the same rate. The Jain’s fairness index’s values for different
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Figure 4.3: CDF of the utility function

schemes and values of C̄ are given in Table 4.1.

C̄ NOMA∗ C-OMA I-OMA

1Bps/Hz 0.40 0.23 0.32

5Bps/Hz 0.46 0.23 0.47

10Bps/Hz 0.40 0.28 0.45

Table 4.1: Jain’s fairness indexes.

As expected, for all values of C̄, the fairness index is the lowest for C-OMA due

to the fact that only half the users are served. For NOMA∗, its value is comparable

for all values of C̄. This shows that, although the pair of users served by each FogAP

may not be balanced in terms of SINR, acceptable fairness level is achieved by the

sum of the logarithm of rate optimization.

Fig. 4.4 shows the CDF of the network sum-rate. It can be observed that the

proposed NOMA scheme yields to better network sum-rate compared to the I-OMA

scheme. For low C̄, I-OMA yields to an even lower sum-rate compared to NOMA∗
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due to the fact that all FogAPs serve a pair of weak users. The CDF jump for

C-OMA can be observed again for the same reason mentioned for Fig. 4.3 . For

high C̄, every FogAP can serve its strongest user with full power in C-OMA, which

hence outperforms both the NOMA∗ and I-OMA schemes, but at the expense of user

fairness as previously discussed.
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Figure 4.4: CDF of the sum rate function

4.3 Resource Allocation for Universally Reused Multiple Re-

source Blocks

4.3.1 Section Overview and Organization

Unlike reference [109] and the work presented in the previous section, which focuses

on the single RB case, in this section, we assume all FogAPs share and universally

reuse multiple orthogonal RBs. Moreover, the resource allocation algorithm proposed

in this section jointly: a) assigns users to FogAPs and RBs, b) allocates power to every

RB of every FogAP, and c) splits the power between the pair of users served under
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NOMA within each RB. Moreover, the proposed method aims at maximizing the

weighted sum-rate of the network, a utility function widely used in the literature that

can be adjusted to different purposes (e.g., maximizing a proportional fairness utility

function, or maximizing the network sum-rate) [112,113].

To this end, we first formulate a mixed-integer optimization problem that max-

imizes the network utility function by jointly adjusting the user-to-FogAP-and-RB

assignment, the power allocated to each RB, and the NOMA power split within each

RB among the two assigned users. The limited fronthaul capacity and the power

budget of each FogAP are taken into account. The formulated problem also accounts

for the FogRAN inherent local operation constraint of limiting each user to be served

from a single FogAP on a given RB [97,99]. Nevertheless, each user may be served by

different FogAPs across different RBs, which provides an additional layer of diversity.

The proposed algorithm iterates between solving the binary part (assignment)

for fixed power allocation, and then solving the continuous part (power allocation)

for fixed assignment. For comparison purposes, we propose two distinct algorithms

for solving the assignment step, namely the Hungarian-based algorithm and the

Knapsack-based algorithm. The Hungarian-based assignment can be performed se-

quentially or in parallel for each RB, but it does not take the fronthaul capacity

constraint into consideration (the fronthaul capacity can be handled in the subse-

quent power allocation step). The Knapsack-based algorithm, on the other hand,

assigns users to every FogAP and RB while guaranteeing that every FogAP’s fron-

thaul capacity is satisfied at every step. The continuous optimization steps (i.e., the

RBs’ power allocation and the NOMA power split parameters) are solved afterwards

using the alternating direction method of multipliers (ADMM) [114] for its numerical

stability. ADMM is also well adapted to the structure of our problem and provides

a relatively simple computational complexity solution to the continuous part of the
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optimization problem.

Through extensive computer simulations, we analyze and discuss each step of the

proposed algorithms, both in terms of convergence and in terms of incremental gains.

The effect of different levels of fronthaul capacity on network performance is also

presented. The results of this section particularly show that, compared to conven-

tional OMA, the proposed NOMA strategy under FogRAN constraints increases user

fairness without sacrificing network sum-rate [115].
The remainder of this section is organized as follows. First, the network model,

notations and rate expressions are presented in Sec. 4.3.2. The optimization problem

is formulated and analyzed in Sec. 4.3.3. Then, both assignment algorithms are given

in Sec. 4.3.4, followed by the power allocation algorithms in Sec. 4.3.5. An analysis

of the algorithm complexity is provided in Sec. 4.3.7. The simulation setup is shown

in Sec. 4.3.8 before presenting the simulation results in Sec. 4.3.9.

4.3.2 Network Model

Network Model

Consider a downlink FogRAN composed of F single antenna FogAPs, where each

FogAP is connected to the BBU pool via a capacity-limited fronthaul link. Differently

from the work presented in the previous section, all FogAPs share and universally

reuse R orthogonal RBs and serve U users. Each RB represents the basic resource

allocation unit which cannot be decomposed further and hence is allocated to a unique

user in conventional OMA systems (such as OFDMA in LTE-Advanced). By contrast,

in the considered NOMA-based system in this work, a pair of users - one strong and

one weak user - can be served on the same RB using power multiplexing. Note that

both users are subject to interference from the transmissions from all other FogAPs

on the same RB.
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For a given RB, the network model is similar to the one studied in the previous

section, Fig. 4.2. Note that the cloud guarantees synchronization across RBs, i.e., the

transmission on different RBs do not interfere with each other.

Notation and Rate Expression

Let F = {1, ..., F}, R = {1, ..., R} and U = {1, ..., U} be the sets of FogAPs, RBs

and users, respectively. The compound channel coefficient that includes pathloss,

shadowing, and Rayleigh fading component between FogAP f and user u on RB r is

denoted by hfru. The total power to serve both strong and weak users by FogAP f

on RB r is pfr. Let afr and 1 − afr be the respective NOMA power split ratios for

the strong and weak users, with 0 ≤ afr ≤ 1.

Let sfru and wfru be two binary variables such that sfru = 1 if user u is FogAP

f ’s strong user on r, and 0 otherwise; and wfru = 1 if user u is FogAP f ’s weak user

on r, and 0 otherwise. The useful signal power received by user u from FogAP f on

RB r is given by

χfru= sfruafrpfrhfru + wfru(1− afr)pfrhfru. (4.23)

Note that, for every FogAP and every RB, a user can be served either as the strong

or the weak user (but not both), i.e., sfru + wfru = 1, ∀(f, r, u) ∈ (F ×R× U).

Therefore, only one of the two terms in (4.23) is non-zero. Every user is served by at

most one FogAP on a given RB. Thus, the signals from the remaining FogAPs on RB

r are treated as interference. The power of the total interference affecting the signal
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received at user u from FogAP f on RB r can be expressed as follows:

Ifru= wfruafrpfrhfru + sfruζ(1− afr)pfrhfru +
∑
f ′∈F
f ′ 6=f

pf ′rhf ′ru. (4.24)

That is, on the one hand, if user u is served by FogAP f as strong user on RB r ( i.e.,

sfru = 1, then wfru = 0), then user u, first, applies successive interference cancellation

to remove the corresponding weak user’s signal before decoding its own signal. In

other words, the strong user, first, decodes the signal for the weak user, removes it

from the received signal, then decodes its own signal. ζ is a factor that represents the

imperfection of the successive interference cancellation. Its value ranges from 0 to 1,

ζ = 0 implies perfect successive interference cancellation. The interference power is,

therefore, the summation of the signal power received from all other FogAPs on RB r

(third term of eq. (4.24)) plus the remaining interference from the weak user’s signal

due to imperfect successive interference cancellation (second term of eq. (4.24)). On

the other hand, if user u is served by FogAP f as a weak user on r, i.e., wfru = 1, then

it directly decodes its signal, by treating the signal for the strong user as interference.

Consequently, user u is subjected to the interference from the strong user signal (first

term of eq. (4.24)) and to the interference from all other FogAPs.

The resulting downlink rate at user u served by FogAP f on RB r is hence:

Cfru(pr, afr, sfru, wfru) = β log

(
1 +

χfru
Ifru + βNo

)
, (4.25)

where vector pr = [p1r, . . . , pFr]
> ∈ RF×1

+ denotes the transmit power vector by all

FogAPs on RB r. No is the noise spectral density at the users’ receivers, and β is the
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transmission bandwidth for every RB. The overall downlink rate at the user u is

Cu(P ,A,S,W ) =
∑
f∈F

∑
r∈R

Cfru(pr, afr, sfru, wfru), (4.26)

where P and A are matrices of dimension F × R, their (f, r)-th elements being,

respectively, pfr and afr. S and W are matrices of dimension F × R × U , their

(f, r, u)-th elements being, respectively, sfru and wfru.

Let ψf be the summation of the downlink rate of all users served by FogAP f , ψf

can be expressed as

ψf (P ,af ,S,W ) =
∑
u∈U

Cfru(pfr, afr, sfru, wfru). (4.27)

∀f ∈ F , the vector af = [af1, . . . , afR]> ∈ RR×1
+ groups the power ratios allocated to

the strong users of FogAP f .

In the sequel, we assume the practical case where there are more than 2R users

in the network, i.e., U ≥ 2R.

