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Abstract

The widespread use of smart devices and mobile applications is leading to a massive
growth of wireless data traffic. Supporting the upcoming demands of data volume, com-
munication rate, and system capacity requires reconsideration of the existing network
architecture. Traditionally, users communicate through the base station via uplink/downlink
paths. By allowing device-to-device (D2D) communication, that is, direct transmission
between the users, we can enhance both efficiency and scalability of future networks.

In this thesis, we address some of the challenges brought by the integration of D2D
communication in cellular systems, and validate the potential of this technology by means
of proper resource management solutions. Our main contributions lie in the context of
mode selection, power control, and frequency/time resource allocation mechanisms.

First, we investigate how the integration of D2D communication in dynamic Time
Division Duplex systems can enhance the energy efficiency. We propose a joint optimization
of mode selection, uplink/downlink transmission time, and power allocation to minimize the
energy consumption. The optimization problem is formulated as a mixed-integer nonlinear
programming problem, which is NP-hard in general. By exploiting the problem structure,
we develop efficient (and for some scenarios, optimal) solutions. We complement the work
with a heuristic scheme that achieves near-optimal solutions while respecting practical
constraints in terms of execution times and signaling overhead.

Second, we study the performance of several power control strategies applicable to
D2D-enabled networks. In particular, we compare 3GPP LTE uplink power control with a
distributed scheme based on utility maximization. Furthermore, to extend the application
of well-known power control approaches to Rician-fading environments, we propose a power
allocation scheme based on the concept of coherent-measure-of-risk. This approach allows
to obtain a convex and efficiently solvable problem.

Third, we study the subcarrier allocation problem in D2D-enabled networks. We
maximize the total transmission rate by modeling the problem as a potential game. Nash
equilibria of the game correspond to local optima of the objective function, which are
found via better-response dynamic implemented with message passing approach.

Finally, we propose two different applications of full-duplex technology for D2D com-
munication. First, we present a practical mode selection algorithm that leverages only
the existing control signaling to minimize the users’ probability of outage. Second, we
investigate how the combination of D2D relaying and full-duplex operations can improve
the network coverage and the communication quality without additional infrastructure
deployment.





Sammanfattning

Den utbredda användningen av smarta enheter och mobila applikationer leder till
en massiv tillväxt av trådlös datatrafik. För att stödja de ständigt ökande kraven på
datavolym, överföringstakt och kapacitet hos mobila kommunikationssystem måste den
befintliga nätverksarkitekturen vidareutvecklas. Traditionellt kommunicerar användarna i
ett mobilsystem via en basstation. Genom att även tillåta direkt kommunikation mellan
användarenheter (så kallad D2D-kommunikation), kan effektiviteten och skalbarheten hos
framtida nätverk förbättras.

Denna avhandling behandlar några av de utmaningar som uppstår när D2D-kommunika-
tion integreras i cellulära system. De viktigaste bidragen berör analys och design av
algoritmer för modval, effektreglering och tid/frekvensallokering.

Först undersöker vi hur D2D-kommunikation kan bidra till förbättrad energieffektivitet
hos cellulära system. Vi visar hur kommunikationsmod, transmissionstid och sändareffekt
kan samoptimeras för att minimera energiförbrukningen. Optimeringsproblemet är olinjärt
och kombinatoriskt, och NP-svårt i allmänhet. Genom att utnyttja problemstrukturen
lyckas vi utveckla effektiva (och i vissa fall optimala) lösningsmetoder. Vi föreslår dessutom
en heuristisk algoritm med kort exekveringstid och låga krav på signalering som presterar
nästan lika bra som den optimala lösningen.

Därefter studerar vi prestandan hos flera effektreglerings-strategier i nätverk med
D2D-kommunikation. Specifikt så jämför vi effektregleringen för upplänks-kommunikation
i 3GPP LTE med en distribuerad algoritm baserad på nyttomaximering. Vi visar sedan hur
risk-begrepp med rötter i finansmatematik kan användas för att optimera effektregleringen
i miljöer med Rician-fördelad fädning.

Vi studerar även kanalallokering i nätverk med D2D-kommunikation. Vi föreslår ett
spel-teoretiskt angreppssätt för att maximera den totala överföringskapaciteten. Vi visar att
Nash-jämviktspunkter hos spelet motsvarar lokala optima hos målfunktionen, och föreslår
en distribuerad algoritm för kanalallokering som konvergerar till dessa jämviktspunkter.

Slutligen studerar vi två olika tillämpningar av full-duplexteknik för D2D-kommunikation.
Först presenterar vi en praktisk algoritm för algoritm som utnyttjar befintlig signalering
och maximerar sannolikheten att användarna använder sig av rätt kommunikationsmod.
Därefter undersöker vi hur användarenheter med full-duplexkommunikation kan användas
för att vidarebefordra trafik och därmed förbättra täckningen och kommunikationskvaliteten
i cellulära system utan krav på ytterligare infrastruktur.
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Introduction

Device-to-device (D2D) communications has been recognized as one of the promising
technologies for handling the explosive growth of cellular data demand. In this
chapter, we introduce the concept of D2D communication, as well as its usage
prospects and design issues. Finally, we describe the structure of this thesis and
detail its main contributions.

1.1 D2D communications in future cellular networks

The mobile communications sector has experienced an explosive growth during
the last decades, both in the number of mobile subscribers and in the data traffic
demands. The dramatic increase in data traffic is mainly due to the proliferation of
smart devices and the massive usage of mobile applications. As reported in [1], only
in 2016 the global monthly data traffic grew around 70 percent, and is today more
than thirty times the amount of voice traffic.

Going forwards, according to Cisco’s latest report [2], the global mobile data
traffic will increase sevenfold between 2016 and 2021 (see Figure 1.1), with an average
traffic generated by a single smartphone close to 6.8 GB per month, a fourfold
increase compared to 2016 [2]. Richer web content, increasing social networking
applications, audio and, above all, video streaming1 are factors that will continue
raising the amount of data traffic in cellular networks. In addition, the spread of
wireless devices accessing mobile networks for new applications beyond personal
communications (e.g., machine-type communication [3] and wearable devices [4]
for home security, automotive, healthcare, etc.) are also contributing to the global
mobile traffic growth.

The need to support this traffic explosion is certainly the main challenge of the
next generation cellular systems, referred to as the fifth Generation (5G). In fact,

1The mobile video traffic represents the largest contributor to the global mobile traffic
growth (currently it accounts for more than half of all data and it is foreseen to reach around 80
percent in 2021), fueled by high-definition video streaming and the increasing use of embedded
videos in social media and webpages [1, 2].

1
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Figure 1.1: Global mobile data traffic, from 2016 to 2021. The overall mobile data traffic
is expected to grow to 49 exabytes (1018 bytes) per month by 2021, nearly a sevenfold
increase over 2016. This figure is a modification of Figure 2 in [2].

5G networks are meant to provide, among other targets, 1000 times larger mobile
data volume per area, 10 to 100 times higher user data rate, and to serve 10 to 100
times more connected devices than current cellular systems [5–7]. Designing wireless
networks which are able to fulfill these ambitious specifications, while taking into
account constraints in terms of cost, energy, and radio spectrum, is a challenging
goal for both industry and academia.

As suggested by the European flagship 5G project METIS2, future systems
should meet the new communication requirements by means of the evolution of
existing technologies, complemented by new radio concepts [6]. Existing approaches
that operators can leverage in order to increase the system capacity can be grouped
into three main categories: i) increase of the radio spectrum (e.g., by moving to
higher frequencies); ii) improvement of the link efficiency by means of advanced
communication technologies (e.g., by using multi-antenna transmissions (MIMO));
and iii) densification of the network by deploying more base stations and reducing
the cell size [5, 9].

The deployment of smaller cells as part of heterogeneous networks is a common
solution to enhance the capacity in highly populated areas like, for example, business
districts, universities, and malls. This because small-sized cells manage higher-quality
links and allow for increased spatial reuse [10, 11]. However, extreme densification
might also increase the network deployment and operational cost. Thus, besides
cell shrinking, another approach to the network densification for future 5G systems
is represented by device-to-device (D2D) communication: a radio technology that
allows users in close proximity to establish a direct link, bypassing the base station
and the network infrastructure.

D2D communication is not a novel concept: direct communication between mobile

2Mobile and wireless communications Enablers for Twenty-twenty Information Society [8].
METIS officially ended in 2015.
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devices was performed, for example, with walkie-talkies during the Second World War.
However, it was not integrated in the global communication system; furthermore,
since then, it did not evolve at the same speed as the cellular communication, and it
was mainly limited to public security services [12]. Recently, the increasing interest
in proximity-based services (discussed in Section 1.2) has brought back the attention
on direct communications and, in particular, on their deployment as an integral
part of the cellular system.

D2D technology in cellular networks brings several benefits to both mobile users
and network operators. First, users can experience high data rates, low latency,
and reduced energy consumption because of the direct short-range communication
and its potentially favorable propagation conditions. Second, the cellular-coverage
range can be extended and the per-area capacity improved without additional
infrastructure cost. In fact, cell-edge users, that usually experience poor performance
in uplink and downlink transmissions, can communicate directly to nearby terminals
or to the base station by means of mobile users acting as relays. In the latter case,
both a D2D link between the cell-edge user and the relay user, and a traditional
connection between the relay and the cellular infrastructure are established. Third,
by allowing spectrum reuse between traditional cellular communications and direct
D2D communications, spectrum efficiency can be enhanced, allowing for a larger
number of concurrent transmissions [13–15]. Significant improvement in the spectral
efficiency is also foreseen to be achieved by integrating D2D communication with
in-band full-duplex operations. Full-duplex communications enable simultaneous
transmission and reception on the same time/frequency resource, at the expense
of self-interference at the transmitter [16]. Given the short distance between D2D
users, the required transmission power is in general low, which reduces the self
interference level [17]. Finally, because D2D communication offers the opportunity
for local management of short-distance transmissions, it allows for data offloading
from the base station, which alleviates network congestion and traffic management
effort at the central nodes [18, 19].

Given all these promising advantages, the integration of D2D communication in
future cellular networks has become an attractive research area. The objective of
this thesis is to propose resource management techniques aiming at tackling some
of the challenges of D2D-enabled networks, as well as at validating the potential of
D2D technology.

1.2 Opportunities and application scenarios

There is an increasing number of scenarios that require the exchange of data between
nearby terminals, and therefore can be supported by D2D technology. In this section,
we provide some examples of cases where D2D communication is foreseen to both
improve the performance of existing proximity-based services and to open up new
uses. Figure 1.2 illustrates the main conceptual use-cases for D2D communications.
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Figure 1.2: Representative use-cases of D2D communication in cellular networks.

Social and commercial services. D2D communication is a promising technology
to support the increasing demands for content sharing among humans [20, 21].
Examples include: communications within the same neighborhood using social
networking applications; sharing of multimedia files between trusted users in close
proximity; popular requests for the same content in a crowded place (e.g., in a
stadium or at a concert). Another application of D2D communication in a social
context is represented by mobile multiplayer gaming, for which high speed, low
latency, and battery lifetime are important constraints that direct transmissions can
meet more efficiently than conventional uplink/downlink transmissions.

D2D communication can also become a potential new channel for local promotions
or advertisement from stores and restaurants to nearby users [22], and for local
broadcast of information about public transportation services, such as train schedules
in a subway station or flight updates in airports [23–25].

Public safety. D2D communication represents an attractive option for public
safety organizations3, such as police and fire and rescue services that are demanded to
intervene after a natural disaster (e.g., earthquake or hurricane) or during crowded
events (e.g., Olympic Games) [27–29]. In these situations, the cellular network
might fail because of the damage of the infrastructures or the high congestion
and overload due to the intense traffic load [30, 31]. Thereupon, D2D technology
represent a solution to convey information over reliable short-range links between
first responders, who must always be connected with each other and with the local
and remote command centers to receive/send timely information. At the same time,

3Since 2011, the US government selected LTE for the emergency services, and 3GPP LTE stan-
dards have been designed to meet the public safety requirements by means of D2D communication.
In 2015, also the South Korean government decided to deploy their public safety network based on
3GPP standards, and on D2D technology [26].
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D2D-enabled devices can be used by people in an emergency situation to notify
nearby responders and/or next of kin about their whereabouts and condition.

Traditionally, public safety agencies purchase their own communication tech-
nologies (e.g., TETRA4). These systems are based on separate infrastructure and
devices, using different standards depending on the geographical region (they may
even vary within one country), and mainly providing voice services. There are
many reasons to believe that adding new services could be useful in emergency
situations. For example, considering broadband data transfer, real-time video and
geolocation would enable to track the precise location of first responders or injured
people [12]. Because these kind of services and applications are already available
in commercial cellular networks, D2D technology integrated in cellular systems
becomes an attractive possibility to improve both cost and performance of public
safety communication networks.

Vehicular networks. Besides the human-centric communications, future cellular
systems are expected to create an extensive interconnection also among other
types of terminals; such as cameras, printers, and vehicles. In particular, vehicle-
to-vehicle (V2V) communication aims at supporting the exchange of information
between vehicles in close proximity in order to avoid accidents and to improve traffic
management. Current solutions for V2V communications, such as ad-hoc networks
and backend-based communications over the cellular standard do not seem to reach
the desired performance [32]. D2D technology is a good candidate for vehicular
networks, because of its potential to meet the stringent reliability and timeliness
requirements imposed by the V2V applications [33, 34]. In particular, the localized
nature of V2V services naturally maps into the idea of D2D communications, and
the low latency and high reliability requirements are consistent with the single-link
gain and proximity gain provided by D2D links [32].

Cooperative D2D. The underlying idea of cooperative D2D communications
is that mobile devices may act as relays to help conveying data traffic from a
transmitter to the intended receiver (base station or mobile users) when the direct
link suffers poor propagation conditions [35]. Such cooperation can be useful, for
example, when either the cellular transmitter or receiver is outside the network
coverage, but there are other users within the coverage area that can relay the
data [36]. An immediate benefit of this cooperation, as opposed to fixed relaying, is
the infrastructure costs reduction given the abundance of mobile terminals always
spread within the networks area.

4The Trans-European Trunked Radio Area is a professional mobile radio designed for use by
government agencies, emergency services (police forces, fire departments, ambulance) for public
safety networks, rail transport staff for train radios, transport services and the military.
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1.3 Design challenges

The integration of D2D capabilities in cellular networks poses new technical issues
and design problems. In the following, we give an overview of the main challenges
in the deployment of functioning D2D-enabled networks.

Neighbor discovery and synchronization. Neighbor discovery and synchro-
nization are two important initial steps in establishing reliable D2D communica-
tions [37, 38]. Neighbor discovery consists of searching for geographically close
devices representing potential D2D users, and synchronization among the users
contributes to the efficient use of the available energy and spectrum.

Neighbor discovery can be done by means of asynchronous scan/search mecha-
nisms using beacon sequences. Users searching for a peer broadcast their identity
periodically so that other users in proximity can identify their presence and decide
to set up a D2D communication. However, due to the lack of synchronization, the
receiver should always monitor the channel to not miss the discovery signals from
the transmitters. This constant monitoring becomes an important issue in terms of
energy consumption, because the listening phase can significantly drain the battery
of the mobile devices [23].

When D2D communications are established with the assistance of the cellular
network, the underlying synchronization of the cellular infrastructure can be used
to improve the D2D discovery phase. However, in this case, new discovery signals
need to be designed and introduced into the existing cellular procedures. D2D
synchronization can also be imposed by the functionality of the cellular network in
which the D2D technology is integrated. For example, with a cellular operation like
OFDMA multi-carrier modulation that requires time- and frequency-synchronization
to coordinate the interference.

Mode selection. A natural design problem in the context of D2D communication
is to determine conditions under which two users should establish a direct link (D2D
mode), as opposed to the traditional way of communicating via the base station
(cellular mode). Deciding whether a transmitter-receiver pair should use D2D mode
or cellular mode is known as the mode selection problem.

Design issues related to the mode selection problem include the decision on
the performance measure that one wishes to optimize; what channel state informa-
tion (CSI) is needed; and at which frequency this information should be updated.
Another crucial choice is how often the communication mode of the users should be
updated. On the one hand, the timescale for the mode selection cannot be too coarse
because the wireless channel might change rapidly, making the assigned modes
inadequate. On the other hand, adapting the communication mode to the channel
variations can be impractical and costly due to the increased signaling overhead.

Finally, to realize the full potential of D2D communication, especially in the case
of shared channels where the interference can become an issue, the communication
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mode of a transmitter should be assigned jointly with the radio resources (e.g, power
and frequency channels) because of the mutual effects that they have on each other.

Channel modeling and state acquisition. D2D radio channels have different
propagation properties compared to the traditional cellular channels [39]. First,
in D2D communications both transmitter and receiver have low antenna height,
which translates in more interaction with objects in the close neighborhood of the
terminals. This is particularly a concern in urban settings, when the devices are in
streets with moving shadowing objects, like cars and trucks [40]. On the other hand,
the short-range communication of the D2D pairs is likely to generate line-of-sight
(LoS) propagation in open space or indoor settings. Second, both terminals of a D2D
link can be moving, differently from cellular communication where the base station
is at fixed position. This dual mobility requires the introduction of new Doppler
models. Finally, D2D communications might be operating also in the mm-wave
bands. Transmissions in these frequencies have other propagation characteristics
that need to be accounted for.

When designing and evaluating the performance of D2D-enabled networks, it is
important not only to properly model the propagation channels, but also to have
access to the CSI between the mobile devices. This is a more demanding task than
in conventional cellular networks, where only the CSI between the devices and the
base station is required. The collection and possible exchange of such information
can add intolerable overhead to the system. The trade-off between CSI accuracy
and signaling overhead needs to be considered in D2D-enabled networks [41].

Spectrum use and interference management. Obtaining more licensed band-
width is a significant cost for the operators. For this reason, the available spectrum
must be used efficiently by means of proper interference management techniques.

Interference management is a challenging issue, specially in networks where
D2D communications reuse the cellular spectrum. In this situation, the frequency
reuse among users in the same cells adds intra-cell interference to the standard
inter-cell interference. In fact, the presence of D2D links can strongly affect the
system performance because interfering transmissions in D2D networks can operate
at any distance. This differs from classical cellular systems, where interfering users
are located at a distance of at least the cell radius.

Balancing performance, computational complexity, and signaling. De-
signing optimal resource allocation algorithms that operate with both low compu-
tational complexity and limited signaling overhead is challenging. In many cases,
algorithms for resource allocation policies require to solve optimization problems
that are nonconvex, combinatorial, etc. This can be highly time consuming, not
scalable, and thus not manageable in real systems. Additionally, optimal solutions
often leverage on the full CSI of all involved links and/or on the exchange of a lot of
information among the nodes. This might be impractical due to the corresponding
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signaling overhead. Therefore, the challenge consists in finding a good trade-off
between optimality and applicability, choosing among joint versus separate resource
allocation optimization, and centralized versus distributed solutions.

There is an on-going research effort both in academia and industry in addressing
these and other challenges for D2D-enabled networks, and in highlighting the new
opportunities for mobile operators brought by D2D technology. This thesis is part
of this effort.

1.4 Thesis outline and contributions

In this thesis, we focus on how to improve the performance of D2D-enabled cellular
systems by means of proper design and coordination of radio resource management
techniques. Specifically, we recognize the importance of mode selection, power
control and frequency/time resource allocation to realize the promises of D2D
communication. The outline of the thesis, together with the publications supporting
the contributions, is as follows.