4.3.3 Overall Optimization Problem Formulation

Problem Formulation

The objective of this work is to maximize the weighted sum-rate of the FogRAN by

optimizing the user assignment, transmit power allocation and NOMA power split

ratios, over all FogAPs and RBs. Let Θ(P ,A,S,W ) =
∑

u∈U αuCu(P ,A,S,W ) be

the weighted sum-rate function, where the weight αu associated with user u is typically

set to maximize the proportional fairness metric (cf. Sec. 4.3.8). The optimization

problem of interest can then be formulated as follows:
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max
P ,A,S,W

Θ(P ,A,S,W ) (4.28a)

s.t. 0 ≤ afr ≤ 1, ∀(f, r) ∈ (F ×R) , (4.28b)∑
r∈R

pfr ≤ P̄f , ∀f ∈ F , (4.28c)

sfru, wfru ∈ {0, 1}, ∀(f, r, u) ∈ (F ×R× U) , (4.28d)∑
u∈U

sfru = 1, ∀(f, r) ∈ (F ×R) , (4.28e)

∑
u∈U

wfru = 1, ∀(f, r) ∈ (F ×R) , (4.28f)

∑
f∈F

sfru + wfru ≤ 1, ∀(u, r) ∈ (U ×R) , (4.28g)

ψf (P ,af ,S,W ) ≤ C̄f , ∀f ∈ F , (4.28h)

where the optimization is over the assignment matrices S andW , the transmit power

allocation P overall RBs and FogAPs, and the power split ratio A between strong

and weak users for all RBs and FogAPs. The first constraint (4.28b) gives the domain

of definition of the NOMA power split ratios afr. The second constraint (4.28c) ex-

presses the maximum power budget P̄f of each FogAP f , that may be used to transmit

over all RBs. Next is the binary constraint (4.28d) of assignment variables sfru and

wfru. Equations (4.28e) and (4.28f) constrain every FogAP to have, respectively, one

strong user and one weak user on each one of its RBs. The constraint (4.28g) is the

FogRAN-specific constraint, which ensures that every user is served by at most one

FogAP on a given RB. A user, however, can be served by many FogAPs on different

RBs by leveraging the centralized cloud architecture as well. Lastly, the summation

of the downlink rate of all users served by FogAP f , ψf (4.27), is limited via (4.28h)

to the capacity of the fronthaul link C̄f as in [98].
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In the expression of the objective function (4.28a), each term in the summation is a

function of both binary and continuous variables, which complicates the optimization

problem. To simplify the presentation, we define C(s)
fru (C(w)

fru) as the rate of user u

when it is served by FogAP f on RB r as the strong user (the weak user). C(s)
fru and

C
(w)
fru can be expressed as follows:

C
(s)
fru(pr, afr)=β log

1 +
afrpfrhfru∑

f ′∈F
f ′ 6=f

pf ′rhf ′ru + βNo

 , (4.29)

and

C
(w)
fru(pr, afr) = β log

(
1 +

(1− afr)pfrhfru∑
f ′∈F
f ′ 6=f

pf ′rhf ′ru + afrpfrhfru+βNo

)
. (4.30)

Using these two expressions, the objective function (4.28a) can be re-written as fol-

lows:

Θ(P ,A,S,W )=
∑
f∈F

∑
r∈R

∑
u∈U

(
sfruαuC

(s)
fru(pr, afr) + wfruαuC

(w)
fru(pr, afr)

)
. (4.31)

The fronthaul link capacity constraint (4.28h) can be also re-written as follows:

ψf (P ,af ,S,W ) =
∑
r∈B

∑
u∈U

(
sfruC

(s)
fru(pr, afr) + wfruC

(w)
fru(pr, afr)

)
. (4.32)

In the above expressions of the objective function and the fronthaul link capacity

constraints, one can observe that the rate terms (4.29) and (4.30) are no longer

functions of the binary variables. Such observation justifies the rationale behind

iteratively solving the binary part and the continuous part of problem (4.28a) in a
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separate fashion, as adopted in the remaining parts of this section.

Problem Analysis and Overview of the Proposed Solution

The optimization problem defined in (4.28a) is a mixed-integer optimization prob-

lem, i.e., some variables are binary (S,W ) and some are continuous (P ,A). Such

problems are generally hard to solve, particularly problem (4.28), which cannot be

globally solved in polynomial time. Such difficulty is due to the mutual interference

between the FogAPs, which interweaves the assignment, transmit power allocation

and NOMA power splitting problems. On the one hand, the optimal user assignment

depends on the transmit power allocation and NOMA power split ratios within each

FogAP (P ,A) which on the other hand depend on the user assignment (S and W ).

Besides, the continuous part of the optimization problem defined in (4.28) is not con-

vex, due to the non-convexity of the objective function and the fronthaul capacity

constraint (4.28h).

Based on the structure of the problem and the network architecture, we propose

an iterative algorithm that efficiently solves problem (4.28). A brief description of

the overall algorithm is given in Algorithm 9, where x(i) denotes the value of x at

the i-th iteration. The algorithm stops when the increase in objective function value

is less than ε. The algorithm starts by fixing the starting points P (o) and A(o), and

the value of ε which determines the exit condition. Each iteration of the algorithm

consists of three steps: first, solving the optimization problem for the binary variables

S andW given fixed P and A (solved in details in Sec.. 4.3.4). Each RB is assigned

to a pair of strong and weak users at the end of this step, eat every FogAP. The

second and third steps are solving the problem for its continuous variables P and A

given the assignment found in the first step. The second step determines how the

transmission power budget P̄f available at every FogAP is allocated to its RBs, i.e.,
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find P (solved in details in Sec. 4.3.5 ). The final step determines how, given P , the

transmit power allocated on each RB is split between its strong and weak users, i.e.,

find A (solved in details in Sec. 4.3.6 ). We show that for this last step, the NOMA

power split optimization problem is separable in f ’s (cf. Sec. 4.3.6). Therefore, it can

be separately solved at every FogAP instead of requiring a centralized processing at

the BBU pool. This is well suitable to the FogRAN principle where more intelligence

and control can be pushed towards the network edge, thereby alleviating the fronthaul

traffic burden and meeting the requirements of delay-stringent real-time applications.

Each step of the algorithm is carefully detailed in the following sections.

Algorithm 9 Overall algorithm: general description
1: Set ε, P (o) and A(o)

2: i = 1.
3: do
4: Assignment: find S(i) and W (i), for fixed P (i−1) and A(i−1) (Sec. 4.3.4).
5: Transmit power allocation: find P (i), for fixed S(i), W (i) and A(i−1) (Sec. 4.3.5).
6: NOMA Power split optimization: find A(i), for fixed S(i),W (i) and P (i) (Sec. 4.3.6).
7: i = i+ 1.
8: while f

(
P (i),A(i),S(i),W (i)

)
− f

(
P (i−1),A(i−1),S(i−1),W (i−1)

)
≥ ε.

4.3.4 Proposed Assignment Methods

This section describes the first step of Algorithm 9 where one weak and one strong

user are optimally assigned to each RB of every FogAP by finding the optimal S,

and W given fixed power allocation P and fixed NOMA power split A. For fixed P

and A, problem (4.28) boils down to a binary optimization problem, formulated as

follows:

max
S,W

∑
f∈F
r∈R
u∈U

sfruαuC
(s)
fru(pr, afr) + wfruαuC

(w)
fru(pr, afr) (4.33a)

s.t. (4.28d), (4.28e), (4.28f), (4.28g) and (4.28h). (4.33b)
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To solve this problem, we propose two assignment algorithms: the first one is

based on the Hungarian algorithm (detailed in Sec. 4.3.4). The second one is based

on the Multiple Choice Knapsack Problem (MCKP) algorithm (detailed in Sec. 4.3.4).

Hungarian Based Assignment Algorithm

As previously mentioned, the goal of this step is to find the optimal user assignment

S andW given fixed P and A. In that case, it can be observed from (4.28) that, the

user assignment is tangled between the RBs, only because of the fronthaul capacity

constraint (4.28h). In other words, without the fronthaul capacity constraint (4.28h),

the overall utility function is the summation of the utilities from each RB, and the

problem can be optimally solved by separately solving for each RB:

max
Sr,W r

∑
f∈F
u∈U

sfruαuC
(s)
fru + wfruαuC

(w)
fru (4.34a)

s.t. sfru, wfru ∈ {0, 1}, ∀(f, u) ∈ (F × U) , (4.34b)∑
u∈U

sfru = 1, ∀f ∈ F , (4.34c)

∑
u∈U

wfru = 1, ∀f ∈ F , (4.34d)

∑
f∈F

sfru + wfru ≤ 1, ∀u ∈ U . (4.34e)

The optimization variables are Sr andW r, two binary matrices of dimension F×U for

all assignment variables corresponding to RB r. As shown in the problem formulation

above (4.34), the fronthaul constraint is rather discarded so as to enable utilizing

the classical Hungarian method. The fronthaul link capacity constraint (4.28h) is,

however, reinforced while adjusting the transmission power in the subsequent step 5.

For the optimization problem defined in (4.34), the contribution of every FogAP
5The MCKP-based user assignment algorithm proposed in Sec. 4.3.4 satisfies the fronthaul con-

straints.
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to the utility function is the summation of the weak user rate and the strong user

rate, which are known for fixed P and A. It can be thus assumed that, for a given

RB, each FogAP is equivalent to two separate virtual FogAPs, each serving a unique

user. Moreover, a user can only be served by one virtual FogAP for a given RB.

The problem described in (4.34) is, therefore, transformed into a one user-to-one

virtual FogAP assignment problem. That is, for a given RB, a regular one-to-one

optimal assignment algorithm can be applied to solve (4.34), while satisfying all the

constraints. There are several well-known combinatorial optimization algorithms that

solve such one-to-one assignment problems in the literature. We choose the Hungarian

algorithm for its relative implementation simplicity and polynomial execution time

[81]. Let Kr be the U × 2R cost matrix associated with the considered assignment

problem. The (u, r)-th and (u,R + r)-th elements of Kr are the additive inverse of

the utility that results from assigning user u to be the strong and weak user of the

f -th FogAP’s r-th RB, respectively, i.e., the (u, r)-th and (u,R+r)-th elements of Kr

are −C(s)
fru and −C(w)

fru, respectively (i.e., turn the utility terms into cost terms, and

minimize the resulting objective). A detailed description of the proposed assignment

is given in Algorithm 10. This algorithm has to be performed at the cloud BBUs as

Algorithm 10 Hungarian-based Assignment Algorithm
1: Input: P (i−1), A(i−1)

2: for r = 1→ R do
3: Construct Kr

4: Find S(i)
r , W (i)

r . Apply Hungarian algorithm to Kr.
5: end for
6: Output: S(i), W (i).

it is not separable per FogAP. For weighted sum-rate maximization, the result does

not depend on the order of RBs, i.e., the assignment can be performed in parallel.
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Auction-MCKP-Based Assignment Algorithm

As previously mentioned, one issue of the Hungarian-based assignment algorithm is

that it does not account for the fronthaul link capacity constraint (4.28h). Hence, the

applicability of the resulting user-to-RB assignment solution relies on the subsequent

power allocation step, which adjusts the transmission power on each RB such that the

fronthaul link capacity constraint is satisfied. Instead, we now develop an alternative

assignment method that directly accounts for the fronthaul capacity, and hence, can

be applied independently from the power allocation step.

Considering one FogAP, the assignment problem can be formulated as a Multiple-

Choice Knapsack Problem (MCKP). MCKP consists of packing a number of items in

a limited capacity knapsack, where the items to be packed belong to disjoint classes

of items, and each item has a certain profit and weight [116]. The goal is then to

choose exactly one item from each class such that the profit/utility sum is maximized

without exceeding the knapsack’s capacity. In our case, we consider that each FogAP

f is a knapsack with capacity C̄f that has to be filled with R pair of users (items),

i.e., one pair from every RB (class).

The complication here is that our target problem cannot be solved independently

for every FogAP, due to constraint (4.28g). More precisely, a user cannot be served

by two different FogAPs on the same RB, i.e., a FogAP cannot choose a pair of users

that includes users chosen by other FogAPs for the same class (RB r). We, therefore,

propose solving this conflict by an auction approach where every FogAP bids by

proposing a price for every user chosen by the initial MCKP-greedy algorithm. At

the end of every bidding iteration, the price of each user for a given RB is set to the

maximum of all received bids. This bidding process is repeated until the prices of all

users do not change.
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This subsection is organized as follows. First, the notations used in this substep

of the algorithm are presented in Sec. 4.3.4. Then, we detail how MCKP-greedy

algorithm is applied to allocate users to every FogAP in Sec. 4.3.4. Lastly, Sec.

4.3.4 presents the overall assignment algorithm where an auction algorithm is used

to solve the conflicts among FogAPs.

Notations

Considering the fth FogAP, let Ofr be the set of all possible combinations of users on

RB r. The i-th item in Ofr, called herein Ofr(i), denotes the user pair (us(i), uw(i)),

where us(i) is the strong user and uw(i) is the weak user. The utility corresponding

to the i-th item in Ofr is:

υfr(i) = αus(i)C
(s)
frus(i)

+ αuw(i)C
(w)
fruw(i) − ρ

(t)
r (us(i))− ρ(t)

r (uw(i)), (4.35)

where the arguments of the functions C(s)
frus(i)

and C(w)
fruw(i) (originally defined in (4.29)

and (4.30)) are omitted in (4.35) to simplify the presentation, and where ρ(t)
r (us(i))

and ρ(t)
r (uw(i)) are the prices of the users us(i) and uw(i) at the t-th iteration. Note

that the prices of a user are different across different RBs. The weight (cost) corre-

sponding to the i-th item in Ofr is:

cfr(i) = C
(s)
frus(i)

+ C
(w)
fruw(i). (4.36)

Let ρfr(u) be the price that FogAP f bids for user u on RB r.

For two items i and j in Ofr, item j is dominated by item i if

cfr(i) ≤ cfr(j) and υfr(i) ≥ υfr(j). (4.37)
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In other words, an element is dominated if there exists another element with higher

or equal profit, but less weight. Therefore, a dominated element should not be in the

set of items to choose from.

The incremental profit between two elements i and j is a measure of how much

utility a FogAP gains if it chooses item i instead of item j from Ofr. The incre-

mental weight has a similar interpretation (how much more weight is added to a

FogAP if it chooses item i instead of item j from Ofr). We define the incremental

efficiency between two elements i and j as the ratio between their incremental profit

and incremental weight, i.e.,

ẽfr(j, i) =
υfr(j)− υfr(i)
cfr(j)− cfr(i)

. (4.38)

For three items i, j and k in Ofr, with cfr(i) < cfr(j) < cfr(k) and υfr(i) <

υfr(j) < υfr(k), we say that j is LP-dominated (linear programming dominated)

by i and k [116] if

ẽfr(k, j) ≥ ẽfr(j, i), i.e.,
υfr(k)− υfr(j)
cfr(k)− cfr(j)

≥ υfr(j)− υfr(i)
cfr(j)− cfr(i)

. (4.39)

In other words, item j is LP-dominated by i and k if the incremental efficiency

between k and j is larger than the one between j and i [116].

Let Efr be the set of LP-extreme items corresponding toOfr. This set is obtained

by eliminating all dominated and LP-dominated elements in Ofr.

MCKP-Greedy Algorithm

Based on the above notations, we now details how R pairs of users are assigned to

each FogAP f . As previously mentioned, the goal for FogAP f is to choose one
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pair of users (item) such that every RB (class) maximizes its utility function without

exceeding the fronthaul capacity. To this end, FogAP f first constructs R classes

of items (Ofr for r = 1, . . . , R). Each class contains all possible combinations of

two users (a pair of strong (us) and weak (uw) users). For each pair of users (each

item), the user with a better channel is the strong user, while the one with the worse

channel is the weak user. Therefore, there are
(
U
2

)
items in every class. Each item is

characterized with a profit (the utility value added to the overall utility function if the

corresponding user pair is chosen) and a weight (the capacity that the corresponding

user pair needs in the fronthaul link). The goal is then to choose the best pair from

each set Ofr (r = 1, . . . , R) such that the utility is maximized and the fronthaul

capacity is not exceeded. Let xfr(i) be a binary variable that is equal to 1 if the

i-th item in Ofr is chosen. In this part, constraint (4.28g) is discarded, as it is the

object of the auction algorithm detailed in the next subsection. Using the notations

introduced in Sec. 4.3.4, the binary optimization for FogAP f can be reformulated as

follows:

max
xfr,r∈R

∑
r∈R

|Ofr|∑
i=1

xfr(i)υfr(i) (4.40a)

s.t.
∑
r∈R

|Ofr|∑
i=1

xfr(i)cfr(i) ≤ C̄f (4.40b)

|Ofr|∑
i=1

xfr(i) = 1, ∀r ∈ R, (4.40c)

xfr(i) ∈ {0, 1}, ∀r ∈ R, ∀i ∈ {1, . . . , |Ofr|}, (4.40d)

The objective function (4.40a) is the total utility at FogAP f , which is the summation

of the utilities of chosen pairs (4.40a). At the beginning of the algorithm, the utility

associated to every user pair is equal to the summation of the utilities of the strong and
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weak users forming the user pair. As the algorithm progresses, the user pair’s utility

includes the price of the user pair from the auction’s previous iteration as defined

in (4.35). The fronthaul capacity constraint for FogAP r, equivalent to (4.28h), is

expressed in (4.40b). The constraint (4.40c) forces FogAP f to choose one pair from

each class (RB r). Therefore, constraint (4.40c) is equivalent to (4.28e) and (4.28f)

in the original binary optimization problem. The integrality constraint on the binary

variables xfr(i) is expressed in (4.40d). Note that, for the MCKP to be feasible, we

assume that, for every FogAP f :

R∑
r=1

min
i∈Ofr

cfr(i) ≤ C̄f , (4.41)

and for every item (user pair) i ∈ Ofr,

cfr(i) +
R∑

r′=1
r′ 6=r

min
i∈Ofr′

cfr′(i) ≤ C̄f . (4.42)

By relaxing the integrality constraint (4.40d), the MCKP in (4.40) becomes a

linear MCKP which can be solved optimally using the MCKP-greedy algorithm [116].

The MCKP-greedy algorithm is based on the transformation of the MCKP to a similar

problem corresponding to one instance of Knapsack Problem (KP). Each instance is

then solved optimally using the KP-greedy algorithm [116] (i.e., by adding an element

to the sack in decreasing order of efficiency). The solution of the original problem

is then constructed from the solution of the linear relaxation. The details of the

MCKP-greedy algorithm that solves (4.40) are given in Alg. 11, and explained as

follows.

First, for every RB r, the FogAP constructs a class (set Ofr) containing all the

possible combinations of two users, and their corresponding utilities and weights (line
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2). The elements in each class are sorted according to increasing weight (line 3). Then,

for every class, the LP-extreme set Efr is constructed by eliminating the dominated

and LP-dominated elements from the ordered set (line 4). Next, the incremental

efficiency between every pair of successive elements in Efr is determined as follows:

ẽfr(i, i− 1) =
υfr(i)− υfr(i− 1)

cfr(i)− cfr(i− 1)
. (4.43)

The items from all Efr sets (r = 1, . . . , R) are placed in a new set Ef in decreasing

order of incremental efficiency (line 12). The algorithm, then, adds items to the sack

in that order, until the capacity of the sack is exceeded. The output of the MCKP-

greedy algorithm is i∗f = [i∗f1, . . . , i
∗
fR], i.e., the index of every chosen user pair from

each class r in the set Efr for FogAP f . Conditions (4.41) and (4.42) ensure that

there is a chosen pair from every class.