In Chapter 2, we introduce the D2D technology, focusing on the context of
D2D technology integrated in cellular systems. Moreover, we present an in-depth
discussion on the main resource management techniques for D2D-enabled networks,
together with the related literature review.

In Chapter 3, we describe the modeling approaches and design choices used in the
thesis, motivating the common assumptions in the remaining chapters. Chapter 2
and Chapter 3 include parts of the material in:

• D. Della Penda, “Resource management for network-assisted D2D communi-
cation,” Licentiate thesis, KTH Royal Institute of Technology, TRITA-EE-
2016:035, Stockholm, Sweden, 2016.

In Chapter 4, we show how the integration of D2D communication in systems
operating under dynamic Time Division Duplex (TDD) can improve the energy
efficiency. We propose a joint optimization of mode selection, uplink/downlink
transmission period, and power allocation to minimize the transmission energy
consumption while satisfying a traffic requirement. We analyze scenarios with and
without interference among D2D communications, and develop efficient solutions by
leveraging the problem structure. The content of this chapter is based on:

• D. Della Penda, L. Fu and M. Johansson, “Mode Selection for Energy Efficient
D2D Communications in Dynamic TDD Systems,” in IEEE International
Conference on Communications (ICC), London, United Kingdom, 2015.

• D. Della Penda, L. Fu and M. Johansson, “Energy Efficient D2D Communica-
tions in Dynamic TDD Systems,” in IEEE Transactions on Communications,
vol. 65, no. 3, pp. 1260-1273, March 2017.

In Chapter 5, we present different power control approaches for D2D-enabled
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networks. In the first section of the chapter, we compare the performance of the
LTE uplink power-control scheme, when used in a D2D-enabled network, to the
performance of a distributed power control scheme based on utility maximization.
The purpose of this examination is to gain insights into the applicability of the
existing LTE approaches to future D2D-enabled networks.

In the second section, we design a power allocation algorithm for D2D communi-
cations under Rician-Rayleigh fading. The goal of this work is to extend well-known
power control approaches to new propagation models more suitable for D2D net-
works, such as Rician fading environment. The proposed power allocation minimizes
the total power consumption while ensuring a minimum success probability to
each D2D link. To overcome the complexity of the outage probability constraints
under Rician fading, we apply the concept of coherent-measure-of-risk from the
field of finance, which allows us to obtain an efficiently solved linear programming
formulation. This chapter includes part of the material in:

• G. Fodor, D. Della Penda, M. Belleschi, M. Johansson and A. Abrardo,
“A Comparative Study of Power Control Approaches for Device-to-Device
Communications,” in IEEE International Conference on Communications
(ICC), Budapest, Hungary 2013.

• M. Belleschi , G. Fodor, D. Della Penda, A. Pradini, M. Johansson, A. Abrardo,
“Benchmarking Practical RRM Algorithms for D2D Communications in LTE
Advanced,” in Wireless Personal Communications, vol.82, pp.883-910, 2014.

• D. Della Penda, R. S. Risuleo, P. Valenzuela, and M. Johansson, “Optimal
Power Control for D2D Communication under Rician-Rayleigh Fading: A
Risk Theoretical Approach,” in IEEE Global Communication Conference
(GLOBECOM), Singapore 2017.

In Chapter 6, we consider a frequency channel allocation problem in a multi-cell
network with D2D communications. We aim at maximizing the total transmission
rate, taking into account both the inter-cell interference typical of multi-cell systems,
and the intra-cell interference introduced by the D2D links. To develop a decentralized
solution, which is desired for dense D2D networks, we model the problem as a
potential game. Nash equilibria of this game correspond to local optima of the
objective function, and can be obtained by means of a better-response dynamic
implemented via message passing approach. This chapter is based on:

• D. Della Penda, A. Abrardo, M. Moretti, and M. Johansson, “Potential Games
for Subcarrier Allocation in Multi-Cell Networks with D2D Communications,”
in IEEE International Conference on Communications (ICC), Kuala Lumpur,
Malaysia 2016.

• D. Della Penda, A. Abrardo, M. Moretti, and M. Johansson, “A Potential Game
Approach for Distributed Channel Allocation in Multi-Cell D2D Systems,”
submitted to IEEE Transactions on Communications (under revision).

Finally, in Chapter 7, we propose two different applications of full-duplex tech-
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nology in D2D-enabled cellular systems. In the first section of this chapter, we
present a distributed mode selection algorithm that leverages only the existing
control-signaling mechanisms to maximize the probability of successful communica-
tion between users. With the proposed approach, we take advantage of the in-band
full-duplex operations to infer the achievable performance if changing communication
mode. The content of this part is based on

• D. Della Penda, R. Wichman, T. Charalambous, G. Fodor, and M. Johans-
son, “A Distributed Mode Selection Scheme for Full-Duplex Device-to-Device
Communication,” submitted to IEEE Transactions on Vehicular Technology
Correspondence.

In the second section, we investigate how the combination of D2D relaying and
full-duplex operations can be an efficient means for improving network coverage and
communication quality, without additional infrastructure deployment. It is based on

• D. Della Penda, N. Nomikos, T. Charalambous, and M. Johansson, “Minimum
Power Scheduling under Rician Fading in Full-Duplex Relay-Assisted D2D
Communication,” in IEEE Global Communication Conference Workshops
(GLOBECOM Workshop), Singapore 2017.

Finally, in Chapter 8 we conclude the thesis with a summary of the main
contributions and a discussion on potential directions for future work.

Authors contribution. In the aforementioned publications, the order of the
authors reflects their contribution. When the author of this thesis appears as first,
she has studied the research ideas in detail, performed the analytic calculations,
carried out the simulations (with the exception of the last contribution), analyzed
the results, and written the paper.
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Background

In this chapter, we first survey the background of D2D communication, focusing
on its integration in future cellular networks. Then, we discuss existing resource
management approaches for making the best use of this technology.

2.1 D2D technology

Classification of D2D communication can be based on the involvement of the cellular
infrastructure in the set-up of the direct link, and on the spectrum on which the
direct communication occurs.

In self-organized D2D communication, the coordination between the radio inter-
faces is controlled by the users themselves. This approach is similar to traditional
ad-hoc networks and operates on the unlicensed spectrum. It is usually motivated
by its limited overhead and easy deployment, and finds application when the cellular
infrastructure is not operative (e.g., in case of natural disaster).

On the other hand, in network-assisted D2D communication, the base station
(BS) assists the direct data-transmission by means of control signaling and resource
management. In this case, the network can coordinate all communications in order
to mitigate the possible mutual interference. One disadvantage of this coordination
is that it might require high signaling overhead and complex centralized resource
management. Different levels of network support can also be assumed, with the goal
of achieving a good trade-off between complexity/signaling overhead and guaranteed
performance. For example, D2D users can be supported by the network only during
the discovery phase, and then they autonomously schedule their transmissions and
select the radio resources [42].

Based on how D2D users access the spectrum, D2D communications can be
further divided in the following categories, as illustrated in Figure 2.1:

• Out-band D2D: D2D users communicate over the unlicensed spectrum.
Although this approach avoids D2D communications to interfere with the
traditional cellular communications, D2D communications may suffer from

11
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the uncontrolled nature of the unlicensed spectrum.
• In-band D2D: D2D users use the licensed spectrum of the cellular operator.

In this case, there is a high control from the BS over the D2D links, with a
consequent higher guarantee on the communication performance, compared to
out-band D2D. In-band D2D communication branches out into two subcate-
gories. i) Underlay in-band D2D (shared mode): D2D and cellular users share
the same frequency bands in order to increase the spectrum efficiency of the
network. In this case, the interference among concurrent transmissions must be
carefully managed. ii) Overlay in-band D2D (dedicated mode): D2D and cellu-
lar users transmit over non-overlapping frequency bands. Although the overlay
mode works best in reducing interference, it results in the underutilization of
the frequency resource.

D2D communication 

In-band Out-band 

Underlay Overlay 

Cellular 

Freq. 

WiFi-D 

& BT 

Cellular spectrum ISM spectrum 

D2D 

Freq. 

WiFi-D 

& BT 

Cellular spectrum ISM spectrum 

Cellular 

D2D 
Cellular 

Freq. 

Cellular spectrum ISM spectrum 

D2D 

WiFi-D 

& BT  

Figure 2.1: Classification of D2D communication based on the spectrum use.

In this thesis, we focus on in-band network-assisted D2D communication, which
we believe to be the most innovative concept in the context of short-distance wireless
communications. In fact, out-band and self-organized D2D communications have
been studied since decades ago, and nowadays there exist several protocols and
standards for them. Examples of out-band D2D technologies commonly used are
Bluetooth and Wi-Fi Direct, both working in the unlicensed Industrial, Scientific
and Medical (ISM) bands. Given the abundant instruments and applications using
these bands (e.g., radio-frequency process heating, microwave ovens, and medical
diathermy machines), the communication performance for out-band D2D users
can be poor when the usage density is high because of the lack of interference
coordination. Moreover, both Bluetooth and Wi-Fi Direct require manual pairing
between the devices. For in-band D2D communication, this operation could in the
future be transparent to the users and activated directly by the network when
needed; for example, to offload the local traffic from the BS in crowded areas.
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In conclusion, self-organized unlicensed D2D technology is usually motivated by
the low overhead and easy deployment that does not require any change at the BS
and cellular infrastructure. However, it has some limitations related to manual device
pairing and possible poor user experience. These limitations are overcome with
in-band D2D communication, because it is foreseen to utilize the advanced manage-
ment features of cellular infrastructure to improve the communication throughput,
power efficiency, security, and reliability. Given that both categories have their own
advantages, it is likely that instead of competing for the short-range communication,
they will coexist in future systems.

2.2 D2D communication in cellular networks

In this thesis, we focus on D2D communication as an integral part of the cellular
network. The first effort in introducing D2D communications in a cellular network
was made by Qualcomm with the system FlashLinQ [43]. FlashLinQ is a synchronous
peer-to-peer wireless network architecture that allows cellular devices to automat-
ically discover thousands of other devices and communicate directly without the
need for intermediary infrastructure. FlashLinQ represents an efficient method for
timing synchronization, peer discovery, and link management based on OFDMA
technology, and the aim of Qualcomm was to adapt FlashLinQ to the radio interface
of the Long Term Evolution (LTE) system.

Apart from the promising results of FlashLinQ, the investigation of D2D tech-
nology integrated in cellular networks was boosted by the request from different
governments (United States in primis) to use direct connection for public safety
purposes as part of LTE cellular network. Not only academia and telecommunication
companies reacted to this interest, but also the Third Generation Partnership Project
(3GPP)1 standardization group became increasingly active in investigating D2D com-
munication for Proximity-based Services (ProSe). In particular, Release 12 of 3GPP
standards identifies use cases [44] and technical requirements [45] for discovery and
communication among users that are in physical proximity, including studies on net-
work operator control, authentication, authorization, and regulatory aspects. Since
Release 12, D2D communication within LTE system has been enriched in Releases 13
and 14 with various features, moving from applications related to public safety and
commercial communication, to recent vehicle-to-vehicle communications [26, 46].

The ongoing studies on architecture enhancements and radio resource man-
agement aspects for D2D-enabled cellular networks are further motivated by the
forecasts on the opportunities that D2D communication will bring to the mobile
operators. In particular, the SNS Research2 estimates that, by the end of 2025,

13GPP is a collaboration agreement, formalized in 1998, among worldwide organizations in
charge of standardizing telecommunication systems.

2SNS Research is a global market intelligence and consulting firm with a particular focus on
the telecommunications, IT, defense and pharmaceutical industries.
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operators can pocket as much $17 Billion in ProSe-based annual service revenue,
with up to 55% of this income attributable to proximity advertising [47].

2.2.1 Resource management for D2D-enabled networks

The introduction of D2D communication in cellular systems creates a need for
revisiting the existing radio resource management techniques to make the best use of
this technology. We can group the radio resource management approaches for D2D
communication in cellular networks into three main categories: i) Mode selection,
that is, deciding if a user pair should communicate directly or via the BS; ii) Power
control, that is, setting the power level of the transmitting nodes; iii) Time/frequency
resource allocation, that is, assigning the physical resource blocks (RBs) to be used
by each communication.

A key challenge when dealing with these resource management problems is
that they are not mutually independent. For example, if we want to select the
communication mode of the transmitters to maximize the achievable throughput,
the solution is affected both by the assigned transmission powers and by whether the
D2D candidate-pair share the radio resources with other users or not. In particular,
the mode selection decision naturally leads to the following related questions: Which
links should be assigned to the same resources and thus interfere with each other?
Which power level should be assigned to the transmitters in order to limit the
mutual interference? Figure 2.2 illustrates the interplay of mode selection, power
control, and resource allocation in a simple example scenario.

RB1

RB2
UE1

UE2

?

UE3

UE1 RB1 

UE2 RB2 

UE3 

– Cellular mode ?
– D2D mode with

dedicated resource ?

– D2D mode with
shared resource?

RB3 

‐ RB1 or RB2? 
‐ Which power? 

RB3 

Figure 2.2: Illustrative example of the interplay of mode selection, power control and resource
allocation. In this example, mode selection needs to be performed for the transmitter
labeled as UE3, assuming that cellular users UE1 and UE2 are already assigned to RB1
and RB2, respectively. The mode selection decision should decide among three possibilities
for UE3: cellular mode, D2D mode with dedicated resource or D2D mode with shared
resource. In the latter case, proper resource and power allocations are also needed to limit
the mutual interference between the communications sharing the same RB.

Therefore, the three key resource management decisions for D2D networks should
be taken jointly to guarantee optimal performance. However, joint optimizations
are usually computationally difficult to solve, and tend to assume broad knowledge



2.2. D2D communication in cellular networks 15

about the system (global CSI, users’ position, etc.), which is in general costly and
impractical to acquire. For this reason, many works in the literature consider the
resource management problems separately or only partially jointly; as illustrated in
Figure 2.4. Furthermore, because the resource allocation problems can be formulated
with different objectives, in Figure 2.3 we summarize the commonly used performance
metrics for D2D-enabled systems.

In the remaining of this section, we present an overview on mode selection, power
control, and resource allocation problems for D2D-enabled cellular networks, with
some examples of relevant solutions in the literature.

Mode selection

Mode selection is the problem of choosing whether two cellular users should commu-
nicate through a direct link (using dedicated or shared resources) or via the BS. The
optimal mode selection depends on the performance measure to optimize (e.g., sum
rate, transmission power, energy consumption), and on the information available
when making the decision (e.g., physical distance between users, channel quality of
the links, interference level).

The simplest and most intuitive mode selection algorithms base their decision
on the path loss, which is directly related to the physical distance between the
nodes. In [48], for example, the D2D mode is activated if the path loss of the
direct D2D link is smaller than a given threshold. A mode selection approach that
accounts for the path loss of both the D2D and the cellular link is proposed in [49].
Here, D2D mode is preferred if the ratio of the two path losses is below a given
threshold, and the threshold depends on the desired traffic offloading from the
BS (the larger the threshold, the more user pairs are forced to communicate in D2D
mode). Another example of distance-dependent mode selection can be found in [50].
Here, the authors define a guard-zone based mode selection, and the potential D2D
links decide whether to operate in underlay D2D or cellular mode based on the
distance from the transmitter to the BS.

Mode selections based on channel quality and interference levels rather than only
transmitter-receiver distances can be found in [51] and [52]. Both works consider a
simple scenario with one potential D2D pair and one cellular user. They evaluate the
sum rate of the two communications when the D2D pair uses the following modes:
i) downlink resource sharing, ii) uplink resource sharing, iii) orthogonal resource,
and iv) cellular mode. The mode with the highest sum rate is then selected. The
authors of [52] also extend their algorithm to the multi-cell scenario, where the
interference from other cells might affect the decision. However, the signaling load
for the multi-cell case increases significantly, reducing the practicality of the scheme.
The authors of [53] study the mode selection problem in scenarios where the BS is
equipped with multiple antennas. They consider two criteria: one to maximize the
rate for a given transmission power, and the other one to minimize the power that
maintain a given rate. They derive closed-form solutions and show that even if the
two problems are tightly connected, they select different communication modes.
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To deal with more tractable problems, most of the analysis in the literature
focuses on the simplified network consisting of an isolated cell [51–54]. In a multi-cell
system, in fact, the mode selection problem becomes more complex not only for the
additional interference that every receiver perceives from neighbor cells, but also
because the communication mode decision might involve the BS-user association.
This joint problem of mode selection and BS association has been considered in [55],
where the author aims at maximizing the SINR at the receivers, limiting the
maximum number of users that each BS can support.

In most of the existing works, the mode selection algorithms either require
global CSI at the centralized decision maker (e.g., the BS), or assume some signaling
mechanism to share information among the nodes [52, 54, 56]. However, implementing
a central controller with complete channel/network knowledge is impractical, as
recently emphasized in [57]. To address this concern, the mode selection problem
in [57] is formulated as a stochastic multi-armed bandit game, which is solved in a
distributed manner and only with local information gathered at each transmitter.

From the above literature review, we conclude that there are several design
issues to consider around the mode selection problem. For example, what channel
information is needed, how often this information should be updated, and at which
frequency the communication mode between two users should be updated. In
particular, the timescale for the mode selection cannot be too coarse because the
wireless channel might change rapidly; on the other hand, the costly signaling
overhead and communication-mode switching should be also kept minimal.

Performance

Base station offload
[49, 55]

Energy/power efficiency
[53, 54, 57, 70–73]

Outage probability
[49, 67–69]

System throughput
[50–53, 55, 56, 58–66]

Figure 2.3: Common performance metrics optimized with resource management schemes.

Power allocation

Power control is used to adjust the users’ transmission powers in order to guaran-
tee the desired data rate. In the third generations of mobile telecommunications
technology (3G), uplink power control was a crucial component, specially to handle
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the near-far problem. This is because concurrent communications to the BS were
nonorthogonal and high power transmitted by users close to the BS (typically at
the cell center) could overwhelm the weak transmissions from the cell edge. In 4G
systems, intra-cell interference is not an issue because uplink transmissions are
assigned to orthogonal resources. The power control mechanism mainly compensates
for path loss and shadowing on a slow basis, and fast scheduling procedures are
taking over the role of the power control to increase the user data rate [74, 75].

In future 5G systems, the introduction of D2D communication reusing cellular
spectrum might reinstate the importance of the power control. The reason is in
its potential to manage the intra-cell interference caused by the D2D links, and to
reduce the power consumption of the short-range communications, thus extending
the lifetime of the mobile devices.

The most intuitive way to reduce the interference from D2D communications
to cellular communications is to limit the transmission power of D2D users. The
authors of [76] study this aspect for the single-cell scenario with one D2D pair.
The idea is to set the power of the D2D transmitter such that the performance
degradation (in terms of SINR reduction) experienced by the cellular users does not
exceed a certain threshold. Similarly, the authors of [51] mitigate the interference
from the D2D transmissions by reducing their power with a backoff parameter.
Because limiting the D2D power translates into shortening the distance range for
D2D communication, the authors also adjust the power of the cellular users to help
compensating for the interference. In [63], the authors design a centralized power
assignment that maximizes the SINR of a cellular user while satisfying individual
SINR constraints of multiple D2D links assigned to the same resource. Because the
centralized solution involves global CSI, a distributed on-off power control is also
proposed. However, although it improves the system throughput, it is not sufficient
to guarantee a reliable cellular communication.