Algorithm 11 MCKP algorithm, f -th FogAP
1: for every class (RB) r do
2: Construct the set Ofr and the utility and weight vectors υfr and cfr
3: Sort elements in Ofr according to increasing weight cfr
4: Construct the set of LP-extreme items Efr from Ofr
5: Calculate the incremental efficiency between every two successive element in Efr, i.e.,

calculate ẽfr(i, i− 1) for i = [2, .., |Efr|]
6: end for
7: Ef= items from all Efr sorted according to decreasing ẽfr
8: Initialize C̃f = Cf −

∑R
r=1 cfr(1)

9: do
10: Add next user pair from Ef
11: (Assuming the item is from Efr and its index is i)
12: C̃f = C̃f − c̃fr(i)
13: if C̃f ≥ 0 then
14: i∗fr = i
15: end if
16: while C̃f > 0.
17: Output: i∗f = [i∗f1, . . . , i

∗
fR].
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Overall MCKP-Auction Based Assignment Algorithm

By independently applying 4.3.4, every FogAP has 2R tentatively assigned users.

The overall assignment algorithm, however, must satisfy constraint (4.28g). In other

words, no user can be served by two different FogAPs on the same RB. To overcome

this issue, we propose the auction-MCKP-based assignment algorithm detailed in

Algorithm 12. Let f̄ be a vector containing the indexes of FogAPs that need to bid

in the next iteration of the auction. At the initialization, all users’ prices are set to

zero and all FogAPs need to bid, i.e., f̄ = [1; . . . ;F ] (line 2).

At the beginning of every iteration, every FogAP finds the users to bid for each

RB (i∗f ) by applying the MCKP-greedy algorithm (line 5). For every chosen user

(each user in i∗fr), the bidding price is set to

ρfr(us(i
∗
fr)) = ρfr(us((i

∗
fr)) +

(
υfr(i

∗
fr)− ῡfr

)
/2 (4.44a)

ρfr(uw(i∗fr)) = ρfr(uw(i∗fr)) +
(
υfr(i

∗
fr)− ῡfr

)
/2, (4.44b)

for the strong and weak user, respectively. That is, the price of a user is set to its

old price plus half of the utility that the FogAP would loose if it looses the bid (the

utility loss for losing a user is half of the utility loss for the user pair). In particular,

the utility loss for the best user pair is defined as the difference between its utility

(υfr(i∗fr)) and that of the second best pair from the same class, denoted as ῡfr (lines

6-8).

After all FogAPs in f̄ place their bids for every RB r, the absolute price of every

user ρr(u) is set to the maximum bid placed for that user on RB r (lines 6-8), i.e.,

ρ(t+1)
r (u) = max

f
ρfr(u), ∀r ∈ R. (4.45)
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For every RB r, the FogAP with the highest bid wins the user. Hence, FogAP f

looses the weak/strong user of RB r if

ρfr(us(i
∗
fr)) ≤ ρ(t+1)

r (us(i
∗
fr)) OR ρfr(uw(i∗fr)) ≤ ρ(t+1)

r (uw(i∗fr)). (4.46)

The indexes of FogAPs that loose a user on at least one of their RBs are grouped in

f̄ (the list of bidding FogAPs in following iterations). It is worth mentioning that

there is no guarantee that the winning FogAP at a given iteration would keep that

user until the end of the algorithm, as it may loose that user in a subsequent iteration

if another FogAP bids higher. The algorithm continues until all RBs of all FogAPs

are assigned, i.e., the absolute price of all users on all RBs does not change anymore

(line 13). In other words, there are no longer any FogAPs placing bids. A proof

of convergence for the auction algorithm is provided in [117]. The last step of the

algorithm converts the indexes of the final users for every FogAP i∗f into the binary

variables (lines 14-16):

sfrus(i∗fr) = 1, wfruw(i∗fr)
= 1 ∀(f, r) ∈ (F ×R) (4.47)

As already pointed out, unlike the Hungarian-based assignment algorithm, the

MCKP-based assignment algorithm results satisfies the fronthaul capacity constraint.

Therefore, the MCKP-based assignment algorithm can be applied alone without op-

timized power allocation (cf. Sec. 4.3.9).

4.3.5 Proposed Power Allocation Method

This section details the second step in Algorithm 9, as it focuses on solving the power

allocation step. For the assignment solution found in the first step, the available

power at every FogAP is optimally assigned to its RBs, i.e., P is optimized for fixed
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Algorithm 12 MCKP-Auction Based Assignment
1: Input: P , A
2: Initialization t = 0, ρfr(u) = 0 ∀(f, r, u) ∈ (F×R×U)), ρ(0)

r (u) = 0, ∀(u, r) ∈ (U×R)),
f̄ = [1; . . . ;F ], S = 0, W = 0.

3: do
4: for every FogAP that needs to bid, i.e., f ∈ f̄ do
5: Find the list of chosen pairs of users i∗f = [i∗f1, . . . , i

∗
fR] by applying alg. 11

6: for every RB, r = 1→ R do
7: Set the bidding price of the chosen strong and weak users according to

eq. (4.44)
8: end for
9: end for
10: Price agglomeration, eq. (4.45).
11: Construct the list of FogAPs that lost at least a user f̄
12: Increment the number of iteration, t = t+ 1.
13: while ∃(r, u) such that ρ(t−1)

r (u) 6= ρ
(t)
r (u).

14: for each RB of every FogAP: f = 1→ F , r = 1→ R do
15: Set the assignment variables corresponding to the chosen users to 1.
16: end for
17: Output: S, W .

S, W and A. The overall utility function is separable across the RBs, i.e., the

overall utility is the summation of the contribution from every RB, cf. eq. (4.31).

Moreover, the contribution of each RB to the overall utility function depends only on

the power allocated to that given RB across all FogAPs. Thus, the power allocation

optimization can be formulated as follows:

max
P

Θ(P ,A,S,W ) =
∑
r∈R

∑
f∈F
u∈U

sfruαuC
(s)
fru(pr, afr) + wfruαuC

(w)
fru(pr, afr)

 (4.48a)

s.t.
∑
r∈R

pfr ≤ P̄f , ∀f ∈ F , (4.48b)

ψf (P ,af ,S,W ) ≤ C̄f , ∀f ∈ F . (4.48c)

The optimization, however, cannot be separately solved for every RB, due to the

total power budget and the fronthaul capacity limit for every FogAP. The separa-

bility of the utility function per RB as shown in (4.48a), however, allows us to use
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ADMM [114] to solve the power allocation at the BBU pool, as it is well adapted to

the structure of our problem as argued in the sequel. Moreover, ADMM provides a

relatively simple computational complexity solution, as shown in Sec. 4.3.7. ADMM

consists of sequentially solving the optimization for each direction of the optimiza-

tion variable (in our case, each direction is the power vector on each RB, i.e., pr)

while fixing the other variables. While ADMM is usually applied to linear equality

constraints, the constraints in our case are neither linear nor convex. We hence trans-

form the inequality constraints into equality constraints by adding a component-wise

maximum function (g1f , g2f below) to each inequality constraint [118], which ensures

that an inequality constraint is only considered whenever active. Note that a con-

straint is active if its corresponding maximum function (g1f or g2f ) is positive for the

current value of the variables. The optimization problem (4.49) is thus reformulated

as follows:

min
P
−Θ(P ,A,S,W ) (4.49a)

s.t. g1f

(
p(f)

)
= 0, ∀f ∈ F , (4.49b)

g2f (P ) = 0, ∀f ∈ F , (4.49c)

where the vector p(f) = [pf1, . . . , pfR]> ∈ RR×1
+ groups the RBs’ transmit powers of

FogAP f . We define g1f and g2f as follows:

g1f

(
p(f)

)
= max

{
0,
∑
r∈R

pfr − P̄f

}2

, (4.50)

and
g2f (P ) = max

{
0, ψf (P ,af ,S,W )− C̄f

}2
. (4.51)
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It is worth mentioning that g2f is a function of the other variables as well, i.e., S,W

and af , which are kept fixed during this power allocation step.

Next, we express the augmented Lagrangian function of problem (4.49), defined as

the regular Lagrangian function augmented by a quadratic function of the constraints,

as follows:

L1 (P ,µ1,µ2) =−Θ(P ,A,S,W ) +
δ

2
‖g1(P )‖2

2 +
δ

2
‖g2(P )‖2

2 +

F∑
f=1

µ1fg1f

(
p(f)

)
+

F∑
f=1

µ2fg2f (P ) , (4.52)

where g1(P ) =
[
g11

(
p(1)

)
, . . . , g1f

(
p(f)

)]T, g2(P ) = [g21(P ), . . . , g2f (P )]T. µ1 ∈ RF

and µ2 ∈ RF are the Lagrangian multipliers that correspond to (4.49b) and (4.49c),

respectively. δ is a positive constant and ‖.‖ denotes the Euclidean norm.

The ADMM consists of alternating between two steps; see [114] and references

therein. The first step consists of optimizing the augmented Lagrangian (4.52) for

each direction of the primal variables, while the variables for other directions remain

fixed. More specifically, in our case, pr is optimized for every r ∈ R by minimizing

the augmented Lagrangian function. Let p(k)
r be the value of variable pr at iteration

k. For completeness, we next describe the underlying optimization steps proposed by

ADMM in the context of our problem.

Proposition 5. At the k-th iteration of the power allocation algorithm, first, the

primal variables are updated as follows, for r = 1 to R:

p(k)
r = argmin

pr

L1

(
P

(k)
r̄ ,µ

(k−1)
1 ,µ

(k−1)
2

)
, (4.53)

where P (k)
r̄ =

[
p

(k)
1 ; . . . ;p

(k)
r−1;pr;p

(k−1)
r+1 . . . ;p

(k−1)
r

]
. Second, the dual variables (i.e.,
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the Lagrangian multipliers) are updated as follows:

µ
(k)
1 = µ

(k−1)
1 + δg1

(
P (k)

)
and µ(k)

2 = µ
(k−1)
2 + δg2

(
P (k)

)
. (4.54)

The algorithm stops at convergence, once all constraints are satisfied.

We finally note that in this work, we use the interior-point method [63] to solve

problem (4.53). The simulations results presented in Sec. 4.3.9 particularly show the

appreciable performance improvement of the adopted algorithm.