In a real system, the inter-cell interference caused by both D2D and cellular users
in neighboring cells should also be carefully controlled. The multi-cell scenario is
analyzed in [64]. Here, the authors optimize the transmission power of a cellular user
and a D2D pair so as to maximize their sum rate. The algorithm is optimal when
assuming only two communications per cell, and limiting the inter-cell interference to
a single neighboring cell. However, the authors discuss how to extend the solution to
a more general multi-user scenarios, and provide an upper bound on the performance
loss for the multiple neighboring cells case. Several LTE power control schemes for
multi-cell D2D-enabled systems are evaluated in [48]. The study is mainly based on
simulations and shows interesting insights into the impact of the different approaches.
For example, although the fixed transmission power scheme is very simple, it does
not work well for D2D communications because of the possibly large dynamic range
of the D2D SINR (that is, it might provide too good performance for some users and
too bad performance for some others), while the closed loop LTE power control with
a dynamic tuning step seems more suitable. In [67], the authors consider an underlay
multi-cell D2D network operating in a Rayleigh fading channel. They propose a
power allocation method that assigns transmission powers to both cellular and D2D
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users to maximize the probability of successful communication. Through simulations,
they show that the proposed procedure improves the performance by one to two
orders of magnitude compared to conventional LTE open-loop power control.

In most of aforementioned works, the authors conclude that the standalone
power control scheme is not sufficient to efficiently handle the interference, and it
needs to be complemented by mode selection and resource scheduling.

Joint mode selection and power allocation formulations can be found in [49, 59,
70]. The authors of [70] analyze a power-efficiency maximization approach for a single-
cell scenario with one cellular user and one D2D pair. Among all different resource
sharing modes, they choose the one giving the best performance. The drawback of
this approach is that it is based on exhaustive searches over all possible combinations
of communication modes, which might require an impractical processing time. A
joint admission control, mode selection and power control is proposed in [59] to
maximize the total throughput and number of admitted users in the system. The
problem is formulated as a mixed integer nonlinear problem. Due to its combinatorial
nature, the solution complexity increases exponentially with the number of user
pairs. However, instead of conventional exhaustive searching, the authors refer to
approximations to obtain suboptimal results.

Mode Selection
[50, 53, 55, 57]

Power
Control
[63, 64, 67, 76]

Resource
Allocation

[65, 68, 69, 77]
[78–81]

[48, 51, 56]
[49, 59, 70]

[52, 54, 82]

[66, 83–85]

[58, 61, 71–73, 86]

Figure 2.4: The three main radio resource management problems for D2D communication
in cellular networks and some of the related solutions in literature.

Time/frequency resource allocation

The time/frequency resources assignment in cellular networks is important not only
to exploit the possible frequency diversity among the channels, but also to increase
the spectral efficiency by proper resource reuse.
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As for the mode selection and power allocation problems, also some resource
allocation strategies are based on distance-dependent decisions. For example, the
authors of [68] and [69] propose to avoid the coexistence on the same resource of
cellular and D2D users when they are physically too close to each other.

Considering the spectrum reuse problem from an optimization perspective can
significantly improve the performance but, it usually leads to nonconvex and mixed
integer formulations. Optimal solutions are obtained in particular cases. For example,
the authors of [56] find the optimal power and resource allocation for throughput
maximization in a scenario with only one cellular user and one D2D pair.

Many works reduce the problem complexity by limiting the analysis to a single-
cell case, assuming that an advanced inter-cell interference mitigation scheme works
on top of the per-cell resource allocation algorithms [65, 66], or by incorporating the
inter-cell interference into the noise level at the receivers [87]. The authors of [66]
design a resource sharing strategy for throughput maximization in scenarios where
a single D2D pair can utilize all possible cellular resources while guaranteeing the
quality of the cellular communications. They also propose two suboptimal strategies
with less complexity and signaling overheads. The resource allocation problem in [65]
has a mixed integer nonlinear programming formulation. Because it is hard to solve
within the fast scheduling period required by current systems (i.e., 1ms in LTE),
the authors provide also an alternative heuristic algorithm, which simply selects the
resources to be shared as those with the lowest cross gain between the interfering
users. The authors of [87] only focus on the spectrum management of D2D links,
assuming the cellular users already assigned to their resources. Because the problem
of maximizing network throughput while guaranteeing given QoS to cellular users
results intractable, they adopt a suboptimal computationally efficient distributed
approach that requires low coordination and communication among the nodes.

As for the mode selection and power control, also the resource allocation problem
in multi-cell networks has been addressed less often in literature. One of the used
approaches in this more challenging scenario is the fractional frequency reuse. The
basic idea of this scheme is to partition the cells’ area into several regions, and
assign different frequency resources to neighboring regions to reduce the interference.
Examples of this approach can be found in [78] and [77].

Game theoretical approaches are also largely used to design and analyze dis-
tributed resource allocation schemes [79]. For example, the authors of [80] model the
resource allocation problem for multi-cell D2D networks as a noncooperative game,
in which the BSs are the players, and each BS can charge the D2D users for reusing
the cellular resources. The analysis is based on the simplified model with only one
D2D pair located in the overlapping area of neighboring cells, and assumes that the
BSs know the CSI of all involved links. The authors of [81] propose a double-sided
bandwidth auction in which the D2D transmitters bids a demand price-bandwidth
curve, and different service providers (the operators and the cellular users) respond
with a supply price-bandwidth curve. All auctions are centralized at the B.

Examples of joint resource and power allocation solutions can be found in [84]
and [83]. In [84], the problem is solved by separating the two goals: the authors first
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characterize the optimal power allocation for the cellular links, and then consider
a joint resource and power allocation problem for the D2D links. The formulation
is a mixed integer nonlinear programming problem, for which branch-and-bound
approach is applied. Alternative solutions with lower complexity and limited message
exchange are also provided. The problem formulated in [83] for energy efficiency
maximization is a nonconvex combinatorial programming problem. By exploiting
the proprieties of fractional programming, the authors obtain a tractable solution
with an iterative approach. They also propose a two-layer iterative approach, in
which the original joint formulation of power and resource allocation is transformed
in each iteration into two separate problems.

Finally, examples of joint mode selection and resource allocation schemes are
given in [82] and [54]. Instead of solving the joint problem optimally, the authors
of [82] provide a practical scheme based on dynamic scheduling, which adaptively
selects the communication mode and allocate the resources according to users’
service demands and interference level. A different approach based on coalition game
among the D2D pairs is instead used in [54].

Joint optimization solutions
As introduced at the beginning of this chapter, and as supported by the above
literature overview, to realize the full potential of D2D communication, the resource
allocation should be done jointly with the mode selection and power control.

Examples of such joint formulations are given in [58, 61, 71–73, 86]. These
works mainly formulate mixed-integer programming problems. In some cases they
are solved off-line with the purpose of obtaining benchmark results and insights
into the potential gains of D2D communication [73]. Alternatively, the authors
provide suboptimal solutions using different approaches: i) they decompose the
joint problem into separated subproblems [58, 88]; ii) they use variable-relaxation
approaches [61]; iii) they consider game-theoretic reformulations [72]; iv) they resort
to more practical heuristics [71, 73, 86, 88]. Although optimality is seldom achieved
for the joint formulations, numerical results (see, for example, [73] and [58]) show
that smart design of suboptimal algorithms is an effective way to obtain satisfactory
performance.

2.3 Summary

The use of D2D communication in cellular networks can be enabled by smart
radio resource management techniques, such as mode selection, power control,
and time/frequency resource allocation. The most intuitive and simplest way to
select the communication mode for a pair and to mitigate the interference, is to
consider the path loss gain (and therefore the physical distance) between the involved
users. This approach is useful to give a geometric interpretation of the solution.
However, distance-based solutions do not account for the effective communication
quality, which can be affected also by shadowing, fading, and co-channel interference.
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Therefore, channel quality and perceived SINR are preferred as decision metrics.
Solutions based on optimization formulations lead to better system performance.
However, they are often less practical due to their complexity and required signaling
overhead. This aspect is even more pronounced in the multi-cell scenarios, and
for the joint solution of the three radio resource management problems. For this
reason, the existing work focuses mainly on solving these problems separately, or on
proposing practical heuristic alternatives.
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Modeling and design choices

In this chapter, we present an overview of the system model used in our studies.
In particular, we highlight and justify the main modeling approaches and design
choices common to the remaining chapters of the thesis.

3.1 Network modeling and assumptions

Network model. In our studies, we consider a cellular network consisting of a
set B of base stations (BSs). Each BS is placed in the center of the cell and serves the
mobile users located within the cell area. We assume a set L of L transmitter-receiver
pairs, each constituting a logical link that we label with an integer 1, 2, . . . , L. A
logical link can be a pair of cellular users exchanging data through the serving
BS via uplink and downlink transmissions, or a D2D transmitter-receiver pair
communicating through a direct transmission. We refer to the users forming the
pair l as transmitter l (Tx l) and receiver l (Rx l), respectively (see Figure 3.1).

Rx l

Tx l

Rx m
Tx m

Figure 3.1: D2D-enabled multi-cell network model; pair l is communicating in cellular
mode while pair m is in D2D mode. Black arrows indicate the communication direction.

23
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Taking LTE as a reference system, we consider orthogonal frequency division
multiplexing (OFDM) [75]. The available system bandwidth is divided into a set F
of F resource blocks (RBs), each of size W Hz and time duration T s. Each RB
represents the smallest radio resource that can be assigned to the users. In LTE,
this basic unit consists of 12 consecutive subcarriers with a spacing of 15 kHz, thus
occupying a total of 180 kHz, for a time slot duration of 0.5 ms [75]. The RBs are
the radio resource units that the cellular users are allocated in a scheduling period,
and that the D2D pairs can request for their communications (see Figure 3.2).

Frequency

T
im

e User 1 User 2 User 3

Figure 3.2: Example of downlink resource allocation for an LTE-like system.

We assume a full-buffer traffic model, where transmitters always have data
packets to send to their intended receivers. We denote by P flm the power level used
by Tx l when sending data to Rx m on RB f . Note that the BS can act both as
transmitter and receiver, depending on whether it is involved in downlink (DL) or
uplink (UL) transmissions, respectively. We consider maximum power constraints in
the form

0 ≤ P flm ≤ P
max
l ,

where Pmax
l is the maximum allowable transmission power for Tx l.

Receivers treat the multi-user interference caused by possible RB reuse as additive
noise. Accordingly, we compute the maximum achievable capacity (transmission bit
rate) from Tx l to Rx m using RB f as

rflm = W log2

(
1 +

P flmG
f
lm

σ2 + Ifm

)
, (3.1)

where σ2 is the noise power at the receiver (which we assume equal for all RBs), Gflm
is the channel gain between Tx l and Rx m on RB f . A more detailed discussion
on the channel gains for different channel models is presented later in this chapter.
In (3.1), the ratio γflm = P f

lm
Gf
lm

σ2+Ifm
is the signal-to-interference-plus-noise-ratio (SINR),

with the term
Ifm =

∑
j 6=l

P fjjG
f
jm (3.2)

representing the total interference at Rx m due to possible concurrent transmissions
on RB f . The summation in (3.2) runs over all transmitters in the network.
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Channel models. The channel gain Gflm in (3.1) captures the phenomenon of
power attenuation over the wireless channel. Three main factors cause the attenuation
of the signal power: i) the distance between transmitter and receiver (path loss);
ii) the presence of large obstacles between transmitter and receiver (shadowing); and
iii) the reception of multiple copies, attenuated and phase-shifted, of the transmitted
signal (multi-path fading) [89]. Another aspect of the propagation model is frequency-
selective fading, which occurs when different frequency components of the signal
experience different fading. In this thesis, we consider different channel models,
depending on the purposes of the studies we present.

When we are interested in obtaining a geometrical interpretation of the results
of our studies (that is, when we want to connect the achieved performance to the
nodes position within the cells), we assume that the channel gains follow the simple
path loss model

Ḡflm = G0D
−α
lm , (3.3)

where Dlm is the physical distance between Tx l and Rx m in meters, G0 is the
path gain at a reference distance of 1 m, and α is the path loss exponent. In
particular, we generally refer to the model in (3.3) when we deal with the mode
selection problem. This is justified by our interest in getting some insights into
the range of physical distances between a transmitter and its receiver for which
proximity-based services are beneficial. Additionally, it is in general preferred to
base the mode selection decision on the slow scale fading measurements (distance
dependent path loss and shadowing) both to reduce the CSI measurements and to
limit the communication-mode switches of the user pairs.

In our studies, we also refer to the path loss model described in [48], according
to which the channel gain is obtained as

Ḡflm = (A+B log10(Dlm))−1,

where A is a function of the carrier frequency, and both A and B depend on whether
we consider the link between a mobile user and the BS or between two mobile users.
In particular, we use

Ḡflm = (30.55 + 36.7 log10(Dlm))−1 for the User-BS link,

Ḡflm = (28.03 + 40 log10(Dlm))−1 for the User-User link.

This alternative model is based on the micro urban model from the International
Telecommunication Union (ITU) [90]. Although it is more accurate than (3.3), it
does not allow for the same geometrical interpretations.

When we want to exploit the robustness to fading of the OFDM system through
adaptive user-to-subcarrier assignment, we consider, in addition to the path loss,
the frequency selective fading. In this case, we use the channel gain model provided
in RUdimentary NEtwork (RUNE) simulator1, which includes path loss, shadowing

1RUNE is a MATLAB-based software tool developed at Ericsson for performance analysis in
wireless networks.
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and Rayleigh fast fading [91].
Modeling the communication links with Rayleigh fast fading is reasonable when

the line-of-sight (LoS) components of the signals are negligible. However, in some
D2D scenarios, the short distance between the transmitter and the receiver is likely
to cause a prominent LoS component. For this reason, in this thesis we also present
some studies in which the direct D2D links are affected by Rician fading. We model
the channel gain affected by fast fading as

Glm = ḠlmFlm,

where Ḡij represents the distance-dependent power attenuation in (3.3), and Flm
represents the fast fading coefficient of the radio channel. When the link is affected by
Rician fading, Flm is a random variable with non-central χ2 distribution, while when
the link is affected by Rayleigh fading, the random variable Flm is exponentially
distributed with unit mean [89]. We always assume block-fading channel, in which
the channel gains remain constant during at least one time slot.

Table 3.1 summarizes the different channel models considered in this thesis.
Table 3.1: Channel models considered in this thesis.

Chapter Path loss Shadowing Fading Freq.-selective fading

Chapter 4 X
Chapter 5 §1 X X
Chapter 5 §2 X X
Chapter 6 X X X X
Chapter 7 X X

Spectrum access and interference scenarios. For the traditional cellular
communications via the BS, we always consider the channel allocation policy of legacy
LTE systems; that is, all cellular users within each cell are assigned to orthogonal
RBs in order to not interfere with each other. For the D2D communications, on the
other hand, we study both scenarios with overlay in-band D2D communication, and
scenarios with underlay in-band D2D communication.

When employing in-band underlay D2D communication, the intra-cell orthogo-
nality that characterizes the legacy systems is lost, and the characteristics of the
interference in the cellular network change. When a D2D link is active on a radio
resource used by a cellular UL transmission, interference is induced from the cellular
user to the D2D receiver, and from the D2D transmitter to the BS. Similarly, when
the D2D link utilizes a DL resource, interference is induced from the BS to the
D2D receiver, and from the D2D transmitter to the cellular user. Additionally,
interference among possible multiple D2D links sharing the same resource must be
also taken into account, especially in highly dense D2D networks.

In this thesis, we always assume that underlay D2D communications reuse the
UL resources of the cellular network. Apart from regulatory requirements in some
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CELL 1

CELL 2

Data transmission
Inter-cell interference
Intra-cell interference

Figure 3.3: Example of both inter-cell and intra-cell interference in the UL transmissions
of a cellular network with D2D communications. For illustration purposes, we show only
the interference caused by transmissions in CELL 1.

countries, this choice is motivated by the asymmetric traffic load in the UL and
DL directions (being the UL resources much less utilized than those for DL) and
by the fact that the BS has much better capability to handle interference than
mobile devices [25, 92–94]. The intra- and inter-cell interference in underlay D2D
communication using UL resources is illustrated in Figure 3.3 for a simple two-cell
network with one cellular user and one D2D pair in each cell.

When considering overlay D2D communication we remove the mutual interference
between D2D and cellular users. Nevertheless, to provide some gain in terms of
spectral efficiency, we always enforce spectrum sharing among the D2D links.

Further enhancement of the spectral efficiency of the cellular system can be
achieved by using full-duplex (FD) transmissions [95]. However, transmitting and re-
ceiving at the same time and on the same frequency band causes self-interference (SI)
to the FD terminals. The SI is related to the transmission power of the devices, and
it needs to be properly handled to guarantee satisfactory communication quality.
Because of the typically small distance between the transmitter and receiver of a
D2D pair, the used transmission power is in general low, thus leading to manageable
SI levels. In this thesis we therefore investigate the possible advantages that D2D
communications operating in FD can bring to the cellular systems.

Table 3.2 summarizes the different spectrum access schemes and interference
scenarios considered in the thesis.

Table 3.2: Spectrum access and interference scenarios considered in this thesis.

Chapter Underlay/Overlay Single-/Multi-cell Half/Full duplex

Chapter 4 Overlay Single-cell HD
Chapter 5 §1 Underlay Multi-cell HD
Chapter 5 §2 Overlay Multi-cell HD
Chapter 6 Underlay Multi-cell HD
Chapter 7 Underlay Multi-cell FD
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3.2 Problem modeling

The analysis approach to the radio resource management problems can be broadly
classified into two groups: instantaneous analysis and statistical analysis [49]. The
former approach considers objective functions based on instantaneous system infor-
mation (e.g., channel gains and link distances), and derives instantaneous optimal
decisions. In this case, the potentially rapid variation of the system parameters might
affect the decisions, which therefore need to be updated accordingly. The statistical
approach, on the other hand, is based on statistical information about the system
(e.g., the distributions of the users locations and channel gains), which are stable
over a relative longer period of time. Thus, decisions made under this assumption
may not be optimal in a particular point of time, but they can be optimal over a
longer time horizon.

This thesis is mainly based on the instantaneous analysis, with the aim of
investigating the potential limits and gains of the considered scenarios. We use the
statistical approach when we assume fast fading environments (see Table 3.3).

We pose radio resource management tasks as utility maximization problems. The
decision variables depend on the specific scenario and include: the communication
mode (cellular or D2D) assigned to each transmitter-receiver pair, the RBs and the
transmission power allocated to each transmitter, and the time duration selected
for each communication. To formally describe the problem formulations adopted in
this thesis, we introduce:

• the mode selection vector m ∈ {0, 1}L×1, with ml = 0 if pair-l is assigned to
cellular mode and ml = 1 if assigned to D2D mode;

• the transmission power matrix P ∈ RL×2F , defined as a concatenation of
matrices Pc ∈ RL×F and Pd ∈ RL×F , whose elements P c

lf and P d
lf represent

the power used by transmitter l when in cellular mode and in D2D mode,
respectively. When the mode selection decision has been made, the matrix P
reduces its dimensions to L× F . In this case, the element P fl of P represents
the power allocated to transmitter l on RB f ;

• the RB assignment matrix X ∈ {0, 1}L×F , whose entry xfl is 1 if transmitter-l
is assigned to RB-f , and 0 otherwise;

• the vector t ∈ RL×1, with tl being the time duration assigned to the commu-
nication of pair l.

With this notation, the general problem can be formulated as follows:

maximize
m,P,X,t

u(m,P,X, t)

subject to gj(P,X,m, t) ≤ 0, j ∈ J ,
m ∈ {0, 1}L×1, t ∈ RL×1,

P ∈ RL×F , X ∈ {0, 1}L×F ,

(3.4)
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where both the utility function u(·) and the constraints vary according to the
considered scenario and application. For example, the inequality constraints can
represent the power limitation of the devices, the minimum rate or SINR of the
transmissions, etc. Similarly, the definition of the objective function u(·) in (3.4)
depends on the network performance we wish to optimize. In this thesis, we consider
different performance metrics, as summarized in Table 3.3. Doing so, we explore
the different advantages that the introduction of D2D communication can bring to
cellular networks.

Table 3.3: Problems and solution approaches considered in this thesis.

Chapter Performance metric Decision variables Analysis approach

Chapter 4 Transmission energy m,P, t Instantaneous
Chapter 5 §1 Sum rate & Power P Instantaneous
Chapter 5 §2 Power P Statistical
Chapter 6 Sum rate X Instantaneous
Chapter 7 Outage probability & Power m,P Statistical
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Mode selection and resource allocation for
energy efficient D2D communications

In this chapter, we study energy-efficient communication in D2D-enabled networks
operating with dynamic Time Division Duplex (TDD). We jointly assign the com-
munication mode, transmission power, and transmission duration to minimize the
energy consumption while respecting given traffic requirements on links. The opti-
mization problem is formulated as a mixed-integer nonlinear programming problem,
which is NP-hard in general. By exploiting the problem structure, we develop efficient
(and for some scenarios, optimal) solutions.

4.1 Motivation and contributions

The exponential growth of wireless data traffic is causing the energy consumption of
cellular systems to escalate. As a consequence, the research community is directing
significant efforts towards energy-efficient solutions for future networks [96–98].

D2D technology is part of these solutions, having the potential of enhancing the
energy efficiency of both mobile devices and cellular networks. In particular, D2D
pairs can use low transmission power because of their short communication distance,
and the energy consumption at the BS can be reduced by offloading some of the
traffic to the D2D links. Several energy-efficient designs have been proposed in the
literature to benefit from the advantages of D2D communications [71, 85, 99–102].
However, to the best of our knowledge, there are no works addressing the joint D2D
mode selection and resource allocation problem for energy-optimal operations in
dynamic TDD networks.

Dynamic TDD systems are expected to be prominent in future networks, mainly
because of their ability to handle traffic level fluctuations between uplink (UL) and
downlink (DL). Moreover, they can exploit the channel reciprocity to reduce signaling
and radio frequency front-end complexity, compared to Frequency Division Duplex
systems [103, 104]. Performance improvement that can be obtained by integrating

31
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D2D communications in cellular systems with dynamic TDD have only recently
gained attention in the literature. Frameworks for D2D enhanced TDD networks are
proposed in [105–107]. However, they do not account for mode selection, focusing
mainly on the adaptive UL/DL slot allocation for the D2D pairs to balance the
traffic load, coordinate the interference, improve coverage probability and sum-rate.
The authors of [108] have extended the resource allocation problem introduced
in [106] to include mode selection. Yet, the mode selection decision is based on
the instantaneous SINR, and not jointly with the power and transmission time
allocation, as proposed instead in this work.

In this chapter, we study how the transmission power energy consumption can
be reduced in future networks by combining the benefits of the good propagation
condition of the D2D links together with the adaptive transmission time allocation
of dynamic TDD. We summarize our contributions as follows.

• We propose to jointly optimize of mode selection, UL/DL transmission period,
and power allocation to minimize the energy consumption while satisfying a
given traffic requirement. We consider several variations of the optimization
problem, which all can be formulated as mixed-integer nonlinear programming
(MINLP) problems. In particular, we minimize both total system energy and
mobile device energy, and we consider scenarios with and without channel-
reuse.

• Although MINLPs are NP-hard in general, we analyze and exploit the specific
mathematical structure of the interference-free case, to solve the associated
optimization problems in polynomial time,

• When accounting for the interfere, finding the optimal solution remains chal-
lenging. For this type of scenarios: we design a customized branch-and-bound
(B&B) solver that finds optimal solutions much more efficiently than generic
B&B solvers or the naive exhaustive search; and we propose a heuristic
algorithm for computing near-optimal solutions while respecting practical
constraints in terms of execution times and signaling overhead.

4.2 System model and problem statement

We consider a single-cell network with a set L of user pairs that wish to commu-
nicate, either via the base station (BS) in Cellular mode or directly in D2D mode.
Each user pair constitutes a logical link that we label by an integer taking value
from {1, 2, . . . L}. The BS is indexed as 0 and we refer to the users in pair l as
transmitter l (Tx l) and receiver l (Rx l). The mode selection policy divides the set
of all user pairs into two subsets: D is the subset of pairs assigned to D2D mode, and
C = L \ D is the subset of pairs assigned to cellular mode. The system bandwidth is
divided into F of orthogonal channels of size W Hz, and time is divided into frames
of fixed length of T seconds. The BS assigns to each logical link a time-frequency
physical resource, consisting of one time frame and one frequency channel.
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The transmission power of each pair, together with the transmission duration
and the communication mode, are updated at the beginning of each time frame
on the basis of the estimated large-scale fading. We assume that the large-scale
fading remains constant within the frame duration T 1, and changes slowly among
consecutive frames. The advantage of assigning the communication mode based on
the large-scale fading, rather than on the fast fading measurement, is to reduce the
number of unnecessary communication mode switches due to temporary changes of
the channel condition. In fact, if the channel gains do not change fast, it is likely that
the user pairs would prefer the same communication mode for a longer time period.
This is beneficial for the link configuration procedure and signaling overhead. On
the other hand, to exploit or compensate for the small-scale fading and frequency
diversity of the channels, we assume that a proper frequency channel assignment is
applied after the communication mode selection, to further improve communication
performance. This additional frequency channel allocation problem is not considered
in this work.

Communication in cellular mode. We consider the dynamic TDD scheme,
where the uplink (UL) and downlink (DL) transmissions for a user pair occur on
the same frequency channel but alternate in time. The portioning of resources
assigned to the UL and the DL can be reconfigured at each time frame, but it is
assumed to be the same for all communications within the same cell. This intra-
cell UL/DL synchronization is usually applied in practice because it reduces the
complexity of the inter-cell interference management in the more general multi-cell
network [103, 109]. Moreover, to prevent intra-cell interference between concurrent
transmissions in cellular mode, the BS follows the channel allocation policy of legacy
LTE systems and assigns a separate channel to each cellular user (see Figure 4.1).
To ensure that there are enough resources if all users are assigned to cellular mode,
we assume F = L.

We denote by tul and tdl the portion of the time frame allocated to the UL and
DL transmissions, respectively. Let Pl0 and P0l be the transmission power levels
used by Tx l in UL, and by the BS in DL to Rx l, which are subject to upper bounds
Pmax
l and Pmax

0 , respectively. The instantaneous rates rl0 and r0l achieved in UL
and DL, respectively, are assumed to follow Shannon’s capacity formula:

rl0 = W log
(

1 + Pl0Gl0
σ2

)
, r0l = W log

(
1 + P0lG0l

σ2

)
. (4.1)

Here, Gl0 is the channel gain between Tx l and the BS, G0l is the channel gain
between the BS and Rx l, and σ2 is the noise power. The maximum instantaneous
rates (corresponding to maximum power transmissions) in (4.1) are denoted by rmax

l0
and rmax

0l , respectively.

1This assumption is valid for scenarios with low users mobility, such that the coherence time is
larger than T .



34 Mode selection and resource allocation for energy efficient D2D communications

Frequency

TimeT

W D2D 

D2D 

D2D 

UL DL

UL DL

UL DL

D2D 

D2D 

D2D 

UL DL

UL DL

UL DL

(a) Full Orthogonality
Frequency

TimeT

W D2D 

UL DL

UL DL

UL DL

D2D 

UL DL

UL DL

UL DL

UL DL UL DL

UL DL UL DL

(b) D2D Resource Sharing

Figure 4.1: Frequency-time resources configurations: D2D communications can use the full
frame duration T , and the UL and DL duration of the cellular communications can be
adjusted at each time frame.

Communication in D2D mode. Each D2D pair can use the full frame duration
for its single-hop transmission, as shown in Figure 4.1. Let tl ≤ T denote the active
time of pair l in D2D mode.

A large body of work considers underlay in-band D2D communication, where
D2D transmitters opportunistically access the radio resources occupied by cellular
users. A disadvantage of underlay D2D communication in TDD systems is that the
receiver of the D2D link perceives a rapid change of the interference power in one time
frame when the cellular pair switches between UL and DL transmission. It is difficult
to compensate for this effect without resorting to complex interference management
algorithms that require detailed cross-gain knowledge and have high signaling load.
Therefore, in this work we focus on overlay in-band D2D communication, where D2D
and cellular communications are assigned different frequency channels so that they
do not cause interference to each other (see Figure 4.1). Nevertheless, resource reuse
among D2D communications has been investigated in our studies. In particular, we
consider two channel allocation strategies for D2D pairs:

• Full Orthogonality (FO): all D2D links are assigned orthogonal frequency
channels. Thus, no receiver is interfered by other transmissions within the cell.

• D2D Resource Sharing (RS): all D2D links are assigned to the same
frequency channel, and thus they interfere with each other.

The instantaneous rate between users of pair l in D2D mode is given by

rll = W log
(

1 + PllGll
σ2 +Il

)
, (4.2)

where Gll is the direct channel gain between Tx l and its intended receiver Rx l, Pll
is the transmission power level (upper bounded by Pmax

l ), and Il =
∑
j 6=l PjjGjl

is the interference power level experienced at Rx l due to other concurrent D2D
transmissions (note that Il = 0 in the FO case). For a given interference level, we
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use rmax
ll to denote the maximum instantaneous rate, achievable when transmitting

with power Pmax
l .

Rate constraint, power feasibility and energy cost. To guarantee a certain
QoS, each pair l has a traffic requirement of bl nats per time frame, irrespective of
the communication mode. This requirement can be translated into a session rate
requirement, and its fulfillment depends on the time allocated to the transmissions,
and thus on the communication mode. Specifically, if pair l is in cellular mode, the
transmission times for UL and DL, along with the corresponding transmission rates,
must satisfy

rl0tul ≥ bl and r0ltdl ≥ bl.

Similarly, if pair l is in D2D mode, tl and rll must satisfy

rlltl ≥ bl. (4.3)

The limitation on the transmission power levels, together with the session
rate requirements above, entail the need to verify under which conditions the
communication of a pair can be supported by the network. To this end, we introduce
the concept of power-feasibility as follows:

Definition 4.2.1 (Power feasibility). We say that user pair l is power-feasible
(a) in D2D mode if rmax

ll T ≥ bl;
(b) in cellular mode if there exists a time allocation (tul, tdl) such that

tul ≥ bl
rmax
l0

,

tdl ≥ bl
rmax
0l

,

tul + tdl ≤ T.

Assumption 4.2.2. There exists a time allocation (tul, tdl) that can support the
communication of all users in cellular mode.

Remark 4.2.3. The power-feasibility conditions imply that tul must satisfy

bl
rmax
l0
≤ tul ≤ T −

bl
rmax
0l

.

Thus, under Assumption 4.2.2, it must hold that max
l
{ bl
rmax
l0
} ≤ min

l
{T − bl

rmax
0l
}.

By rewriting the power-rate relations (4.1) and (4.2), we find the minimum
transmission energy required to satisfy the traffic rate requirement bl on link l, for a
given time allocation. Specifically, for the UL, DL, and D2D transmissions we have,
respectively,
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El0(tul) = Pl0tul =
(

exp
(

bl
Wtul

)
− 1
)
σ2

Gl0
tul UL;

E0l(tdl) = P0ltdl =
(

exp
(

bl
Wtdl

)
− 1
)
σ2

G0l
tdl DL; (4.4)

ED2D
ll (tl, Il) = Plltl =

(
exp

(
bl
Wtl

)
− 1
)
σ2 + Il
Gll

tl D2D.

These functions are convex and monotonically decreasing in the transmission
time (see [110] and reference therein). This observation leads to the following result.

Lemma 4.2.4. When minimizing the transmission energy, any optimal solution
allocates the full frame duration for the communication. For the D2D mode, this
implies that

min
tl,Il

ED2D
ll (tl, Il) = min

Il
ED2D
ll (T, Il).

For cellular mode, instead, it must hold that tul + tdl = T .

The transmission energy cost for communicating in cellular mode includes both
the energy cost of the mobile device and that of the BS. However, the BS has in
general less energy limitations than the mobile equipments. For this reason, it is also
relevant to focus only on the device energy. To this end, we consider the following
two definitions of energy consumption for a generic user pair l in cellular mode:

• System Energy Consumption (SEC): it is the energy consumed by both
Tx l in UL and the BS in DL; by Lemma 4.2.4, the total energy cost is obtained
by

ECELL
ll (tul) = El0(tul) + E0l(T − tul), (4.5)

which is a convex function of tul.
• User Energy Consumption (UEC): it is the energy consumed by Tx l in

UL transmission disregarding the energy spent by the BS; that is,

ECELL
ll (tul) = El0(tul), (4.6)

which is convex and monotonically decreasing in tul.
In this work, we focus on minimizing the transmission energy, neglecting the

circuit and the idle power consumption of the transmitters. We believe that this
is a reasonable simplification for finding practical low-complexity solutions to the
considered problems. The idling power, in fact, is usually much smaller than the
circuit power, and the transmit power is dominating unless we consider low rate or
very short range (under 10 m) links [111]. D2D communication is foreseen to com-
plement existing technologies for direct communication (e.g, Bluetooth), supporting
longer range links and higher data rates [23]. This motivates the computational
benefits of considering the transmission energy as the main contribution to the
energy consumption.



4.3. Minimizing the energy with Full Orthogonality 37

Problem statement

We consider the problem of minimizing the transmission energy consumption of a
D2D-enabled cellular network with dynamic TDD system. This is done by jointly
optimizing: i) the communication mode of each user pair; ii) the UL/DL time
configuration; iii) the powers allocated to all transmitters.

Because we are interested in two possible energy cost functions (SEC and UEC),
and two possible channel allocation strategies for the D2D pairs (FO and RS), we
obtain four variations of the energy minimization problem, which are all formulated
as MINLP problems, as shown in the following sections. Table 4.1 summarizes the
main results for these four cases, including the section where they are addressed.

Table 4.1: Problem variations and main results.

UEC SEC

FO Optimal solution in linear time
(Section 4.3)

Optimal solution in polynomial time
(Section 4.3)

RS

Optimal solution with B&B
(Section 4.4.2),
Suboptimal solution with heuristic
(Section 4.4.3)

Optimal solution with B&B
(Section 4.4.2)

4.3 Minimizing the energy with Full Orthogonality

In this section, we show how the jointly optimal mode selection and resource (time
and power) allocation with FO can be found in polynomial time, even though the
overall problem is not convex. For ease of exposition, we first derive the optimal
solution for a single user pair, and then extend the results to multiple user pairs.

4.3.1 Single user pair

First, we characterize the minimum energy cost for a pair to fulfill the rate require-
ment, when communicating either in cellular mode or in D2D mode. We show that
the minimal SEC can be found by solving a simple convex optimization problem,
while the minimal UEC admits an explicit expression.

Minimum energy cost for communication in cellular mode

In cellular mode, the UL/DL time allocation is chosen to minimize one of the
following two objectives:
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• Minimizing SEC: The minimum amount of energy of pair l in cellular mode
can be determined by solving the following single-variable convex problem:

minimize
tul

El0(tul) + E0l(T − tul)

subject to bl
rmax
l0
≤ tul ≤ T −

bl
rmax
0l

, (4.7a)

where constraint (4.7a) ensures power feasibility in the sense of Definition 4.2.1.
Problem (4.7) can be solved efficiently using a wide variety of methods (e.g.,
bisection search [112]). We denote with t?ul the optimal solution to (4.7), and
with ECELL

ll (t?ul) the corresponding minimum energy cost.

• Minimizing UEC: The only difference from the problem formulation in (4.7)
is that the objective function reduces to El0(tul). By monotonicity of the
objective function, the optimal solution is t?ul = T − bl

rmax
0l

. We indicate with
ECELL
ll (t?ul) the corresponding minimum energy cost.

Minimum energy cost for communication in D2D mode

In D2D mode, no traffic is forwarded through the BS and only the user equipment
consumes energy for the communication. The minimum energy cost follows from
Lemma 4.2.4 with Il = 0, that is:

ED2D
ll =

(
exp

(
bl
WT

)
− 1
)
σ2

Gll
T. (4.8)

Equation (4.8) is only valid when the D2D mode is power feasible. Since we have
ensured power feasibility only for communications in cellular mode, we need to
verify that rmax

ll T ≥ bl before using the relation in (4.8). It turns out to be more
convenient to work with the following extended-value function:

ĒD2D
ll =

{ (
exp

(
bl
WT

)
− 1
)
σ2

Gll
T if rmax

ll T ≥ bl,
+∞ otherwise.

(4.9)

Optimal mode selection policy and resource allocation

The optimal mode selection policy for the single-link case consists in estimating
the energy cost for cellular mode (either for the UEC or for the SEC case), and
then comparing it with the energy cost for D2D mode. The optimal communication
mode is simply the one that requires the least amount of energy. Once the optimal
communication mode and transmission time have been selected, the corresponding
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optimal powers are easily derived as

Pl0 =
(

exp
(

bl
Wt?ul

)
− 1
)
σ2

Gl0
, UL;

P0l =
(

exp
(

bl
W (T − t?ul)

)
− 1
)
σ2

G0l
, DL; (4.10)

pPll =
(

exp
(

bl
WT

)
− 1
)
σ2

Gll
, D2D.

It is possible to interpret the mode selection policy in terms of the physical
distance between the two communicating devices. We will explore this geomet-
rical interpretation in Section 4.5 to characterize regions in the cell where D2D
communication is preferable.

4.3.2 Multiple user pairs
The main challenge with multiple user pairs in FO operation is that all cellular
connections must use a common UL/DL time allocation, which accounts for the
energy consumption of all users. To formulate the joint mode selection and resource
allocation problem for multiple pairs, we introduce the mode selection vector m ∈
{0, 1}L, whose entries satisfy

ml =
{

0 if pair-l is in cellular mode,
1 if pair-l is in D2D mode.

(4.11)

We then formulate the following MINLP problem:

minimize
m,tul

L∑
l=1

ĒD2D
ll ml + ECELL

ll (tul)(1−ml) (4.12a)

subject to bl
rmax
l0
− Tml ≤ tul ≤ T −

bl
rmax
0l

+ Tml, ∀l, (4.12b)

tul ∈ [0, T ], ml ∈ {0, 1}, ∀l.