4.3.6 Proposed NOMA Power Splitting Method

This section details the last step of the algorithm which consists of optimally dividing

the power allocated to every RB to its strong and weak users. The optimization

problem (4.28) now boils down to:

max
A

Θ(P ,A,S,W ) (4.55a)

s.t. 0 ≤ afr ≤ 1, ∀(f, r) ∈ (F ×R) , (4.55b)

ψf (P ,af ,S,W ) ≤ C̄f , ∀f ∈ F (4.55c)

This optimization is separable per FogAP, i.e., solving (4.55) is equivalent to solving

the following optimization for every FogAP:

max
af

Θf (P ,af ,S,W ) =
∑
r∈R

∑
u∈U

sfruαuC
(s)
fru(pr, afr) + wfruαuC

(w)
fru(pr, afr) (4.56a)

s.t. 0 ≤ afr ≤ 1, ∀r ∈ R, (4.56b)

ψf (P ,af ,S,W ) ≤ C̄f . (4.56c)

Therefore, this step of the algorithm can be solved at every FogAP in order to alleviate

the traffic on the fronthaul link in alignment to the FogRAN principle of pushing some
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control to the network edge. Hence, problem (4.56) can be re-written as follows:

min
af
−Θf (P ,af ,S,W ) (4.57a)

s.t. − af ≤ 0 (4.57b)

af − 1 ≤ 0 (4.57c)

ψf (P ,af ,S,W )− C̄f ≤ 0. (4.57d)

Moreover, the utility function at FogAP f is separable per RB. More specifically,

in (4.56a), the r-th term in the summation over the RBs is a function of afr only.

This means that, once again, problem (4.57) can be efficiently solved by ADMM.

Towards this end, the constraints are reformulated in a similar way as for the power

allocation to every RB (cf. Sec. 4.3.5 ). In what follows, only the variables under

consideration (af ) are shown in order to simplify the mathematical notations. The

resulting optimization which is solved at the FogAP f is

min
af
−Θf (af ) (4.58a)

s.t. max {0,−afr}2 = 0, ∀r ∈ R, (4.58b)

max {0, afr − 1}2 = 0, ∀r ∈ R, (4.58c)

max
{

0, ψf (af )− C̄f
}2

= 0. (4.58d)

The augmented Lagrangian function is now:

L2 (af ,λ1,λ2, λ3) =−Θf (af ) +
δ

2

R∑
r=1

∥∥∥max {0,−afr}2
∥∥∥2

2
+

R∑
r=1

λ1rmax {0,−afr}2 +

δ

2

R∑
r=1

∥∥∥max {0, afr − 1}2
∥∥∥2

2
+

R∑
r=1

λ2rmax {0, afr − 1}2 +

δ

2

∥∥∥max
{

0, ψf (af )− C̄f
}2
∥∥∥2

2
+ λ3max

{
0, ψf (af )− C̄f

}2
, (4.59)
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where λ1 ∈ RF , λ2 ∈ RF and λ3 ∈ R are the Lagrangian multipliers that corre-

spond to (4.58b), (4.58c) and (4.58d), respectively, and where δ is a positive constant.

The first step of every ADMM iteration consists of minimizing the Lagrangian func-

tion (4.59) for every direction r, while the other variables corresponding to all other

directions are fixed. The second step consists of updating the dual variables [114].

Proposition 6. At the k-th iteration of the NOMA power splitting optimization al-

gorithm at FogAP f , first, the primal variables are updated as follows, for r = 1 to

R:

a
(k)
fr = argmin

afr

L2 (afr̄,λ1,λ2, λ3) . (4.60)

where afr̄ =
[
a

(k)
f1 , . . . , a

(k)
f(r−1), afr, a

(k−1)
f(r+1), . . . , a

(k−1)
fr

]
. Second, the dual variables are

updated as follows:

λ
(k)
1r = λ

(k−1)
1r + ρmax

{
0,−a(k)

fr

}2
, (4.61a)

λ
(k)
2r = λ

(k−1)
2r + ρmax

{
0, a

(k)
fr − 1

}2
, (4.61b)

λ
(k)
3 = λ

(k−1)
3 + ρmax

{
0, ψf

(
a

(k)
f

)
− C̄f

}2
. (4.61c)

The algorithm stops at convergence, once all constraints are satisfied.

Once again, we utilize the interior-point method to solve problem (4.60) as well.

4.3.7 Complexity Analysis

This section describes the computational complexity of each algorithm step described

in the previous sections. Reference [85] shows that the complexity of the Hungarian

method is in the order of O(n3), where n is the number of agents. For the Hungarian-

based assignment adopted in this work, since the assignment is done for every RB, the
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agents are equal to the number of users that can be assigned, i.e., 2F . The complexity

of the MCKP-greedy algorithm is O (
∑m

i=1 ni log(ni) + n log(n)) [116], where m is the

number of classes of objects to be put in one knapsack and ni is the number of

elements in the i-th class. In our case, m = R and ni =
(
U
2

)
, ∀i ∈ {1, . . . , R}. Lastly,

n is the total number of elements for all classes, i.e., n = R
(
U
2

)
. Each main iteration of

the interior-point method has a worst-case complexity, which is a polynomial function

of the problem size [84]. More specifically, the total number of arithmetic operations

needed to perform the interior-point method is in the order of O(n3), where n is the

number of variables. Based on the above, Table 4.2 displays the complexity of each

algorithm and the corresponding number of repetitions required to implement the

overall algorithm 9. The number of repetitions for MCKP-greedy algorithm is RA,

Algorithm Complexity Repetitions

Hungarian algorithm O((2F )3) R

MCKP-greedy algorithm O
(
Ru log

(
Ru2

))
, u =

(
U
2

)
FA

Power allocation O(F 3) R

Power split optimization O(13) FR

Table 4.2: Complexity of each algorithm and the number of repetitions needed for imple-
menting the user-to-RB assignment, power allocation and NOMA power splitting

where A is the total number of auction iterations.

Table 4.2 shows that taking advantage of the problem structure in order to apply

ADMM to solve both continuous parts of the problem not only allows the distribution

of the algorithm tasks to all FogAPs, but also significantly reduces the computational

complexity. Thanks to ADMM, the complexity of the power allocation is reduced

from O((FR)3) to O(RF 3). For the power split optimization, it is reduced from

O((FR)3) to O(FR).
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4.3.8 Simulation Setup

This section evaluates the performance of the proposed algorithms in a grid network

of 7 FogAPs with wrap-around architecture[119]. Four users are uniformly distributed

inside each FogAP’s coverage. All simulation results are averaged over 10000 channel

realizations. We assume that each FogAP has a bandwidth of W = 10 MHz equally

divided among its RBs, i.e., β = W
R
. The 3GPP urban micro-cell environment and

simulation parameters are adopted as in [65]. The inter-FogAP distance is fixed

to 200m. The path-loss models both the signal power attenuation and the channel

shadowing effect, and is given by l(d, fc) = 36.7 log 10(d) + 22.8 + 20 log 10(fc), where

d is the distance in meters, and fc, the carrier frequency, is set to fc=2.5 GHz.

All channels undergo Rayleigh fading. We assume that the available power and

the fronthaul capacity limits are equal for all FogAPs. While the power is set to

p̄f = 41dBm ∀f ∈ F , C̄f = C̄ changes across the simulations so as to illustrate the

impact of backhaul capacity on the proposed algorithms performance. Unless specified

otherwise, the number of RBs is set to R = 2, and the averaging time window τ is set

to τ = 50 (see more info about τ below). We assume perfect successive interference

cancellation, i.e., ζ = 0.

For illustrative purposes, the user weights are taken for two extreme cases:

1. αu = 1 for all users, i.e., sum-rate maximization.

2. αu = 1

C̄
(τ)
u

, the inverse of the average user rate C̄(τ)
u over a time window τ , i.e.,

proportional fair weighted sum-rate. At initialization, C̄u is fixed assuming that

user u is assigned to its closest FogAP, and all channel gains are equal to 1.

In addition to the utility values and rates, the algorithms’ performance is also

evaluated in terms of Jain’s fairness index between users. Jain’s fairness index is

defined in (4.22).
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Baseline Schemes and Acronyms

We now define the following baseline schemes for benchmarking purposes.

1. Voronoi-based assignment: the baseline scheme for proposed user assignment,

where two users inside every FogAP’s Voronoi cell are randomly assigned to

each of its RBs. The user with lower channel gain is the weak user, while the

user with higher channel gain is the strong user.

2. Uniform power allocation: the baseline scheme for proposed power optimiza-

tion. Within every FogAP if Hungarian or Voronoi assignment is applied, it

is not guaranteed that the resulting assignment satisfies the fronthaul capac-

ity limitation. Therefore, for the FogAPs with non-satisfied fronthaul capacity

constraints, the RBs’ powers are uniformly decreased until they are satisfied.

3. OMA: this is the conventional allocation scheme used in current systems such

as OFDMA in LTE-Advanced, where each basic resource unit (subchannel or

RB of bandwidth β) is allocated to only one user.

V Voronoi-based assignment PU Uniform power allocation FPS Fixed NOMA power split

H Hungarian-based assignment PA Optimized power allocation PS Optimized power split

K MCPK-based assignment

Table 4.3: Summary of the notations in the figures.

For the sake of clarity, Table 4.3 summarizes the acronyms used in the figures.
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Figure 4.5: CDF of the utility function for different values of A(o), C̄f = 108.

4.3.9 Numerical Results

Effect of initialization of A

First, we simulate the effect of the NOMA power splitting initialization matrix A(o)

on different network performance metrics. Fig. 4.5 shows the CDF of the utility

function for different values of A(o) for H-PA-PS, for weighted sum-rate maximization

in Fig. 4.5a and for sum-rate maximization in Fig. 4.5b. The corresponding Jain’s

fairness index is shown in Table 4.4.