The objective function in (4.12) is the total energy consumption of all the
L user pairs, with ECELL

ll (tul) given by (4.5) or (4.6), depending on whether we are
considering FO-SEC or FO-UEC, respectively. Because with the FO scheme D2D
pairs do not interfere with each other, their minimal energy consumption is the same
constant value (4.9) introduced for the single user-pair case. Constraints (4.12b)
ensure that pair l can only be assigned to cellular mode if it is power feasible in the
sense of Definition 4.2.1.

Problem (4.12a) is separable inml, which means that we can express the objective
function in terms of the transmission energy of each device, when operating in its
optimal mode. In doing so, we rewrite (4.12) as

minimize
tul∈[0,T ]

F (tul), (4.13)
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where F (tul) =
∑L
l=1El(tul), and El(tul) denotes the minimum energy-cost for the

single pair-l when the UL time is fixed to tul, that is:

El(tul) ,
{

min{ĒD2D
ll , ECELL

ll (tul)} if tul ∈ [ bl
rmax
l0

, T − bl
rmax
0l

],
ĒD2D
ll otherwise.

(4.14)

Equation (4.14) reveals the piecewise nature of El(tul). For tul < bl/r
max
l0 and

tul > T − bl/rmax
0l , we have El(tul) = ĒD2D

ll , which is a finite constant if user pair l is
power feasible in D2D mode, and +∞ otherwise. In the interval [bl/rmax

l0 , T−bl/rmax
0l ],

El(tul) is either equal to the constant ĒD2D
ll , or given by ECELL

ll (tul), depending on
whether and at which points the graphs of ECELL

ll (tul) and ĒD2D
ll intersect. Note

that the two graphs can intersect only once if ECELL
ll (tul) is monotonically decreasing

(i.e., when minimizing UEC) or twice if it is convex (i.e., when minimizing SEC).
To better describe the piecewise nature of El(tul), we introduce ∆l = [τmin

l , τmax
l ]

as the interval of tul during which El(tul) = ECELL
ll (tul). If, for a pair l, such an

interval does not exist (i.e., ∆l = ∅), this means that it is always more efficient for
that pair to operate in D2D mode (see Figure 4.2) for an illustration.
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Figure 4.2: Deriving the function El(tul) for both the FO-UEC case and the FO-SEC case,
with frame duration T = 1 time unit. The interval ∆l = [τmin

l , τmax
l ] is the intersection of

the interval [bl/rmax
l0 , T − bl/rmax

0l ] for power feasibility in cellular mode, with the interval
bounded by the intersection points of the graphs of ECELL

ll (tul) and ĒD2D
ll . In particular,

∆l = [bl/rmax
l0 , T − bl/rmax

0l ] if the two graphs intersect outside the power feasible interval.
∆l ⊂ [bl/rmax

l0 , T − bl/rmax
0l ] if at least one of the two possible intersection points of the

graphs is within the power feasible interval. For the FO-UEC case there can be at most
one intersection point of the two graphs, and ∆l = ∅ if the two graphs never intersect.

Figures 4.3 and 4.4 show the minimum energy cost of three user pairs and the
corresponding total energy F (tul) for the FO-UEC and FO-SEC cases, respectively.
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Note that F (tul) is nonconvex on the time interval [0, T ]. However, the following
lemma establishes a key property of F (tul), which will later be useful to solve (4.13).
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Figure 4.3: (a) Per-user energy consumption and (b) corresponding total energy cost in
the FO-UEC problem, with T = 1 time unit.
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Figure 4.4: (a) Per-user energy consumption and (b) corresponding total energy cost in
the FO-SEC problem, with T = 1 time unit.

Lemma 4.3.1. (a) In the FO-SEC scenario, F (tul) is a piecewise convex function.
(b) In the FO-UEC scenario, F (tul) is a piecewise decreasing function.

Proof. For each pair l, if ∆l = ∅, ECELL
ll (tul) is by definition a constant value

on [0, T ]. Otherwise, ECELL
ll (tul) is a constant value or +∞ in the two intervals

[0, τmin
l ) and (τmax

l , T ]. In the interval [τmin
l , τmax

l ], for the FO-SEC case ECELL
ll (tul)
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is a convex function of tul, given by (4.5); for the FO-UEC case, ECELL
ll (tul) is a

monotonically decreasing function in tul, given by (4.6).
Because F (tul) is the sum of L functions in the form of (4.14), the whole

interval [0, T ] is divided into J ≤ 2L+ 1 adjacent intervals. In the FO-UEC case,
F (tul) is the sum of constants and convex functions in each interval, which makes
F (tul) piecewise convex. In the FO-UEC case, F (tul) is a sum of constants and
monotonically decreasing functions in each interval, which makes F (tul) piecewise
decreasing.

Based on Lemma 4.3.1, we can efficiently compute the optimal solution to (4.13),
as shown in the following proposition.

Proposition 4.3.2. (a) In the FO-SEC case, let ∪Jj=1Γj be a partition of [0, T ]
induced by the points {τmin

1 , τmax
1 , . . . , τmin

L , τmax
L }. Then, the optimal UL time

allocation t?ul can be found by solving at most 2L − 1 single-variable convex
optimization problems of the form minimize

tul∈Γj

∑
l∈LEl(tul). (b) In the FO-UEC

case, t?ul ∈ {τmax
1 , τmax

2 , . . . , τmax
L }. Moreover, if max

l
{τmin
l } ≤ min

l
{τmax
l }, then

t?ul = min
l
{τmax
l } = min

l
{T − bl

rmax
0l
}.

Proof. For each pair l, ECELL
ll (tul) reaches its maximum value in the two intervals

[0, τmin
l ) and (τmax

l , T ]. Thus, also F (tul) achieves its maximum value in the two
intervals Γ1 =

[
0,minl{τmin

l }
]
and ΓJ = [maxl{τmax

l }, T ]. Therefore, t?ul is not in
Γ1 and ΓJ , but must be found in one of the remaining (at most) 2L− 1 intervals.

(a) By Lemma 4.3.1, in the FO-SEC case, F (tul) is piecewise convex. Hence, its
global minimum can be found among its 2L− 1 local minima in each interval. (b)
In the FO-UEC case, F (tul) is piecewise decreasing. Thus, its global minimum can
be found in the set ∪l∈L{τmin

l , τmax
l }. However, for each l ∈ L, there is at least its

corresponding function El(tul) in the sum defining F (tul), which decreases for tul ≥
τmin
l . Therefore, the global minimum can only be found in the set {τmax

l , l ∈ L}.
Furthermore, if max

l
{τmin
l } ≤ min

l
{τmax
l }, then t?ul = min

l
{τmax
l }.

Given the optimal solution t?ul to Problem (4.13), the optimal mode selection
vector m? of Problem (4.12) is then given by setting, for each pair l in L:

m?
l =

{
0 if ECELL

ll (t?ul) ≤ ĒD2D
ll ,

1 otherwise,

and the corresponding transmission powers as derived in (4.10).

Remark 4.3.3. The proposed solutions in the FO case are centralized at the BS.
To collect the information about the link gains, we assume an approach similar to
one proposed for handoff procedure [113]. Specifically, channel gains are estimated
by averaging the received pilot signals strength over multiple frames, in order to
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diminish the undesirable effect of the fast fading component. To do so, the BS has
to assign a dedicated beacon resource to the D2D users [13].

4.4 Minimizing the energy with Resource Sharing

To increase the cell capacity and the spectral efficiency of the system, we consider the
RS strategy, where all users in D2D mode are assigned the same channel. Due to the
cross interference among D2D pairs, the optimal solutions for this scenario are more
complicated to compute. Nevertheless, we develop a combinatorial optimization
algorithm based on B&B approach that is guaranteed to find the optimum. This off-
line algorithm is complemented by a heuristic, suitable for real-time implementation
under practical signaling constraints.

4.4.1 Optimal resource allocation via MINLP
The effect of interference on the energy consumption in D2D mode appears explicitly
in (4.4). Due to the fixed time allocation T (see Lemma 4.2.4), minimizing the
energy consumption of D2D users is equivalent to minimizing the transmit powers.
To meet the minimum rate requirement in (4.3), the transmit power of any pair-l in
D2D mode must be such that

Pll ≥
[
exp

(
bl
WT

)
− 1
]
σ2 + Il
Gll

.

Introducing γtgtl = [exp (bl/WT)− 1] as the target SINR to satisfy the session rate
requirement of pair l, and the terms ηl = γtgt

l
σ2
/Gll and hlj = γtgtl

Gjl/Gll, we can
rewrite the inequality above as

Pll ≥ ηl +
∑
j 6=l

Pjjhlj .

Then, the joint mode selection, power and time allocation problem can be
formulated as the following MINLP problem:

minimize
m,tul,Pll

L∑
l=1

(TPll)ml + ECELL
ll (tul)(1−ml)

subject to bl
rmax
l0
− Tml ≤ tul ≤ T −

bl
rmax
0l

+ Tml, ∀l, (4.15a)ηl +
∑
j 6=l

Pjjhlj

− C(1−ml) ≤ Pll, ∀l, (4.15b)

Pll ≤ Pmax
l ml, ∀l, (4.15c)

m ∈ {0, 1}L, tul ∈ [0, T ], Pll ≥ 0.
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Here, m is the mode selection vector defined in (4.11). Constraints (4.15a) ensure
power feasibility for pairs in cellular mode, while (4.15b) guarantee that the rate
requirement is satisfied for each pair in D2D mode. The constant C in (4.15b) is a
large number (e.g., C = maxl{ηl +

∑
l P

max
ll }) ensuring that the constraint is only

enforced for users in D2D mode. The expression for ECELL
ll (tul) in the objective

function is either (4.5) or (4.6), depending on whether we are interested in the
RS-SEC or RS-UEC problem, respectively.

Problem (4.15) belongs to the class of mixed boolean-convex problems, where for
each fixed m ∈ {0, 1}L the objective function is convex in the continuous variables. In
general, MINLPs are NP-hard problems [114], combining the combinatorial difficulty
of optimizing over discrete variable sets, with the challenges of handling nonlinear
functions. Their solution times grow exponentially with the problem dimension.
In particular, if L in (4.15) is very small (i.e., smaller than 10), the optimization
problem can be solved exactly by exhaustive enumeration of the 2L possible mode
selection vectors. However, realistic cellular networks might consist of a large number
of user pairs.

For this reason, we develop a customized solver based on branch-and-bound
(B&B) (see, e.g., [115]). Although B&B is a general framework for finding solutions
to MINLP problems, its efficiency strongly depends on how well it is tailored to
the specific problem structure. Thus, we give special attention to developing novel
variable selection and branching rules, along with efficient procedures for infeasibility
detection and performance bound computations. The proposed solver allows us to
find provably optimal solutions much more efficiently than using more generic B&B
solvers or naive exhaustive search.

In the sequel, we focus on algorithms that solve the RS-UEC minimization
problem, considering that the mobile devices are the most energy-sensitive component
of the network. However, the reasoning behind the proposed approaches and design
choices are still valid for the RS-SEC case, although alternative choices, tailored for
the SEC case, can be investigated to further improve the solution efficiency.

Finally, by assigning only one channel to the D2D pairs, there will be L− |C|+
1 unused channels. This choice might not be optimal from an energy efficiency
perspective, but it leads to another promised gain of D2D communications related
to the cell capacity: by assigning multiple D2D pairs to the same channel, it is
possible to accommodate a larger number of communication requests, compared to
the FO case. Alternatively, having unused resources in a cell can reduce the inter-cell
interference in the multi-cell scenario. For example, a Fractional Frequency Reuse
scheme could be employed to assign the unused resources of a cell to the cell-edge
users in the neighboring cells [116].

4.4.2 A B&B approach for finding the optimal solution

Before describing the proposed B&B algorithm, it is convenient to introduce a
definition and two useful propositions on the feasibility of the mode selection
vector m.
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Let H be a nonnegative matrix with entries Hlj =hlj if l 6= j, and zero otherwise,
and let us introduce the vectors P = (Pll,∀l ∈ L)>, Pmax = (Pmax

l ,∀l ∈ L)> and
η = (ηl,∀l ∈ L)>. For each mode selection vector m, we can define the corresponding
set of pairs assigned to D2D mode and to cellular mode as Dm and Cm, respectively.
Let Am denote the L×|Dm| incidence matrix, which is constructed by removing the
l-th column from the L× L identity matrix if ml = 0. We define Hm = A>mHAm,
Pm = A>mP, Im = A>mAm, Pmax

m = A>mPmax, and ηm = A>mη, and we rewrite
Constraints (4.15b) and (4.15c) in matrix form as

(Im −Hm)Pm ≥ ηm and Pm ≤ Pmax
m ,

where the inequalities are component-wise. The matrix Hm has strictly positive
off-diagonal elements, and we can assume that it is irreducible because we do
not consider totally isolated groups of pairs that do not interact with each other.
Let ρ(Hm) denote the largest real eigenvalue of Hm. From the Perron-Frobenius
theorem [117], we have the following proposition:

Proposition 4.4.1 ([118], Ch. 2). For a given mode selection vector m, the neces-
sary and sufficient condition for the existence of a positive Pm to solve inequality
(Im −Hm)Pm ≥ ηm is that

ρ(Hm) < 1. (4.16)

Moreover, P?
m = (Im −Hm)−1ηm is its component-wise minimum solution.

Proposition 4.4.1 provides an easy condition to verify if the vector m represents
a feasible mode selection, as stated below

Definition 4.4.2 (Feasible mode selection vector). A mode selection vector m is
feasible if both condition (4.16) and (Im −Hm)−1ηm ≤ Pmax

m are verified.

Proposition 4.4.3 ([119]). If m is not feasible, then every other mode selection
vector m̃ with additional user pairs assigned to D2D mode (i.e., such that {l ∈ L :
ml = 1} ⊆ {l ∈ L : m̃l = 1}) is not feasible.

We use the results above to design a B&B algorithm that solves the MINLP
problem in (4.15). When using a B&B approach, all possible mode selection vectors m
are explored through a binary tree. Each node of the tree (except the root) represents
a subproblem where one of the mode selection variablesml is set to either 0 or 1. Thus,
each node corresponds to a partial mode selection vector with some components
already defined and forming the set F , while others are still undetermined and
represent the set U . Therefore, each branch of the tree corresponds to a subset of the
possible mode selection vectors. The main idea of B&B is to only explore branches
that have the potential to produce better solutions than the best solution found so
far, and disregard the others. This is done by computing upper and lower bounds
on the optimal value at each node. If the lower bound of a node is larger than the
current upper bound, then there is no need to explore its branches.
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To achieve a good B&B performance, it is essential to select the branching rule
and tree exploration strategies carefully, and to have efficient methods for computing
good upper and lower bounds. Figure 4.5 summarizes the proposed B&B algorithm,
which is based on the following four choices: i) computation of the initial upper
bound (UB), where we assume all pairs in cellular mode; ii) branching rule that
selects the variable to fix at each node as the one that increases the likelihood
of finding infeasible mode selection vectors (i.e., using Proposition 4.4.3); iii) tree
exploration strategy that assigns the selected branching variable to 1 first (i.e., D2D
mode comes first as a choice); and, finally, iv) computation of the upper and lower
bounds (Node-UB and Node-LB) as the sum of the minimum energy cost of the pairs
in F plus an upper and lower bound of the energy cost of the pairs in U , respectively.
We refer to Appendix 4.A for a detailed description and motivation of each choice.

Once the optimal mode selection vector and the corresponding optimal trans-
mission time have been found, the power levels are obtained as in (4.10) for cellular
users, and as in Proposition 4.4.1 for D2D users.

The B&B algorithm is guaranteed to find the optimal solution, and does so
faster than the exhaustive search, as discussed in Section 4.5.2. However, for large
networks it can still have impractical running times. In addition, it assumes that
all cross-gains between users are known, which requires significant communication
overhead. We therefore turn our attention to heuristics that can be run in real-time
and do not assume centralized knowledge of all the channel gains.

4.4.3 A heuristic approach for finding a practical solution

In this subsection, we present a heuristic algorithm that achieves a near-optimal
solution to (4.15) in a more practical and scalable way than the B&B approach.
Again, we focus on the UEC case.

The key idea of this algorithm is to first determine an initial mode selection
vector, together with the corresponding power and time allocation, and then improve
this solution by means of a distributed power control algorithm based only on local
measurements. The heuristic algorithm, described in Algorithm 1, consists of the
following three main steps:

1. Initial phase: We adopt the optimal solution to the FO-UEC problem in Sec-
tion 4.3 as the initial allocation decision, denoted by

(
mFO, tul(mFO),P(mFO)

)
.

The FO-UEC problem is solved by the BS. For each pair l ∈ DmFO (i.e., as-
signed to D2D mode), the BS also computes the energy it would consume if
in cellular mode, that is ECELL

ll

(
tul(mFO)

)
from (4.6), and broadcasts mFO

and ECELL
ll

(
tul(mFO)

)
to each Tx l in the set DmFO .

The initial mode selection vector mFO is obtained under the assumption of
no interference among the D2D pairs. However, in the RS scenario all the
D2D pairs share the same channel, and mFO may be energy inefficient or even
infeasible. A distributed power control algorithm is then executed by the D2D
pairs to find a feasible and more energy-efficient solution.
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Figure 4.5: Flowchart of the B&B method. Gray blocks indicate our customized choices.

2. Iterative distributed power control for D2D pairs: Using the iterative power
control method originally proposed in [120], each Tx l in D2D mode can
achieve its target SINR γtgtl by updating its transmit power as

P
(k+1)
ll =

γtgtl

γ
(k)
l

P
(k)
ll . (4.17)

The initial power allocation is P(0) = P(mFO) . The term γ
(k)
l in (4.17) is

the perceived SINR for pair l in the set DmFO at the kth iteration, defined as
γ

(k)
l = P

(k)
ll

Gll/(σ2+
∑

j 6=l,j∈DmFO
P

(k)
jj

Gjl). To achieve a feasible mode selection
vector and to further reduce the energy cost, some links in D2D mode need to
switch to cellular mode. Specifically, pair l in D2D mode switches to cellular
mode if its transmit power level exceeds its maximum limit, or if it is more
energy efficient for it to communicate in cellular mode, that is, if

P
(k)
ll > min

{
θ

T
ECELL
ll

(
tul(mFO)

)
, Pmax

l

}
, (4.18)

where we have introduced a design parameter θ ≥ 1, whose use is discussed
below.
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During the power update (4.17), if Condition (4.18) is fulfilled, Tx l asks the
BS to switch to cellular mode and to be assigned an orthogonal frequency
channel. Otherwise, Tx l keeps updating its power according to (4.17). The
BS keeps track of the pairs changing the communication mode, and updates
the mode selection vector accordingly.

This iterative power control scheme converges to the minimum power that
the user pairs remaining in D2D mode need to use in order to fulfill the rate
requirement [120].

3. Final phase: Once the algorithm converges, the BS recomputes the optimal
power and time allocation for the users in cellular mode, and broadcasts this
information.

Note that all computations are based on the assumption that the final duration of
the data transmission is T. For this reason, the power control iterations should not
be performed within the frame dedicated to the data transmission. We assume that
the power control runs either on a dedicated time interval before the data frame, or,
alternatively, on a separate control channel.

On the selection of parameter θ. The selection of parameter θ takes into
account the following key aspects of the possible practical implementation of the
proposed heuristic algorithm:

• Trade-off between signaling overhead and energy gain. Communication-mode
switches incur additional signaling overhead between mobile devices and the
BS to coordinate the re-allocation of radio resources. By setting θ > 1, mode
switches will occur only if they result in a significant energy gain.

• Trade-off between channel reuse and energy consumption. Moving a user from
D2D mode to cellular mode requires another orthogonal channel. A large
value of θ can enforce more pairs to communicate in D2D mode and thus
increase the channel reuse, even if this comes at the cost of a higher energy
consumption due to the interference.

• Accounting for the mis-estimation of the energy cost. D2D pairs base their
decision to switch communication mode on an under-estimate of the energy
consumption in cellular mode (Condition (4.18)). The optimal UL transmission
time is computed when Algorithm 3 has converged and it is greater or equal to
the initial tul(mFO). Hence, the actual energy consumption in cellular mode
can be larger than expected. Setting θ > 1 reserves a margin for mis-estimation
so that only connections that truly gain by being in cellular mode switch to
cellular mode.

Remark 4.4.4. The initial phase of the heuristic algorithm needs the same state
information at the BS as the FO algorithms, which can be acquired as described in
Remark 4.3.3. The remaining steps of the heuristic are fully distributed and driven
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by local measurements (the SINR at the receivers), without any need for additional
channel gain estimation.

Algorithm 1: Heuristic approach for RS-UEC
Input: (γtgtl , Gll, Gl0, G0l)∀l ∈ L, θ
Output: m?,P?

1 (mFO, tul(mFO),P(mFO))← solution to FO-UEC;
2 each l ∈ DmFO acquires ECELL

ll

(
tul(mFO)

)
from BS;

3 P(0) ← P(mFO), m(0) ←mFO, k = 0;
4 each l ∈ DmFO computes γ(0)

l ;
5 convergence ← False ;
6 while ¬ convergence do
7 m(k+1) ←m(k);
8 for each l ∈ Dm(k) do
9 P

(k+1)
ll = γtgt

l

γ
(k)
l

P
(k)
ll ;

10 if P (k+1)
ll > min

{
θ
T E

CELL
ll

(
tul(mFO)

)
, Pmax

l

}
then

11 m
(k+1)
l ← 0, Dm(k+1) ← Dm(k) \ {l};

12 each l ∈ Dm(k+1) computes γ(k+1)
l ;

13 if γ(k+1)
l ≥ γtgt

l ∀l ∈ Dm(k+1) then
14 convergence ← True;
15 P? ← P(k+1), m? ←m(k+1);

4.5 Numerical results

In this section, we present simulation results that validate our theoretical findings
and evaluate our proposed algorithms. We consider a single cell with a BS positioned
in the center. We assume a path loss channel model Ḡij = G0D

−α
ij , where Dij is

the physical distance between Tx i and Rx j, and G0 is the path gain at a reference
distance of 1 m. By neglecting small scale and frequency selective fading, in the
following simulations we assume that frequency channels are assigned to the users
in a round-robin fashion. The main simulation parameters are listed in Table 4.2.

4.5.1 Single link: geometrical interpretation

First, we develop a geometrical interpretation of the optimal mode selection policy
for the single-link case. To ensure that Assumption 4.2.2 is satisfied, we set bl to its
maximum value that guarantees that the constraint set of Problem (4.7) is never
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Table 4.2: Simulation parameters.

Parameter Value

Carrier frequency 1 GHz
Frequency channel bandwidth (W ) 5 MHz
Max Tx power for transmitter-l (Pmax

l ) 0.25 W
Cell radius 500 m
Max Tx power for the BS (Pmax

0 ) 40 W
Time frame duration (T ) 1 s
Path gain at reference distance of 1m (G0) 5.7× 10−4

Noise power spectrum density (σ2) -174 dBm/Hz
Path loss exponent (α) 4

empty. We therefore set bl = rmax
l0 rmax

0l /rmax
l0 +rmax

0l T , where the maximum rates rmax
l0

and rmax
0l are functions of gains Ḡl0 = G0D

−α
l0 and Ḡ0l = G0R

−α
cell, respectively, with

Rcell being the cell radius.
We first consider the UEC case. D2D communication is energy-optimal when

ĒD2D
ll (T ) ≤ ECELL

ll (t?ul). Under the path loss model, the mode selection policy is
equivalent to the following condition on the distances between the transmitter, the
receiver, and the BS:

Dll ≤
(
ebl/WT − 1
ebl/Wt?ul − 1

· T
t?ul

)−1/α

︸ ︷︷ ︸
κ(D0l)

Dl0 = κ(D0l)Dl0. (4.19)

Here, κ(·) is a function of D0l, since D0l affects rmax
0l and thereby t?ul = T − bl/rmax

0l .
Thus, even though in the UEC case the energy cost for the DL transmission is
neglected, D0l still plays a role in the optimal mode selection.

To characterize the region where D2D mode is preferable, we fix the position
of Tx l (and therefore Dl0) and then move Rx l along a circle centered at the
BS, thus keeping D0l (and κ(D0l)) constant. According to (4.19), D2D mode is
energy-optimal when Rx l is located in the arc defined by the intersection of the
circle of radius D0l centered at the BS, and the disc of radius κ(D0l)Dl0 centered at
Tx l. The D2D-optimal area can be obtained by tracing out these arcs for different
distances D0l; as illustrated in Figure 4.6. The value of κ(D0l), and thus the D2D
optimal area, decreases as Rx-l gets closer to the BS. This is because the better DL
channel condition (due to the shorter distance) leads to a lower energy cost for the
DL transmission, with a consequent longer transmission period available for the UL
transmission.

Figure 4.7 illustrates the D2D-optimal area in dark gray and the D2D power-
feasible area in light gray, for two different locations of Tx l. Although (4.19) does
not formally define a disc around Tx l, the D2D-optimal area is close to circular.
This is because the power imbalance between the user equipment and the BS. For
the UEC case, the BS transmits at its maximum power, with Pmax

0 � Pl0, which
makes bl/rmax

0l very small, t?ul ≈ T and κ ≈ 1 practically independent of D0l.
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Tx l 
Rx l 

Rx l 

BS 

Figure 4.6: Dashdotted circles centered at the position of Tx l have radius κ(D0l)Dl0
from (4.19). They represent, for each of the two positions of Rx l, the area within which
D2D mode is more energy efficient than the cellular mode for the UE case.
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Figure 4.7: UEC case: Fixing the position of Tx l, the dark gray area represents the positions
of Rx l for which D2D mode is energy-optimal, while the light gray disk represents the
area within which Tx-l can satisfy the power feasibility in D2D mode.

Similar calculations and arguments can be made for the SEC case, in which the
condition on the direct distance for optimal D2D mode becomes a bit more involved:

Dll ≤

(
(ebl/WT − 1)T

(ebl/Wt?ul − 1)t?ulDα
l0 + (ebl/Wt?dl − 1)t?dlDα

0l

)−1/α

︸ ︷︷ ︸
κ(Dl0,D0l)

= κ(Dl0, D0l).

Figure 4.8 shows representative results for our simulation scenario. We observe
that the D2D-optimal area is no longer circular and that the D2D mode is preferable
in a large portion of the cell. In particular, we observe that the black arcs (D2D
optimality area) enlarge as the receiver moves away from the BS. The reason is as
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follows. When Rx l moves towards the cell-edge, the feasible set of Problem (4.7)
reduces, becoming a single point when the distance between the BS and Rx l
equals the cell radius. In general, we observed that there is a certain distance D0l
after which the optimal solution (t?ul, t?dl) to (4.7) remains unchanged. As a result,
after that point, the threshold on the direct distance Dll for D2D optimality starts
depending only on the parameter D0l. Since it increases with D0l, D2D mode results
more preferable for larger arcs.
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(a) Tx l is 250 m away from the BS

-500 0 500
-500

0

500

BS
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Figure 4.8: SEC case: Fixing the position of Tx l, the dark gray area represents the positions
of Rx l for which D2D mode is energy-optimal, while the light gray disk represents the
area within which Tx l can satisfy the power feasibility in D2D mode.

4.5.2 Multi link: energy savings and algorithms performance
In the multi-link case, the transmitters and receivers are randomly placed within
the cell. An example of network with 10 user pairs is given in Figure 4.9. We
assume the large-scale path loss model, and adopt the same parameter setup as in
Section 4.5.1 (cf. Table 4.2). For a given number of user pairs, we investigate 1000
random networks and present the averaged results.

Energy gain by enabling D2D communications in FO systems

To quantify the energy savings that can be obtained by allowing D2D communica-
tions, we compare the energy cost of the optimal FO-UEC solution (EModeSelection)
with the one where all pairs are forced to communicate in cellular mode (ECellular).
In particular, we define the percentage energy saving of a single user as [(ECellular −
EModeSelection)/ECellular]× 100%.

For each random network, we sort the links in order of increasing energy saving,
and then average over the 1000 values obtained from the different simulations.
Figure 4.10 shows the results for networks with 10 and 30 user pairs. When D2D
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Figure 4.9: Example of network topology with 10 user pairs. Transmitter and receiver
forming a pair are labeled with the same number. Squares indicate the transmitters.

communication is enabled, the average per-user energy saving is approximately 40%.
In particular, one third of the users have an energy saving larger than 60%, and
half of the transmitters achieve an energy saving larger than 20%. We highlight that
these gains are not only a consequence of the proximity of the users but also stem
from the more advantageous allocation of the full time-frame to the single-hop D2D
connections.

Performance evaluation of the B&B algorithm for RS-UEC

As discussed previously, the difficulty in solving (4.15) lies mainly in the possibly
large search space of integer feasible points.

In Table 4.3, we show the average number of mode selection vectors explored
by different strategies before reaching the optimal solution. We consider the B&B
algorithm described in Section 4.4.2, both with the proposed branching rule and
with a random selection of the branching variable. We compare these two approaches
to the naive exhaustive search, where infeasible solutions are eliminated using
Proposition 4.4.3. The results clearly show that the customized design of the
branching rules have a strong effect in reducing the search space.

Furthermore, we evaluate the runtime performance of the aforementioned two
B&B approaches and that of the proposed heuristic. Table 4.4 shows the averaged
results over 1000 independent simulations and for different network sizes. The B&B
algorithm with random branching rule requires an unacceptable runtime as the
number of links in the network increases, while our customized B&B finds the
optimal solution much faster. On the other hand, the heuristic algorithm, although
suboptimal and iterative, shows much more efficient and scalable runtime, which
makes it more suitable for practical implementation.
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(b) Networks with 30 user pairs

Figure 4.10: Per-user energy saving by enabling D2D communication in an FO system. In
each simulation, user pairs are sorted in increasing order of energy saving. The levels of
energy saving are the results averaged over 1000 independent simulations. The first user
pair in each x-axis is the one that will be assigned to cellular mode by the mode selection
algorithm, which explains the zero gain (ECellular = EModeSelection), while the last user
pair in each x-axis is the one with EModeSelection � ECellular, which leads to approximately
100% of energy gain.

Table 4.3: Average number of explored integer solutions.

Algorithm 10 pairs 15 pairs 20 pairs 30 pairs 40 pairs

Exhaustive search 472.975 7.46× 103 NA NA NA
B&B - Random branching 69.472 251.21 915.13 1.3× 104 NA
B&B - Proposed branching 25.57 54.72 120.15 579 3.08× 103

* NA (not available) denotes the case when the optimal solution was not found within 8
hours on a standard PC.

Table 4.4: Average runtime in seconds.

Algorithm 10 pairs 20 pairs 30 pairs 40 pairs

B&B - Random branching 0.0218 0.2442 3.6823 NA
B&B - Proposed branching 0.0103 0.0373 0.1639 0.8947
Heuristic algorithm 0.0024 0.0034 0.0043 0.0054

Performance evaluation of the heuristic algorithm for RS-UEC

We now present the performance of the proposed heuristic algorithm. The histograms
in Figure 4.11 show the additional energy cost of the heuristic relative to the optimal
solution computed using the B&B solver. For networks with 10 user pairs, the heuris-
tic is within 10% of the optimal solution for almost all network configurations (see
Figure 4.11(a)). For networks with 30 user pairs, the performance of the heuristic is
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slightly worse. This degradation is due to the larger degree of freedom in packing
D2D links on the same frequency channel. However, the solutions are still within
the 10% suboptimality for most configurations.

Figure 4.9 is an example of those few network configurations where the heuristic
performs much worse than the optimal algorithm (indicated with a circle in Fig-
ure 4.11). Under the FO scheme, both pair 9 and pair 4 in Figure 4.9 would be
assigned to D2D mode. When the heuristic algorithm initially attempts to assign
these links to the same channel, it encounters an infeasible configuration due to
the high interference that Rx 4 perceives from Tx 9. Therefore, only one of the two
pairs can be assigned to D2D mode. The optimal decision is to let pair 4 in D2D
mode, but the heuristic makes a wrong decision during the first iterations, when a
temporarily high interference from Rx 9 leads pair 4 to leave the shared channel
and switch to cellular mode.
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(b) Networks with 30 user pairs

Figure 4.11: RS-UEC: Histograms of the additional energy cost of the heuristic relative
to the optimal solution achieved with B&B. Circles indicate cases where the heuristic
performs much worse than the B&B (an example of such a case is given in Figure 4.9).

Energy and spectral efficiency

We conclude this section with a comparison between the different mode selection poli-
cies proposed in this chapter in terms of energy and spectral efficiency. Specifically, we
compare: i) the optimal solution for the FO-UEC scenario (FO-UEC); ii) the purely cel-
lular solution in which all users communicate in cellular mode (FO-Cellular Mode);
iii) the optimal solution for the RS-UEC scenario achieved via B&B (RS-UEC-B&B);
iv) the solution for the RS-UEC scenario achieved with the proposed heuristic
algorithm (RS-UEC-Heuristic).

Figure 4.12 shows the achieved performance with these four solutions for net-
works with 10 and 30 user pairs. As expected, FO-UEC provides the energy-optimal
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solution, with significant energy savings compared to FO-Cellular Mode using the
same number of frequency channels. On the other hand, RS-UEC-B&B yields a big
improvement in spectral efficiency, at the cost of a slight increase in energy consump-
tion because the D2D transmitters need to compensate for the interference. The
reason that the energy increase is so small is that the transmit powers assigned to
D2D pairs are generally small, partly because D2D pairs typically have high direct
gains (since the transmitter and receiver are in close physical proximity), and partly
because D2D connections can use the full frame duration, as follows from (4.4).
These results demonstrate that, for some user pairs, communicating in D2D mode
and interfering with each other is still more energy efficient than communicating in
cellular mode on an exclusive frequency channel.

Finally, we evaluate the performance of the heuristic method for different values
of the threshold θ. As expected, large values of θ decrease the number of channels
used, at the expense of a slightly increased energy consumption. For this reason, θ
is an important design parameter for finding a suitable trade-off between energy
consumption and channel use.
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Figure 4.12: Performance evaluation for different algorithms. Total energy consumption and
number of orthogonal frequency channels needed to accommodate all the communication
requests within the cell (both cellular and D2D users).

4.6 Summary

In this chapter, we studied the problem of energy efficient mode selection and
resource (power and time) allocation for network-assisted D2D communications
in dynamic TDD systems. We analyzed the problem under different assumptions.
Specifically, we considered two possible frequency channel allocations (with and
without interference among D2D pairs), and two different objectives to maximize
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(total user energy and total system energy). For each configuration, we derived the
optimal solution of the corresponding MINLP formulation. In particular, for the
interference-free case, we obtain the optimal solution in polynomial time. On the
other hand, when D2D pairs interfere with each other, finding the optimal solution
in an efficient manner in terms of execution time and cross-gains knowledge becomes
much harder. Therefore, a customized branch-and-bound solver was complemented
with a more practical low-complexity heuristic.

Through numerical simulations, we demonstrated that significant energy savings
can be achieved by exploiting the benefits brought both by the better channel
gain of D2D links and by the adaptive transmission time of the dynamic TDD
technology. Moreover, leveraging on the observation that large channel gain and
long transmission duration for D2D links lead to a low transmit power (and hence
low interference), we showed the potential of D2D communications to improve also
the spectrum efficiency over traditional cellular communications.

4.A The customized design of the B&B method

In the design of our B&B algorithm, we made the following choices:
1. Initial upper bound. By assumption, letting all pairs communicate in cellular

mode (i.e., ml = 0 ∀l) is always feasible. We therefore take the corresponding
energy cost as an initial upper bound on the optimal cost, computed by solving

minimize
tul∈[0,T ]

∑
l∈L

ECELL
ll (tul)

subject to max
l∈L
{ bl
rmax
l0
} ≤ tul ≤ min

l∈L
{T − bl

rmax
0l
},

(4.20)

where ECELL
ll (tul) is given by (4.6).

2. Branching rule. The branching rule selects the next variable to fix at each
node of the tree. The goal is to identify the branching variable that changes
the problem the most, either to quickly detect branches that can be cut, or to
significantly improve the current solution.
Our branching strategy is based on first solving the FO-UE problem described
in Section 4.3. The corresponding optimal mode selection vector mFO reveals
the set DmFO = {l | mFO

l = 1} of pairs that prefer to communicate in D2D
mode in an interference-free environment. For each link l ∈ DmFO , we define a
measure of its strength sl =

∑
i∈DmFO , i 6=lGli/Gll. This measure attempts to

account for both the interference that pair l produces on the shared frequency
resource and its own direct gain. The branching rule first selects variables in
DmFO in order of decreasing sl, and then considers the remaining variables in
an arbitrary order. This rule exploits that pairs that prefer to be in cellular
mode in FO are also likely to prefer cellular mode in RS. By fixing D2D
pairs with high interference strength first, we increase the likelihood of finding
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infeasible solutions quickly. Once an infeasible mode selection is found, we can
make use of Proposition 4.4.3 and discard all branches below the current node
in the search tree.

3. Tree exploration strategy. Once a branching variable ml has been selected by
the branching rule, the tree exploration strategy determines if the child node
to investigate next should be in cellular or D2D mode. We allocate users to
D2D mode first (i.e., setting ml = 1 first).

4. Upper and lower bounds. When we consider a node, we first verify if the set F
consists of a feasible mode selection vector in the sense of Proposition 4.4.1. If
not, then no bounds are computed and the node, as well as all branches below
it, can be disregarded by making use of Proposition 4.4.3. Otherwise, upper
and lower bounds are calculated. To compute an upper bound, we assign all
pairs in U to cellular mode and we solve the problem formulation in (4.20),
where L is replaced by the union of set U with the subset of F consisting of
the users already assigned to cellular mode. To determine a lower bound, we
compute the minimal energy cost of the unassigned pairs when they operate in
full orthogonality (i.e., we solve the FO-UE problem over only the unassigned
pairs. This is a lower bound because the computation is a relaxation of the
MINLP, where the UL times of fixed and unassigned pairs are allowed to
differ, and where the unassigned links that end up in D2D mode do not suffer
interference. Furthermore, we strengthen the lower bound by increasing the
noise power of pairs in U by the interference that the transmitters fixed to
D2D communication in F incur on them.
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Power control for D2D-enabled networks

In this chapter, we study several power allocation strategies for D2D-enabled
networks. In the first part, we evaluate the performance of the current LTE power
control when applied to a cellular network with underlay D2D communications. To
gain some insights into the applicability of the LTE scheme in future D2D networks,
we compare it to a utility-maximization approach. In the second part, we propose a
power allocation that limits the outage probability of D2D communications when in
Rician-fading environments. To overcome the complexity of the problem formulation,
we leverage the concept of conditional-value-at-risk, whose mathematical properties
allow us to obtain an efficient solution.