A(o) 0.05 0.25 0.5 0.75 0.95

WSR 0.40 0.41 0.40 0.38 0.37

SR 0.23 0.22 0.23 0.23 0.24

Table 4.4: Jain’s fairness indexes for different A(o).

It can be seen that, in general, the value of A(o) does not significantly affect the

behaviour of both utility functions. Table 4.4, however, shows that with weighted

sum-rate maximization, the best user fairness is achieved at A(o) around 0.25. For

sum-rate maximization, the fairness is not affected by the value of A(o).

Therefore, in all subsequent results, we set A(o) = 0.25 for the proposed NOMA-
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Figure 4.6: CDF of the value of a after power split optimization.

based algorithms.

Distribution of a

Fig. 4.6 shows the distribution of the NOMA power split ratios after optimization,

i.e., the power distribution among weak and strong users. It shows that, for sum-rate

maximization and for both H-PA-PS and K-PA-PS, full power is given to the strong

user for 70% of the cases. For weighted sum-rate maximization, the window size τ

does not significantly change the distribution of the NOMA power split ratios. The

probability that the strong user is served with full power for K-PA-PS is about 30%,

while it is 20% for H-PA-PS. The weak user gets full power for 15% and 18% of the

time for K-PA-PS and H-PA-PS, respectively. For both algorithms, a smoothly varies

between 0 and 0.5 for about 50% of the cases under weighted sum-rate maximization.

This figure, therefore, shows that the proposed algorithms, under weighted sum-

rate maximization, indeed instigate fairer power allocation compared to sum-rate

maximization case.
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Algorithm Performance

Fig. 4.7 shows the performance for each utility function according to the outside loop

number of iterations in algorithm 9, for weighted sum-rate (Fig. 4.7a) and sum-rate

maximization (Fig. 4.7b). The performance for each utility function is shown for

different combinations of algorithms inside the loop. The figure shows that for all

combinations if more than one iteration is needed, the algorithm converges within a

few numbers of iterations. As for the inner loops, for the power allocation and the

NOMA power splitting, ADMM converges within less than five iterations.

Under both utility functions, the figures show that the proposed algorithm (par-

tially or wholly applied) outperforms the baseline scheme (Voronoi assignment com-

bined with uniform power allocation). In more details, for weighted sum-rate, the

proposed K-PA-PS yields to the best network utility value, with a 16%-gain com-

pared to baseline V-PU-FPS, while proposed H-PA-PS yields to 11%-gain compared

to V-PU-FPS. H-PA-PS is, however, slightly better than K-PA-PS for sum-rate max-

imization (111% vs 109% for K-PA-PS).

As previously mentioned, the proposed MCKP assignment algorithm can be ap-

plied alone without optimized power allocation, as its result is always feasible in

terms of fronthaul capacity limitation. In this case, each FogAP’s power budget is

equally divided between its RBs and the power split is fixed to 0.25 (noted K) or

optimized (noted K-PS). It is observed that K-PU-FPS performs 4% and 76% better

than V-PU-FPS for weighted sum-rate and sum-rate, respectively. Combined with

optimized power split, K-PU-PS yields to 8.6% and 95% gain, for weighted sum-rate

and sum-rate, respectively. Combined with optimized power allocation, the Hungar-

ian assignment H-PA-PS yields to 4.3% and 98% gain compared to V-PU-FPS for

weighted sum-rate and sum-rate, respectively.
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Figure 4.7: Convergence of different algorithms, C̄f = 108.

Fig. 4.8 compares the performance of H-PA-PS and K-PA-PS for different fron-

thaul capacity values and for weighted sum-rate (Fig. 4.8a) and sum-rate (Fig. 4.8b)

maximization. The figures confirm again that K-PA-PS is slightly better than H-

PA-PS for weighted sum-rate maximization, regardless of the value C̄f . H-PA-PS,

however, yields to higher sum-rates. The Hungarian-based assignment is favourable

to sum-rate maximization as it does not consider the fronthaul capacity, i.e., it always

chooses the best users for each RB. With MCKP, the users’ assignment is subjected to

the fronthaul capacity allowing weaker users to be served as well, thereby increasing

the fairness between users.

Table 4.5 displays the values of the Jain’s fairness indexes that correspond to

the curves of Fig. 4.8, i.e., for H-PA-PS and K-PA-PS for different fronthaul capacity

values and for both utilities. As expected, the Jain’s fairness index is low for sum-rate

maximization compared to the one of weighted sum-rate maximization. For sum-rate

maximization, its value is higher for lower values of C̄f . This shows that, under sum-

rate maximization, on the one hand, if C̄f is high enough, the network prioritizes

users with good channels. On the other hand, if C̄f is low, some FogAPs either serve

weak users in order to satisfy C̄f (MCKP-based assignment) or still serve users with
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Figure 4.8: Performance comparison, for different C̄f values.

best channels but with lower power (Hungarian-based assignment). In either case,

the fairness index increases. This phenomenon can be observed in Fig. 4.10 as well.

Utility Weighted sum-rate Sum-rate

C̄f 5× 107 108 5× 107 108

H-PA-PS 0.42 0.42 0.25 0.22

K-PA-PS 0.41 0.40 0.25 0.21

Table 4.5: Jain’s fairness indexes for weighted sum-rate and sum-rate maximization.

NOMA vs. OMA

Fig. 4.9 compares the proposed NOMA schemes with H-PA-PS algorithm to the

conventional OMA scheme under different utility functions and for different values

of the fronthaul capacity. For OMA scheme, every RB of each FogAP is assigned

to only one user served with full power. For the sake of fair comparison, users are

optimally assigned to FogAPs using the same algorithm (one user assigned to each

RB) as for NOMA. Moreover, the power allocated to every RB is optimized using

the same technique. The adopted assignment is Hungarian-based for both OMA and

NOMA.
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Figure 4.9: OMA vs. NOMA, for different C̄f values.

For weighted sum-rate maximization in Fig. 4.9a, NOMA achieves better per-

formance in the low utility region, indicating higher fairness for users with poorer

channels, such as edge users, which is the most challenging case. For sum-rate maxi-

mization in Fig. 4.9b, NOMA and OMA have comparable performances for high C̄f .

For low C̄f , OMA is generally slightly better, confirming that the best strategy for

maximizing sum-rate is giving full power to the strong user.

Table. 4.6 compares the Jain’s fairness index for NOMA and OMA, for weighted

sum-rate and sum-rate and different values of the fronthaul capacity. The table shows

that the user fairness is the highest when proposed NOMA is adopted with weighted-

sum rate maximization.

Utility Weighted sum-rate Sum-rate

C̄f 5× 107 108 5× 107 108

NOMA 0.42 0.42 0.25 0.22

OMA 0.31 0.32 0.24 0.23

Table 4.6: Jain’s fairness indexes for weighted sum-rate and sum-rate maximization, NOMA
vs. OMA.
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Effect of number of RBs and Weight

Fig. 4.10 shows the variation of the Jain’s fairness index according to the number of

RBs available at every FogAP. The figure shows the fairness index for different values

of the fronthaul capacity and for different utility functions, and with τ = 25, or 50.

The results are presented for H-PA-PS in 4.10a and for K-PA-PS in 4.10b.

In general, for both assignment algorithms under any value of C̄f and any adopted

utility function, the fairness is an increasing function of the number of RBs. More

RBs implies not only more served users, but also a higher probability of each user

being served, owing to channel diversity. However, a higher number of RBs entails

higher complexity, as shown in Table 4.2: the complexity of every algorithm linearly

increases with the number of RBs R.

Overall, the lower C̄f , the better the fairness, for the same reason as for Table

4.5. For τ = 25, in MCKP-based assignment algorithm (Fig. 4.10b), the fairness is

higher compared to the one resulting from Hungarian-based algorithm, especially for

a low number of RBs. This phenomenon is caused by the fact that, under MCKP,

users are assigned to FogAPs under fronthaul capacity constraints, which increases

the probability that weak users get served. It is also observed that, for weighted sum-

rate, the larger the window size gets, the better level the fairness index reaches, which

is compatible with the rationale behind adopting a proportional fairness approach.

Discussion

In this subsection, we compare the two assignment algorithms proposed in this work.

On the one hand, with Hungarian-based assignment, the users are assigned to FogAPs

and RBs regardless of the fronthaul capacity. Moreover, the result of the assignment

is optimal for infinite fronthaul capacity. The transmission power for each RB is then
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(b) MCKP-based assignment.
Figure 4.10: Variation of the fairness with the number of RBs, for different utility functions.

adjusted to optimize again the utility function and to satisfy the fronthaul capacity.

On the other hand, MCKP-based assignment allocates the resource to users in or-

der to maximize the utility and to satisfy the fronthaul capacity. It can be seen in

Fig. 4.7 that, in terms of utility values, with the MCKP-based assignment, the overall

algorithm performs better than with the Hungarian-based assignment for weighted

sum-rate maximization. In terms of user fairness, however, the performance of both

assignment algorithms are comparable (the Hungarian-based assignment performs

slightly better), cf. Table 4.5. For sum-rate maximization, the utility value is slightly

better with the Hungarian-based assignment. Nevertheless, it is worth mentioning

that MCKP-based assignment can be applied alone for uniform power without power

optimization. In terms of computational complexity, it can be shown, based on Ta-

ble. 4.2, that the Hungarian-based assignment is less complex than the MCKP-based

assignment if

F <

√
AU (U − 1)

32
log

(
RU (U − 1)

2

)
. (4.62)

Therefore, for a high number of users competing for the resource, it is advisable to

use the Hungarian-based assignment.
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4.4 Summary

This chapter focuses on the downlink of a cellular network, more specifically on the

downlink of a fog radio access network (FogRAN). Each frequency-time resource block

serves two users using Non-Orthogonal Multiple Access (NOMA). Since the literature

shows that the performance gain from NOMA is highly vulnerable to interference,

we propose managing the interference through optimized resource allocation. The

formulated resource allocation problem is partially solved at the Fog Access Points

(FogAPs) to alleviate the traffic burden on the fronthaul link, thereby reducing the

network latency.