5.1 A comparative study of power control schemes

5.1.1 Motivation and contributions
When multiple communications coexist in the same spectrum, as they do in networks
with underlay D2D communications, they suffer from co-channel interference, which
can significantly impact the communication quality. A proper power allocation is
therefore needed to manage the interference, while making efficient use of the limited
battery capacity of the mobile devices.

As discussed in Chapter 2, there is extensive research on power control schemes
for D2D-enabled networks, aiming at optimizing different objectives, such as energy
efficiency [85, 121] and user throughput [58, 64].

In addition to proposing new power allocation approaches for different perfor-
mance objectives and system constraints, it is natural to investigate whether the
available LTE power control is sufficient for future D2D-enabled networks. In fact,
building on the already standardized and widely deployed LTE framework can
facilitate a smooth introduction of D2D-enabled mobile equipments and help devel-
oping inter-operable solutions between different devices and network equipments [23].
The goal of this section is to answer to the above question by analyzing, through
simulations, the performance of the LTE uplink power control when applied to a

59
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multi-cell system with underlay D2D communication.
The LTE power control scheme can be seen as a “toolkit” from which different

power control strategies can be selected, depending on the deployment scenario and
operator preference [122]. For our purposes, we consider the following four strategies:
i) fixed power; ii) fixed SNR target; iii) open-loop fraction power control; iv) and
closed-loop power control.

An investigation on LTE power control approaches applied to D2D-enabled
systems has been first proposed by the authors of [48]. We extend their study by
including in the comparison analysis a power allocation based on utility maximization.
Furthermore, as a tool to evaluate the performance of the different power control
schemes, we propose a simple mode selection and resource allocation procedure that
exploits the proximity between D2D candidates and limits the intra-cell interference.
Our main contributions are summarized as follows:

• we investigate the performance of different power control schemes that can be
obtained from the LTE “toolkit” when applied to a multi-cell network with
underlay D2D communications;

• we compare the existing LTE-based schemes to a utility-maximization approach
that balances spectral efficiency and power consumption;

• we quantify the performance of the different power allocations in a multi-cell
and multi-user networks, where resource allocation and mode selection are
also exercised by the network.

5.1.2 LTE uplink power control

The power control mechanism used in LTE systems employs a combination of open-
loop and closed-loop control to assign the uplink transmission power to the users.
The open-loop method sets a coarse operating point for the power level, which is
mainly based on the path-loss estimation of the link between the transmitter and the
receiver (i.e., the cellular user and the BS), and should be appropriate for a reference
modulation and coding scheme (MCS). Power adaptation can then be applied around
this operating point by means of the closed-loop control, which compensates for
long-term channel quality variations. In fact, because the uplink transmissions in
LTE systems are orthogonal within each cell, the interference management is not
a critical issue (ideally, only inter-cell interference occurs). For this reason, the
closed-loop control does not need to be activated frequently1. Fluctuations of the
channel gain due to fast fading, and variations of the interference level are instead
exploited/compensated by fast scheduling2 and link adaptation, rather than by
adjusting the transmission power.

Different combinations of the open-loop and closed-loop control mechanisms
provide different modes of operation of the LTE uplink power control, which can be

1The closed-loop in LTE is expected to operate at no more than a few hundred Hertz [75].
2In LTE, fast scheduling of different users is applied at 1 ms intervals [75].
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used depending on the operator preference [75, 122]. The general scheme used in
the LTE power control to set the transmission power Pi for a given cellular user i is

Pi = min
{
P − ρḠi︸ ︷︷ ︸

Operating point

+ ∆TF + φ
(
∆TPC

)︸ ︷︷ ︸
Dynamic offset

+ 10 log10M︸ ︷︷ ︸
BW factor

, Pmax
}

[dBm], (5.1)

where ρ ∈ [0, 1] is the path loss compensation factor, Ḡi is the path gain between
user i and the BS, M is the number of scheduled resource blocks (RBs) to the user,
and Pmax is the maximum power that can be transmitted by the mobile devices.

For the open-loop operating point, P is a base power level used to control the
SNR target γtgt. It is obtained as follows [123]

P = ρ(γtgt + PIN) + (1− ρ)(Pmax − 10 log10M),

where PIN is the estimated noise and interference power per RB.
The product ρḠi in (5.1) is the path loss compensation component. It represents

the degree to which the power compensates for the attenuation due to the path gain
Ḡi between the transmitter and receiver, on a scale from no compensation (ρ = 0) to
full compensation (ρ = 1). Full path loss compensation maximizes fairness for users
at the cell-edge. However, it increases the inter-cell interference, thus reducing the
system capacity. In practice, compensation factors around 0.7− 0.8 are used, giving
a good trade off between system capacity and cell-edge data rate. Furthermore, the
typical range of values for the base power P is [−126, 24] dBm per RB, while typical
values for γtgt are within the range [−5, 25] dB, as discussed in [75, 123].

For the dynamic offset, ∆TF
3 is the MCS-dependent component. It allows to

adjust the power according to the MCS, which, in turn, can be modified by the
BS depending on the instantaneous buffer status, the available power headroom
and the QoS requirements of the user. The φ

(
∆TPC

)
, on the other hand, represents

the explicit transmit power control (TPC) command from the network, which is
user-specific. It can indicate either a power adjustment relative to the previous
power level to fine-tune the transmission power, or a power offset to be applied not
to the previous power level, but to the open-loop operating point. Other possible
uses for the MCS-dependent component to dynamically adjust the transmission
power, and more details on the TPC commands can be found in [75].

LTE-based power control options for D2D communication
From the general LTE uplink power control mechanism, the following power alloca-
tion schemes can be obtained by changing the parameter setting in (5.1):

• Fixed transmission power: in this case, there is no actual power control
and the user power is set to a fixed value Pfix ≤ Pmax. For M = 1, this occurs
when choosing ρ = 0 and P = Pfix in the open-loop operating point.

3TF stands for ‘Transport Format’.
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• Fixed SNR target: this scheme fully utilizes the path loss compensation
capability by setting ρ = 1 and P = γtgt + PIN in the open-loop operating
point. The selection of the SNR target will affect the total transmission power
and the achievable SINR.

• Open loop with fractional path loss compensation (OFPC): this
scheme allows users to transmit with variable power levels, depending on
their path loss. In contrast to the previous schemes, the OFPC compensates
for a fraction of the path loss by setting ρ to a value within the range (0, 1).

• Closed loop: in this scheme, we consider the closed-loop mechanism with the
feedback term φ

(
∆TPC

)
in (5.1). This tuning step is used to compensate for

the difference between the measured SINR γ at the receiver and the desired
SNR target γtgt. As in [48], we compute the tuning step (in dB) as follows

φ
(
∆TPC

)
=
{
|γtgt − γ| /2 if |γtgt − γ| > 2

1 otherwise.

For users communicating in cellular mode with their respective serving BSs,
OFPC provides a well proven alternative, typically used in practice. It avoids the
complexity and overhead associated with the dynamic offset of the closed-loop
scheme, and, at the same time, it makes use of the fractional path loss compensation
to balance between overall spectral efficiency and cell-edge performance [122]. For
this reason, we assume that the OFPC scheme is the default power control for cellular
users, while for the D2D transmitters, we consider all the four alternatives described
above. We examine the performance of these four variations and benchmark them
against a utility-maximization approach applied to all transmitters (both cellular
and D2D). Figure 5.1 summarizes the different power control strategies evaluated in
this study.

-Open Loop
-Utility max. 

-Fixed Tx Power
-Fixed SNR Target
-Open Loop
-Closed Loop
-Utility max. 

Figure 5.1: Combinations of power control schemes investigated in this section. First, the
transmission power for the D2D users is obtained from the four strategies described in
Section 5.1.2, while using the standard LTE OFPC for the cellular transmitters. Second, for
benchmarking purposes, we consider the case when both D2D and cellular users transmit
with power levels that are the solution of a utility maximization problem.
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5.1.3 Power control based on utility maximization
In this section, we derive the utility-maximization power control that we use as a
benchmark for the LTE-based schemes. The considered optimization approach has
been introduced in [124], and further investigated in the field of flow control and
radio resource management in multi-hop wireless networks in [125, 126]. Without
compromising the mathematical soundness, we adopt the framework presented
in [126] and extend its application to cellular networks with underlay D2D com-
munications. In fact, this power control algorithm is appealing for our purposes
because it is distributed among the user pairs and does not require any coordination
or message flooding scheme between all the users and the BSs.

System model and problem statement

We consider a multi-cell network with underlay D2D communication. Hence, D2D
pairs communicate using the cellular uplink resources, such as the uplink physical
RBs in a cellular FDD system or the uplink time slots in a TDD system. We focus
only on the transmission power assignment, and assume that the communication
mode for each user pair has already been selected, and all links have been already
assigned to a specific RB for their communication.

All transmitter-receiver pairs (i.e., cellular users-BSs and D2D transmitters-
receivers) belong to the set L and are labeled with an index l = 1, . . . , L. The
transmitter and receiver of pair l are denoted as transmitter l and receiver l,
respectively. We indicate with Lf ⊂ L the set of pairs assigned to RB f , and with
Pl the transmission power used by the transmitter l towards its intended receiver.
Moreover, γl is the SINR measured at the receiver l, and cl is the capacity of the link
between transmitter l and receiver l. As discussed in Chapter 3, both the SINR and
the link capacity are functions of the power allocation vector [P]l , Pl

4. Specifically,
we recall that the SINR at receiver l is

γl(P) = GllPl
σ2 +

∑
m 6=l,m∈Lf GmlPm

,

and the capacity of the link between the transmitter and receiver of pair l is given
by cl = W log2(1 + γl(P)), where σ2 is the noise power, Gij is the channel gain
between transmitter i and receiver j, and Lf is the set of pairs assigned to RB f .

We denote by rl the end-to-end rate of the communication between transmitter
and receiver of pair l. Associated with each link l is a function ul(rl) representing
the utility of pair l at the communication rate rl. The utility function is assumed to
be increasing and strictly-concave. We let [r]l , rl and [c]l , cl denote the vectors
of assigned rates and link capacities, respectively. A feasible rate vector r must fulfill
the following constraints

r ≤ c, r ≥ 0,
4Because in our study we formulate the power control as a per-RB utility maximization problem,

we always assume P = [Pl, l ∈ Lf ], where f is the RB under consideration.
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where the inequalities are component-wise. It is convenient to look at r as the vector
of the target rates, while the capacity vector c depends on the powers assigned to
all transmitters sharing the same RB.

For each set of links sharing a given RB f , we formulate the problem of end-to-end
rate setting and power assignment as:

maximize
P,r

∑
l∈Lf

ul(rl)− ω
∑
l∈Lf

Pl

subject to rl ≤ cl(P), ∀l ∈ Lf ,
rl ≥ 0, Pl ≥ 0, ∀l ∈ Lf .

(5.2)

With Problem (5.2) we aim at maximizing the total utility, while taking into
account the transmission power consumption by means of parameter ω ≥ 0. Thus,
the goal is to boost the spectral efficiency while prolonging the lifetime of the devices.
The constraints set in (5.2) ensures that the achievable rates do not exceed the link
capacities, which, in turn, are optimized through the power allocation.

Solution based on problem convexification

Problem (5.2) is not convex because of the link capacities. To overcome this issue,
we appeal to the results presented in [124] and [126]. In doing so, we transform the
nonnegative optimization variables as rl ← er̃l and Pl ← eP̃l ∀l ∈ Lf , along with
a log-transformation of the capacity constraints. Thus, the original optimization
problem is converted into the following form5

maximize
r̃,P̃

∑
l ul(er̃l)− ω

∑
l eP̃l

subject to log(er̃l) ≤ log
(
cl(eP̃)

)
, ∀l ∈ Lf .

(5.3)

Theorem 5.1.1 ([124], Theorem 2). The transformed optimization problem (5.3)
is convex if the utility functions ul(·) are all (log, x)-concave over their domain.

To leverage the results of Theorem 5.1.1, we consider the function ul(x) = log(x).
We then separate Problem (5.3) into two subproblems, namely Problem-I and
Problem-II, that are solved recursively until convergence. In particular, the solution
to Problem-I gives the transmission rate of each pair, while the solution to Problem-
II provides the transmission power that users must use to achieve the transmission
rate. This separation of setting the rates target and the corresponding power levels
is detailed in the sequel.

A decomposition approach From (5.3), we formulate Problem-I as a rate as-
signment problem for a given power vector P̃:

5Following the analysis in [124], we keep the expression log(es̃l ) in (5.3) instead of s̃l.
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maximize
r̃

ν(r̃)

subject to r̃ ∈ R̃.
Problem-I

Here, R̃ = {r̃| log(er̃l) ≤ log(cl(eP̃))∀l ∈ Lf} represents the set of feasible rate
vectors that, for a given power assignment P̃, fulfill the constraints in (5.3). The
objective function in (Problem-I) is defined as ν(r̃) =

∑
l ul(er̃l)− ϕ(r̃), where ϕ(r̃)

is the minimum cost in terms of total transmission power for achieving a given
target rate r̃. Specifically, ϕ(r̃) = ω

∑
l eP̃

?
l (r̃), which is given by the solution P̃?(r̃)

to Problem-II formulated below, for a given r̃:

minimize
P̃

ω
∑
l∈Lf eP̃l

subject to log(er̃l) ≤ log
(
cl(eP̃)

)
, ∀l ∈ Lf .

Problem-II

Solving Problem-I. To solve Problem-I, we disregard the feasibility constraint
and we determine the optimal r̃? by means of gradient ascent iterations. As shown
in [127] (see Theorem 4.2.8), by starting with a feasible rate allocation and using
a step size ε small enough, the rate vector remains feasible and approaches to the
optimum. The gradient ascent iteration is as follows:

r̃
(k+1)
i = r̃

(k)
i + ε∇iν(r̃(k)) ∀i ∈ Lf ,

where
∇iν(r̃) = ∂

∂r̃i

[ ∑
l∈Lf

ul(er̃l)− ϕ(r̃)
]

= ui
′(er̃i)er̃i − ∂

∂r̃i
ϕ(r̃). (5.4)

To compute (5.4), we first need to find ϕ(r̃) by solving (Problem-II). We use a
Lagrangian decomposition approach. Let λ be the Lagrange multipliers for the
constraints in Problem-II and form the Lagrangian:

L(λ, P̃) = ω
∑
l∈Lf

eP̃l +
∑
l∈Lf

λl
[

log
(
er̃l
)
− log

(
cl(eP̃)

) ]
. (5.5)

Then, the dual problem is given by:

maximize
λ

g(λ) = minimize
P̃

L(λ, P̃)

subject to λ � 0.

Let us denote by (λ?, P̃?) the optimum solution to Problem-II. From (5.5) we have
ϕ(r̃) =

∑
l∈Lf

[
ωeP̃?l − λ?l log

(
cl(eP̃?)

)]
+
∑
l∈Lf λ

?
l log(er̃l) and ∂

∂r̃i
ϕ(r̃) = λ?i .

Therefore, recalling (5.4), for each pair i ∈ Lf we have:

∇iν(r̃) = ui
′(er̃i)er̃i − λ?i = er̃i

[
ui
′(er̃i)− λ?i

er̃i

]
= ri

[
ui
′(ri)−

λ?i
ri

]
,
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and the target-rate update ri(k+1) = er̃
(k+1)
i = ri

(k) exp
(
ε∇iν(r̃(k))

)
. Finally, com-

bining this result with (5.4), we obtain the rate setting rule

ri
(k+1) = ri

(k)e

(
ε ri

(k)
[
ui
′(ri(k))−

λ?
i

(ri
(k))

ri
(k)

])
. (5.6)

Equation (5.6) dictates an iterative mechanism for each transmitter i ∈ Lf .
Specifically, at any iteration (k+ 1), (5.6) determines the rate that must be targeted
during he power control described in the following paragraph.

Solving Problem-II. Given a r̃ ∈ R̃ in Problem-I, the constraints of Problem-II
ensure that the SINR of the links is not below a given target value, that is

log
(
er̃l
)
≤ log

(
cl(eP̃)

)
⇔ γl(P) ≥ γltgt(r̃l) ∀l ∈ Lf ,

where we set
γtgtl (r̃l) = 2 e(r̃l)

W − 1.

Thus, for a given r̃, Problem-II can be rewritten as

minimize
P̃

ω
∑
l eP̃l

subject to γl(eP̃) ≥ γtgtl (r̃l) , ∀l ∈ Lf ,
(5.7)

and solved with an iterative power control scheme as in [128]

Pl
(t+1) =

γtgtl (r̃l)
γl
(
P(t)

)Pl(t) ∀l ∈ Lf . (5.8)

Therefore, for a given γtgtl (r̃l), the power control iterative mechanism (5.8) sets the
transmit powers for each transmitter l at step (t+ 1), provided that the transmitter
knows the SINR γl

(
P(t)) measured at the receiver l in the previous step.

Determining the λ?i -s. We can now determine the λ?i corresponding to each
pair i, for the outer-loop update in (5.6). We do so by using the relationship between
the optimal power vector P? and the associated Lagrange multipliers λ?i -s. To this
end, we rewrite the constraints in (5.7), for all l ∈ Lf , as:

GllPl

σ2 +
∑

m∈Lf ,m 6=l
GlmPm

− γtgtl ≥ 0 ⇒ Pl − γtgtl

∑
m∈Lf ,m6=l

Glm
Gll

Pm −
γtgtl σ2

Gll
≥ 0.

Let H ∈ RL×L and η ∈ RL be defined as follows:

H = [hlm] =
{
−1 if l = m,

γtgtl
Glm
Gll

if l 6= m,
and η = [ηl] =

[
γtgt
l
σ2

Gll

]
.
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Using this notation, we can reformulate Problem (5.7) as the following linear
programming (LP) problem:

minimize
P

ω1TP

subject to HP � −η; P � 0,
(5.11)

with the corresponding dual problem

maximize
λ(LP)�0

ηTλ(LP)

subject to HTλ(LP) � −ω1,
(5.12)

whose constraint can be rewritten explicitly fro each pair l in Lf as

λ(LP)
l

ω
−
∑
k 6=l

Gkl
Gkk

γtgtk

λ(LP)
k

ω
≤ 1. (5.13)

Moreover, by defining

µl =
λ(LP)
l

ω

γtgtl σ2

Gll
=
λ(LP)
l

ω
ηl, (5.14)

we can interpret (5.13) as an SINR requirement for pair l in the form γccl (µ) =
µlGll

σ2+
∑
k 6=l

Gklµk
≤ γtgtl , and reformulate (5.12) as

maximize
µ�0

ω1Tµ

subject to γl
cc ≤ γltgt, ∀l,

and, similarly to (5.8), it can be solved with to the following iterative scheme:

µ
(t+1)
l =

γtgtl

γccl µ(t)µ
(t)
l ∀l. (5.15)

We can interpret (5.15) as a reverse-link power control problem that is solved by
means of signaling over the control channel between the receiver and the transmitter
of pair l. Specifically, the receiver l adapts its transmitting power µl according
to (5.15), while the transmitter l measures the experienced SINR γccl in the cor-
responding control channel. Once the iterations (5.15) converge to µ?, the dual
variables λ?(LP) can be retrieved from (5.14) as λ?(LP)

l = ωµ?l η
−1
l , for all l.