The first half of this chapter considers a single resource block universally reused by

all FogAPs. Our formulated optimization maximizes a network-wide utility function

that enforces user fairness. The optimization problem adjusts the user-to-FogAP

assignment and the power allocation under limited fronthaul link capacity. In our

proposed resource allocation algorithm, the baseband unit pool optimally assigns a

strong and a weak user to every FogAP. Then, each FogAP finds the optimal power

split between its multiplexed users.

In the second half of this chapter, we assume that all FogAPs share and universally

reuse a number of orthogonal resource blocks (RBs). Our formulated optimization

maximizes a weighted sum-rate optimization problem, a flexible utility function that

can be tweaked towards different objectives (e.g., to maximize the users sum-rates

or to maximize the users’ proportional fairness). The optimization problem is solved

by iterating between three steps: user-to-FogAP-and-RB assignment (binary opti-

mization), power allocation to RBs, and optimization of the power split between the

multiplexed users within every RB. Two different user-to-FogAP assignment methods

are proposed to solve the binary part, namely the Hungarian-based and MCKP-based
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methods. The continuous part of the problem, on the other hand, is solved using

an ADMM approach, which enables the FogRAN-specific operation and reduces the

overall algorithmic complexity.

Our simulation results show the effect of different levels of fronthaul capacity

on network performance. We conclude that, compared to the conventional OMA,

the proposed scheme yields better fairness between users for all levels of fronthaul

rate constraint without harming the network sum-rate. Moreover, accounting for the

fronthaul capacity during the assignment increases the user fairness. Furthermore,

we conclude that, with the proposed resource allocation methods, multiplexing two

users in the power domain yields better network performance than serving them on

orthogonal frequencies, i.e., by dividing the available bandwidth for each basic RB

(the scheme we call ideal OMA in this work).



Chapter 5

Conclusion

5.1 Dissertation Summary and Insights

In the context of increasing the spectrum efficiency in cellular networks, this disser-

tation analyzes two spectrum sharing techniques, namely Full-Duplex (FD) commu-

nication and Non-Orthogonal Multiple Access (NOMA).

In a cellular network, FD communication doubles the bandwidth available in each

direction of communication (uplink and downlink). However, it generates new kinds of

interference in addition to the ones that already exist in conventional half-duplex com-

munication. Therefore, we first analyze the effect of FD communication on the uplink

transmission since it generally uses less power compared to the downlink transmis-

sion. Using stochastic geometry tools to model the randomness of the base stations’

positions, we derive a closed-form expression of an upper-bound for the ergodic uplink

rate. We show that the uplink transmission with FD communication is highly vulner-

able to interference, especially in large cell environments where there is a considerable

disparity in power between the uplink and downlink. Therefore, explicit uplink and

downlink performance metrics are essential. Moreover, we show that adapting the

uplink transmission to the channel gain and the interference power level can enhance

the uplink transmission in cellular networks.

Furthermore, to protect the uplink transmission from the overwhelming interfer-

ence from the downlink transmission in other cells, we propose that the uplink and

227
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downlink spectra partially overlap and that the amount of spectrum overlap is ad-

justable. This flexible overlap is then used as a means to devise smart spectrum

sharing techniques between the downlink and uplink transmission (α-duplex commu-

nication). We then formulate a resource allocation problem that jointly optimizes

the power allocation, the partial overlap, the user-to-base-station assignment and the

user-to-base-station association. First, we show the potential performance gain from

such a communication scheme when the partial overlap is tuned adequately accord-

ing to the network parameters. Then, we consider a resource allocation problem that

jointly optimizes the power allocation, the partial overlap between the uplink and

downlink spectra, the user-to-base-station association and the channel assignment.

Lastly, we develop an efficient, distributed algorithm to solve resource allocation.

Our simulation results show that, with the proposed resource allocation methods,

considerable performance gains can be achieved in both uplink and downlink trans-

mission.

In the second part of this dissertation, we consider applying NOMA in the down-

link of a cellular network. In NOMA, a transmitter serves multiple users on the

same frequency-time resource. Considering a fog radio access network (FogRAN) ar-

chitecture, we analyze the performance of NOMA in cellular networks compared to

the conventional orthogonal multiple access. We develop a resource allocation algo-

rithm that maximizes a network-wide utility function. The formulated optimization

problem is mixed-integer. It jointly optimizes the users to FogAPs association, the

power allocation and division of power between the NOMA multiplexed users. Our

proposed solution takes advantage of the computing capabilities of the edge nodes.

Simulation results show that with the proposed resource allocation algorithm, NOMA

yields better network performance (better user fairness without harming the sum-rate)

compared to orthogonal multiple access.
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5.2 Future Research Directions

5.2.1 Resource Allocation Adapted to FogRAN Architecture

Interference is one of the major limiting factors for any spectrum sharing technique

such as FD communication or NOMA, especially in cellular networks where the trans-

mitted signals are subjected to interference from other cells. Interestingly, FogRAN

is a promising architecture for future generations of cellular networks since the edge

devices are becoming capable of storing more data, and of handling heavy processing.

Therefore, first, we suggest solving the resource allocation problem for FD cellular

network under FogRAN architecture. Second, we suggest developing resource allo-

cation algorithms that take full advantage of such architecture. More precisely, in

order to reduce the latency caused by the fronthaul link, we recommend developing

distributed resource allocation methods that allow the connected devices to make a

quick decision and be self-coordinated while being orchestrated by the cloud. We also

suggest analyzing a more generalized FogRAN architecture empowered by device-to-

device (D2D) communication, relaying, and caching at the network edge.

5.2.2 Resource Allocation empowered by Deep Learning

In wireless communication, resource allocation problems are generally formulated as

an optimization problem that is a mixed-integer and non-convex with high compu-

tation complexity. The formulated optimization problem is solved every time the

channel conditions change and within the channel coherence time. The resource allo-

cation problem, however, can be seen as a function that takes the channel conditions as

inputs and outputs the optimized resource allocation variables. Therefore, optimized

resource allocation can be achieved by training an artificial neural network (ANN) to

understand the complex relationship between the channel conditions and optimiza-
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tion variables. Ideally, the ANN computation should be performed in a centralized

manner. However, relying on the cloud for all signal processing causes signalling

overhead on the fronthaul link. Therefore, future research works should develop deep

learning-based distributed resource allocation that benefits from the computational

capability of edge devices, thereby reducing the traffic burden on the fronthaul links

and the network latency.

5.2.3 Channel State Information Accuracy

The efficiency of any interference management techniques through resource alloca-

tion depends on the accuracy of the channel state information (CSI). Therefore, some

research effort should be focused on how to improve the CSI accuracy and how to

allocate resources under imperfect CSI in FD communication and NOMA. Further-

more, we propose analyzing how deep learning techniques can be exploited to improve

CSI accuracy.
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A Proof of Lemma 1

LI(s) = E
[
e−Is

]
= E

[
exp

(
−s
∑
i∈ψ

PBS,iαi|xi|−η
)]

,

= E

[∏
i∈ψ

exp
(
−sPBS,iαi|xi|−η

)]
. (1)

Using probability generating functional (PGFL) [62], we get

LI(s) = G
(
Eα
[
e−sPBSα|x|−η

])
. (2)

Assuming that the base station placement follows a Poisson Point Process (PPP)

with density λ, with a minimum interfering distance 1√
πλ

[34], we get

LI(s) = exp

(
−2πλ
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1√
πλ

x
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1− Eα
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e−sPBSαx

−η
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dx

)

= exp
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sPBSx

−η)) dx

)
. (3)

Mα(.) is the Moment Generating Function of the random variable α. Considering

that the fading coefficient α follows a Gamma distribution α ∼ Gamma(m,Ω), we

get (2.7).

B Proof of Theorem 1

Expanding (2.21), the expression of the maximum achievable rate becomes

C∗ =
Bkmh

B (mh,mI) ln 2

∫ ∞
1
a0

ln (a0x) (1 + kx)
−mh−mI xmh−1dx, (4)

This integral can be solved with integration by part considering u = ln(a0x) and

dv = (1 + kx)−m0−mI xm0−1. Therefore, du = 1
x
. Using [125, Eq. (3.194)] to find

v, then the relation given in [126, Eq. (15.3.7)], and finally applying integration by
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parts, we obtain
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C Proof of Lemma 3
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.

(6)

Approximation 1 allows us to assume that xi and ri are independent. With this

assumption and with the fact that all other random variables involved in (6) are

mutually independent, we can write

LĨ(s) ≈ Exi

[∏
xi∈Φ

Eri,αi,θi,ai

[
exp

(
− s

(
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+ Pur
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)−η ))]]
. (7)

The PGFL of the PPP with density λ is defined as

G (f) =Exi

[∏
xi∈Ψ

f(xi)

]
, (8)
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its expression is given in the following equation [62]:

G (f) = exp

(
−
∫

IR2

(1− f(x))λdx
)
. (9)

Equation (18) has the same structure as (19) with

f(xi) = Eri,αi,θi,ai

[
exp

(
− s

(
Pbαi ‖xi‖−η + Pur

ηε
i θi

(√
‖xi‖2 + r2

i − 2xiri cos ai

)−η ))]
.

(10)

Therefore, we substitute f(x) by (21) in (20) and we get (2.34).

D Proof of Proposition 2

D.1 Downlink Interference Power’s Laplace Transform

LId(s)=EId
[
e−Ids

]
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exp
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)]
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exp
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. (11)

Since αi and xi are independent, we can write
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Eαi exp
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, (12)

(19)
= G

(
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[
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. (13)

We then use the expression of the PPP’s PGFL (G), previously given in (20). Con-
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sidering the interference coordination distance rc, we get

LId(s)=exp

(
−2πλ
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rc

x
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−η
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dx

)
= exp
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−η)) dx
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. (14)

Mα(.) is the MGF of the random variable α. Considering that the fading coefficient

α follows a gamma distribution α ∼ Gamma(m,Ω), we get (2.37).

D.2 Uplink Interference Power’s Laplace Transform

LIu(s) = EIu
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The random variable θi is independent from yi and ri, while ri and yi are not (ri

has to be smaller than yi otherwise the i-th UE will be served by the reference BS) .

Therefore, we can write

LIu(s) = Eyi

[∏
yi∈Φ

Eri/yi,θi
[
exp
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where Mθi denotes the MGF of the random variable θi. Using PGFL on the UEs
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location, which is assumed to be PPP with density given in (2.35), we get
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The expression of the LT of the uplink interference power in (2.38) is then obtained by

replacingMθ by the MGF expression for a Gamma distribution (θ ∼ Gamma(m,Ω)).

Approximation 1 allows us to assume that xi and ri are independent. With this

assumption and with the fact that all other random variables involved in (6) are

mutually independent, we can write
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[∏
xi∈Φ

Eri,αi,θi,ai

[
exp

(
− s

(
Pbαi ‖xi‖−η

+ Pur
ηε
i θi

(√
‖xi‖2 + r2

i − 2xiri cos ai

)−η))]]
. (18)

The PGFL of the PPP with density λ is defined as

G (f) =Exi

[∏
xi∈Ψ

f(xi)

]
, (19)

its expression is given in the following equation [62]:

G (f) = exp

(
−
∫

IR2

(1− f(x))λdx
)
. (20)

Equation (18) has the same structure as (19) with

f(xi) = Eri,αi,θi,ai

[
exp

(
− s

(
Pbαi ‖xi‖−η

+ Pur
ηε
i θi

(√
‖xi‖2 + r2

i − 2xiri cos ai

)−η))]
. (21)
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Therefore, we substitute f(x) by (21) in (20) and we get (2.34).

E Derivation of Interference Moments

E.1 Downlink-to-Uplink Interference Power

From the LT in (2.37), the first moment of the the aggregate DL-to-UL interference

is:

M(Id)
1 = −2πλ

∂

∫ ∞
rc

x

(
1−

(
1 +

sΩPbx
−η

m

)−m)
dx

∂s

∣∣∣∣∣∣∣∣∣∣
s=0

,

(a)
= −2πλ

∫ ∞
rc

∂

(
x

(
1−
(

1+
sΩPbx

−η

m

)−m))
∂s

dx

∣∣∣∣∣∣∣
s=0

,

= −2πλΩPb

∫ ∞
rc

x−η+1

(
1 +

sΩPbx
−η

m

)−m−1

dx

∣∣∣∣∣
s=0

,

= −2πλΩPbr
2−η
c

η − 2
2F1

(
1 +m,

η − 2

η
, 2− 2

η
,−sΩPbr

−η
c

m

)∣∣∣∣
s=0

,

=
2πλΩPbr

2−η
c

η − 2
,

(b)
=

2 (1− e−1) ΩPb (πλo)
η
2

η − 2
(22)

where (a) follows from Leibniz integral rule, and (b) from replacing rc and λ by their

expressions which are given in (2.25) and (2.26), respectively, for N = 1. 2F1 is the

ordinary hypergeometric function. Similarly, the second moment can be derived as

follows:
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M(Id)
2 =

2πλΩPbr
2−η
c

η − 2

[
2πλΩPbr

2−η
c

η − 2
− ΩPbr

−η
c (m+ 1)(η − 2)

2m(η − 1)

]
=
P 2

b Ω2 (πλo)
η (e− 1) (4(1− η) (e+m) + eη2(m+ 1))

me2(η − 2)2(η − 1)
. (23)

E.2 Uplink-to-Uplink Interference Power

The Laplace transform of UL-to-UL interference power in (2.38) can be re-written as

LIu(s) = exp (F (s)) , (24)

where

F (s) = −2πλ

∫ ∞
0

y
(

1− e−πλy2
)
×(

1− 2πλ

∫ y

0

r

(
1 +

Ω

m
sρrηεy−η

)−m
fri/y(r)dr

)
dy. (25)

Using (2.39), with F (0) = 0, we obtain M(Iu)
1 = −F ′(0) and M(2)

Iu
= F ′′(0) +

(F ′(0))2.

The first derivative of F (s) is derived using the Leibniz integral rule as follows:

F ′(s) = −2πλρΩ

∫ ∞
0

y
(

1− e−πλy2
)
×∫ y

0

y−ηrηε
(
ρsΩy−ηrηε

m
+ 1

)−m−1

fri/y(r)drdy. (26)

For s = 0:

F ′(0)=−2πλρΩ

∫ ∞
0

y−η+1
(

1− e−πλy2
)∫ y

0

rηεfri/y(r)drdy, (27)
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where fri/y is the PDF of ri given y [40]:

fri/y(r) =
2πbλor exp(−bλoπr2)

1− e−πbλoy2 , r ≤ y. (28)

Substituting (28) in (27), we get

F ′(0) =− 4π2bλλoρΩ

∫ ∞
0
y−η+1 1− e−πλy2

1− e−πbλoy2

∫ y

0
rηε+1e−bλoπr

2
drdy,

(a)
' − 4π2bλλoρΩ

∫ ∞
0
y−η+1

∫ y

0
rηε+1e−bλoπr

2
drdy,

=− 2πλρΩ(πbλo)
− ηε

2

∫ ∞
0
y−η+1

(
Γl

(εη
2

+ 1, bπy2λo

))
dy,

=− 2ρΩπλ (πbλo)
η
2

(1−ε)−1

η − 2
Γ
(η

2
(ε− 1) + 2

)
(2.26)

= − 2(e− 1)ρΩ(πbλo)
− η

2
(ε−1)

eb(η − 2)
Γ
(η

2
(ε− 1) + 2

)
, (29)

where (a) emerges from the following approximation:

1− e−πλy2

1− e−πbλoy2 ' 1. (30)

Γl(a, x) is the lower incomplete gamma function defined as: Γl(a, x) =

∫ x

0
ta−1e−tdt.

Similarly, the expression of the second derivative of F (s) is:

F ′′(s) =
4πλbλoρ

2Ω2(m+ 1)

m

∫ ∞
0

y−2η+1
(

1− e−πλy2
)
×(∫ y

0

r2ηε

(
ρsΩy−ηrηε

m
+ 1

)−m−2

fri/y(r)dr

)
dy. (31)
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Substituting (28) in (32) at s = 0, we obtain:

F ′′(0) =
4π2λbλoρ

2Ω2(m+ 1)

m
×∫ ∞

0

y−2η+1 1− e−πλy2

1− e−πbλoy2

∫ y

0

r2ηε+1e−bλoπr
2

drdy,

(30)
' 4π2λbλoρ

2Ω2(m+ 1)

m

∫ ∞
0

y−2η+1

∫ y

0

r2ηε+1e−bλoπr
2

drdy,

=
2ρ2Ω2(m+ 1)πλ

m (πbλo)
ηε

∫ ∞
0

y−2η+1Γl
(
εη + 1, bπy2λo

)
dy,

=
(ρΩ)2 πλ(m+ 1)(πbλo)

η(1−ε)−1

m(η − 1)
Γ((ε− 1)η + 2),

(2.26)
=

(ρΩ)2 (e− 1)(m+ 1)(πbλo)
η(1−ε)

eb(η − 1)m
Γ((ε− 1)η + 2). (32)

F Proof of Proposition 4

F.1 High SINR regime

For γ(X )

bk (x) ≥ 1, we will make use of the following lower bound [138]

log(1 + y) ≥ a log y + b, (33)

This bound is tight at y = yo when the approximation constants are chosen as

a =
yo

1 + yo
, and b = log(1 + yo)−

yo
1 + yo

log(yo) (34a)

Assuming those constant are chosen properly for every γ(X )

bk (x), we get:

log
(
log
(
1 + γ(X )

bk (x)
))
' log

(
a(X )

bk log
(
γ(X )

bk (x)
)

+ b(X )

bk

)
' log

(
a(X )

bk

(
log
(
S(X )

bk (x)
)
− L(X )

bk (x)
)

+ b(X )

bk

)
(35)
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where

L(X )

bk (x) = log
(
I

(XX )
bk (x) + I

(XX )
bk (x) +N

(X )
bk (x)

)
(36)

Using first order Taylor series expansion at x[j−1] (optimal value of x at previous

iteration), L(X )

bk (x) can be approximated as in (3.36). Combining (3.36) with (35), the

utility function can be approximated as follows

F̃(x) =
N∑
i=1

2 log ((1 + αbk)B) +
N∑
i=1

∑
X={b,u}

log
(
a(X )

bk

(
log
(
S(X )

bk (x)
)
− L̃(X )

bk (
(
x,x[k−1]

))
+ b(X )

bk

)
(37)

The first term is concave, since it is the summation of the logarithm of linear functions

of the variables. As for the second term, every term of the summation is the logarithm

of a concave function: S(X )

bk (x) is concave in (x), and L̃(X )

bk (
(
x,x[k−1]

)
is a linear

function of (x).

F.2 Low SINR regime

For low SINR, γ(X )

bk (x) < 1,

log
(
1 + γ(X )

bk (x)
)
' γ(X )

bk (x) (38)

Therefore

log
(
log
(
1 + γ(X )

bk (x)
))
' log

(
γ(X )

bk (x))
)
, (39)

=log
(
S(X )

bk (x)
)
− L(X )

bk (x), (40)

' log
(
S(X )

bk (x)
)
− L̃(X )

bk

(
x,x[k−1]

)
. (41)

where L̃(X )

bk

(
x,x[k−1]

)
is given in (3.36).