The original nonlinear power control problem in Problem-II and the corre-
sponding LP formulation (5.11) are equivalent in the sense that there exists the
following relation between their optimal solutions (P̃?,λ?) and (P?,λ?(LP)); see [126,
Theorem 5.1]:

P ?l = eP̃?l ∀l,
λ?l = log(1 + γtgtl ) 1+γtgt

l

γtgt
l

P ?l log(2)λ?(LP), ∀l ∈ Lf .
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Hence, once both P ?l and µ?l are obtained by the users of pair l using (5.8) and (5.15),
λ? can be computed as follows and used to update the rates in (5.6):

λ?l = log(1 + γtgtl )
1 + γtgtl

γtgtl

Pl
? log(2)ωµ?l

Gll

σ2γtgtl

, ∀l ∈ Lf .

To sum up, leveraging the results in [124] and [126], we can solve Problem (5.3)
by formulating two related subproblems: one in the users’ rate r̃ (Problem-I) and
one in the transmission powers P̃ (Problem-II). The solution γtgtl (r̃(k)

l ) to Problem-I
at iteration k serves as input to the iterative solution to Problem-II (referred to
as the inner-loop), that is executed until convergence to µ?l and P ?l . In turn, the
iterative solution to Problem-II (referred as the outer-loop) outputs λ?l , that is used
by a new instance of Problem-I at step k + 1. Figure 5.2 shows the machinery of
this distributed utility-maximization algorithm.

Mode selection and RB allocation: the MinInterf algorithm

In order to evaluate the performance of the power control schemes described in
previous sections, we consider a centralized procedure, herein called MinInterf,
that assigns the communication mode and the RBs to the transmitter-receiver pairs
in the system. The proposed approach is single-cell based, meaning that interference
coordination between neighboring cells is not considered. Moreover, it assumes the
full knowledge of the path loss measurements between all transmitters and receivers
within the cell. Although not particularly suitable for a real system, the MinInterf
scheme is intuitively attractive because assuming that the transmit powers are set,
it aims at minimizing the interference due to the cross-links, as discussed below.

The algorithm involves two steps. First, orthogonal resources are allocated to
cellular users employing legacy RB allocation schemes6. Second, for each D2D-
candidate pair l in the cell, MinInterf considers the following cases:

• Cellular mode or D2D mode with dedicated resource. If there is an orthogonal
resource left, it can be assigned to the D2D-candidate pairs so that the D2D
transmission does not affect other transmissions within the same cell. In this
case, the communication mode is simply selected as follows: if the direct link
gain between the two users is greater than the channel gain between the
transmitter and the BS, then the D2D mode is selected; otherwise the two
users communicate via the BS in cellular mode.

• D2D mode with resource reuse. When all the orthogonal resources in the cell
have been assigned, D2D pair l must communicate in underlay mode. To
reduce the consequent intra-cell interference, MinInterf computes, for each
RB f , the sum

S(f) =
∑
i∈Lf

Ḡfli + Ḡfil. (5.16)

6Because in this work we are disregarding frequency-selective fading, each user can randomly
be assigned to any available RB.
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Figure 5.2: Machinery of the distributed utility maximization algorithm. The algorithm is
executed by any transmitter-receiver pair in the network. At convergence, the outer-loop
provides the users transmit rate, while the inner-loop provides the transmission power.

S(f) is assumed to give an indication of the potential interference that assigning
RB f to D2D pair l might cause. The first term in the summation represents
the path gain between the D2D transmitter l and the receiver of the other
link(s) already assigned to RB f . Hence, it accounts for the interference
that the D2D pair produces transmitting on RB f . The second term in the
summation is the path gain between the transmitter(s) already using RB f
and the receiver of D2D pair l. Hence, it is related to the interference that the
D2D receiver will suffer due to the RB reuse.
D2D pair l is assigned to the RB corresponding to the minimum value of (5.16).

The performance of the mode selection and RB allocation achieved by MinInterf
is not optimal. Nevertheless, numerical results show that its interplay with the
iterative power control procedure leads to good performance in terms of spectral
and energy efficiency.

5.1.4 Numerical results
We consider a seven-cell network with two cellular users and four D2D-candidate pairs
randomly placed in each cell. The MinInterf algorithm assigns the communication
mode to each D2D-candidate pair as discussed in the previous section.

We assume four uplink RBs per cell and one RB to be assigned to each transmitter-
receiver pair. Therefore, given that all cellular transmissions must be orthogonal in
the cell, two of the four D2D-candidate pairs are forced to be in D2D mode and
share the RB either with other D2D pairs or with a cellular user.

We perform Monte Carlo simulations to build some statistics on the power
consumption and the achieved SINR by both cellular users and D2D pairs. For each
simulation, we analyze the performance achieved when assigning the transmission
powers either with the LTE-based strategies, or with the distributed optimization-
based approach. When using the LTE strategies, we consider the four schemes
described in Section 5.1.2 for the power assignment to the D2D pairs, assuming that
the powers assigned to the cellular users are always given by the OFPC scheme
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with ρ = 0.8. When considering the utility-based strategy, on the other hand,
all transmitters execute the distributed algorithm described in Subsection 5.1.3.
Moreover, to evaluate the effect of the parameter ω on the spectral and power
efficiency of the system, we consider both ω = 0.1 and ω = 10.

The main simulation parameters are given in Table 5.1.

Table 5.1: Simulation parameters.

Parameter Value Parameter Value

Channel model Micro urban [48] PIN -116 dBm/MHz
P (for γtgt = 12.5 dB) -78 dBm Pmax 24 dBm
Fixed SINR tgt for D2D 15 dB No. of outer-loop iterations 200
Fixed Tx Power for D2D -10 dBm No. of inner-loop iterations 10
Distance cellular user-BS 300± 50 m Distance D2D pairs 50± 25 m

Figure 5.3(a) shows the distribution of the transmission power levels of the
cellular users for the OFPC case and for the utility-based power control (in the
figures indicated as Utility max PC). When ω = 10, the utility-based approach
results in much lower power consumption, in contrast to the case when ω = 0.1,
in which the power consumption is much less penalized and the overall power
consumption increases. The power distribution for the LTE OFPC power control
lies between these two cases. These results show that by tuning ω, the utility-based
scheme can achieve the desired tradeoff between spectral and energy efficiency.

While the cellular users power consumption is only affected by the power control
algorithm applied to the cellular users (i.e., Utility max PC or LTE OFPC), the
achieved SINR depends also on the power level allocated to the D2D pairs because
of the resource reuse. However, Figure 5.3(b) indicates that the different power
control algorithms for D2D communications have similar impact on the cellular
layer. This can be explained by the short distance and consequent low power level
used by direct links. Having a small impact of the D2D layer on the cellular layer is
a key requirement in any system that allows licensed spectrum resources to be used
by D2D communications.

Figure 5.4 shows the distribution of the transmission power and SINR levels
of the D2D pairs. Again, when using the Utility max PC, the D2D transmission
powers and achieved SINR change depending on the selected ω. We can see that
different LTE based schemes lead to different performance, both in terms of power
consumption and achieved SINR. In Figure 5.4(a), for the very low power region
(< 0 dBm), the LTE-based schemes use less power than the utility-based schemes,
while for higher powers (> 5 dBm), the optimization-based scheme with ω = 10
uses less power than any of the LTE-based methods (with the exception of the fixed
transmission power case). From a practical point of view, the important region is
the one above 5 dBm, since users below this power level do not make good use
of their available power to achieve suitable SINR levels. For transmission power
levels above 10 dBm, the utility-based scheme with ω = 10 and the LTE OFPC
schemes perform similarly, while the Fixed SINR target and the Closed-loop scheme
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set higher transmission power levels. We remark here that the four LTE-based
power control schemes apply only to D2D users that are assigned to the D2D mode.
D2D-candidate users assigned to the cellular mode use the LTE OFPC scheme,
which explains, for example, the distribution curve for Fixed Tx power scheme in
Figure 5.4(a). We conclude that the utility-based PC has the potential of boosting
the achievable SINR more than the LTE-based schemes, at the cost of higher power
consumption (e.g., when setting ω = 0.1). On the other hand, for similar power
consumption (e.g., when setting ω = 10) the outcome of all algorithms is similar for
the cellular users, but still shows higher achievable SINR for the D2D pairs.
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Figure 5.3: Performance of cellular users.

−80 −60 −40 −20 0 20
0

0.2

0.4

0.6

0.8

1

POWER D2D [dBm]

C
D

F

Utility max PC, ω=0.1 
Utility max PC, ω=10 
Fixed Tx power
Fixed SNR target 
Open loop 
Closed loop

(a) Transmit power distribution

−60 −40 −20 0 20 40
0

0.2

0.4

0.6

0.8

1

SINR D2D [dB]

C
D

F

Utility max PC, ω=0.1 
Utility max PC, ω=10 
Fixed Tx power
Fixed SNR target 
Open loop 
Closed loop

(b) SINR distribution

Figure 5.4: Performance of D2D users.
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Figure 5.5: Scatter plots of the used power and the resulting SINR when using different
power allocation algorithms.

Finally, the scatter plots in Figure 5.5 show the relation between the power levels
and the resulting SINR values for all the power allocation schemes under study. In
Figure 5.5(a) we can see that the utility-based scheme with ω = 10 uses lower power
levels than the other schemes to achieve similar SINR values. In other words, the
utility-maximization approach makes a better use of the available power.

In Figure 5.5(b), we observe that the utility-maximization scheme tends to
allocate higher power levels to the users with lower SINR, aiming at compensating
for their poor channel condition. Furthermore, we note an unfair behavior of the
Fixed Tx power approach, as opposed to the behavior of the LTE OFPC schemes
that let the users achieve a more equalized SINR. This is an important aspect for
D2D networks, where the SINR dynamics can be large and would render fix SINR
target scheme inappropriate.

5.2 Power control in Rayleigh-Rician fading environments

5.2.1 Motivation and contributions

Most of the power control schemes in the literature, whether for traditional cellular
networks or D2D-enabled networks, are based on the assumption of perfectly known
CSI of all links, and that the channel gains remain stationary between the power
allocation updates [83, 120, 129]. However, wireless channels gains can change
quickly and randomly because of the fast fading. On the one hand, considering a fast
power control that adapts to all channel variations can be impractical and costly
because of the increased signaling overhead (needed to collect all instantaneous CSI
and reassign the powers), and the resulting use of valuable bandwidth and power
resources. On the other hand, neglecting the channel variations due to fast fading
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can lead to situations in which the assigned powers become inadequate and give
unsatisfactory communications quality.

The common way to deal with the random variations of the channels is to
consider constraints on the outage probability of the users. Many works in the
literature focus on analyzing and computing the outage probability in Rayleigh
fading environments [67, 130–133]. In particular, the authors of [130] show that the
problem of minimizing the total power consumption subject to outage probability
constraints in the interference-limited case can be posed as a geometric program.

Modeling the communication links with Rayleigh fading is reasonable when the
line-of-sight (LoS) components of the signals are negligible. However, in most of the
D2D scenarios, the short distance between the transmitters and the receivers is likely
to cause a prominent LoS component. This makes the Rician a more appropriate
fading model than the Rayleigh. Analysis of the performance of D2D communication
in Rician fading environment can be found in [134–137]. Using stochastic geometry,
the above literature derives analytical results for the outage probability and for the
average achievable throughput. However, those performance metrics are analyzed
for a given power allocation.

To the best of our knowledge, there is a lack in the literature of optimized
power allocations that account for the channel uncertainty due to Rician fading.
This is mainly due to the rather complex form of the Rician distribution, which
gives outage probability expressions that are difficult to include in an efficiently
solvable optimization formulation. To overcome this issue, we propose an approach
based on the connection between the risk-theoretical concept of uncertainty and
the uncertainty that exists in wireless communication. Our main contributions are
summarized as follows:

• we propose a power control scheme for D2D communications with bounds on
the risk of outage in noisy Rician-Rayleigh fading environments;

• we discuss how the notion of coherent measure of risk [138] from risk theory
can be used to derive a convex robust power control formulation that can be
efficiently solved;

• through simulation results we show the benefit, in terms of reduced outage
probability, of the proposed power allocation compared to a deterministic
power control that does not account for the random channel variations.

Finally, we believe that the novel approach we propose in this work may open
up for more applications of tools from risk theory to telecommunication problems.
One example is given in Chapter 7 of this thesis.

5.2.2 System model and problem statement
We consider a cellular network with overlay D2D communications, in which communi-
cation modes and frequency channels have been already assigned to the transmitters.
In this formulation, the D2D links have a dedicated spectrum and do not interfere
with the traditional cellular users. However, to increase the spectral efficiency, the
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D2D communications are assigned to the same frequency channels and thus interfere
with each other.

Without loss of generality, we focus on a set of N D2D links using a certain
channel. We refer to the two users forming the ith D2D link (with i= 1, . . . , N)
as transmitter i and receiver i, respectively. We indicate with Pi the transmission
power of transmitter i. Transmission power cannot exceed the maximum level Pmax.

Because of power attenuation, typical of wireless networks, the power received at
any receiver j from transmitter i is given by PiGij , where Gij is the channel gain of
the radio link between the two users. All receivers are affected by noise, which we
model as Gaussian white noise with power σ2.

We indicate with P the N × 1 vector of transmission powers, and with G the
N ×N gain matrix: [P]i , Pi, [G]i,j , Gij . The SINR at receiver i is given by

γi(P,G) = PiGii∑
j 6=i PjGji + σ2 .

Finally, we assume that the QoS requirement of link i is met when the SINR is
not smaller than a given threshold γtgt. In other words, we consider the link i to be
in outage when γi(P,G) < γtgt. For the sake of readability, in the sequel we omit
the dependence of γi on (P,G).

Channel model. The power received at receiver j from transmitter i can be ex-
pressed as PiGij = PiḠijFij , where the term Ḡij represents the distance-dependent
power attenuation (slow fading), and Fij models the fast fading of the radio channel.
We consider the standard path-loss model Ḡij = D−αij , where Dij is the distance
between transmitter i and receiver j, and α > 0 is the path-loss exponent. The term
Fij is a random variable whose distribution depends on whether or not there is a
LoS component between the transmitter i and the receiver j.

Given that the users forming a D2D link are usually physically close to each
other, we assume that their communication link is dominated by the LoS component.
Therefore, we model the direct D2D links as Rician fading channels, which means
that Fii is a random variable with non-central χ2 distribution with expectation Ω.
The probability density function of Fii is given by [89]:

fFii(x) = K+1
Ω exp

(
−K − (K+1)x

Ω

)
I0

(√
4K(K+1)x

Ω

)
, (5.17)

where K is the Rician K-factor, representing the ratio of the power of the LoS
component to the power of the scattered components, while I0(·) is the zeroth order
modified Bessel function of the first kind. Note that the stronger the LOS path
component, the larger the Rician K-factor.

On the other hand, we assume that the signals coming from the interfering links
do not have a strong LoS component and, similarly to [135, 136], we model the
cross links as Rayleigh fading channels. Hence, the random variables Fji for j 6= i



5.2. Power control in Rayleigh-Rician fading environments 75

are exponentially distributed with mean λ:

fFji(x) = 1
λ

e−x/λ.

The considered Rician-Rayleigh fading model might not be accurate when,
for example, there is a LoS also between the interfering users, although a proper
frequency channel assignment should avoid such scenarios to reduce the mutual
interference. Nevertheless, the solution approach developed in this work would
apply equally well to other models of the fading environment as, for example, the
Rician-Rician environment.

Problem formulation. We consider the problem of minimizing the total trans-
mission power subject to SINR constraints and power bounds. This optimization
problem can be formally expressed as

minimize
P

N∑
i=1

Pi (5.18)

subject to γi ≥ γtgt, i = 1, . . . , N,
0 ≤ Pi ≤ Pmax, i = 1, . . . , N.

By defining the matrix H with entries hij = γtgtGji/Gii if j 6= i, and zero
otherwise, and the vector η with entries ηi = γtgt σ2

Gii
, the SINR constraints in (5.18)

can be rewritten as (I−H)P ≥ η, where I is the N -dimensioned identity matrix,
and the inequalities are component-wise.

For a given matrix gain G, the above well-known linear programming problem
can be solved efficiently, both in centralized and in distributed manners, if the feasible
set is non-empty (see, for example, [120]). A necessary and sufficient condition for
the existence of a feasible solution to (5.18) is related to the largest real eigenvalue
of H [118, Ch. 2] and, thus, to the gain matrix G. Therefore, if the channel gains
change, the power allocation might not only cease to be optimal, but it may also
become infeasible. For this reason, the power control formulation in (5.18) is useful
under the assumption of stationary (or with very slow fading) communication
channels. Unfortunately, this assumption is not always reasonable in practice, as
the channel gains may change rapidly.

In LTE systems, the fast variation of the channel gains is compensated by fast
scheduling rather than fast power control. When D2D communications are integrated
into cellular networks, it is preferable to avoid frequent resource reassignments (be
it power or frequency channel) even more than in the traditional cellular networks.
This is mainly because D2D-enabled networks require, in general, a higher signaling
overhead to obtain the CSI of both the direct and the interfering links. This is even
worse when the resource assignments are centralized at the base station, in which
case feedback information is also necessary. Therefore, for D2D communications,
a slow power control that is robust to fast fading variations can be beneficial to
reduce both power and scheduling updates.



76 Power control for D2D-enabled networks

5.2.3 Robust power control
Traditional chance-constrained approach. A common approach to account
for the uncertainty of channel gains is to replace the SINR constraints with QoS
requirements expressed in terms of a maximum outage probability. Specifically, the
outage probability constraint of link i is defined as the chance constraint

Prob(γi ≤ γtgt) ≤ 1− ρ, (5.19)

where ρ is the minimum required probability of successful communication.
The power control problem in (5.18), with the SINR constraint replaced by (5.19),

has been studied for the Rayleigh fading environment and efficient solutions have
been proposed [130, 133]. The advantage of assuming only Rayleigh fading is that it
leads to mathematically tractable closed-form expressions of the outage probability.
When considering Rician fading, the computation of the outage probability becomes
much harder because of the integration of (5.17). Even when a closed-form expression
can be derived (see, for example, [135]), it does not lead to a convex formulation of
the optimization problem. Nevertheless, we notice that constraint (5.19) resembles
the value-at-risk constraint used in the field of finance. This observation opens up
for a study of the power control problem from a risk theoretical perspective.

A risk-theoretical approach

The objective in risk theory is to make a decision while minimizing the risk of loss.
In our case, we aim at assigning the transmission powers while reducing the risk of
having users in outage. We leverage the results in the literature of risk theory to
obtain a robust and treatable approach.

Preliminaries on risk theory. To define the concept of risk, we consider a
function Γ(P,G). This function quantifies the loss we occur in when we assign
power P to a scenario with gain matrix G. Given that we consider G as a random
variable, Γ(P,G) is also a random variable for fixed P. The objective of risk theory
is to condense the variations of this loss, due to G, into a number. This is done
by means of a measure function R(·), which must satisfy certain properties to give
significant information about the risk of loss associated with the choice P. In the
literature on risk theory, these functions are called coherent measures of risk [139]:

Definition 5.2.1. [139] A function R(·) is a coherent measure of risk if
1. R(K) = K, for all constant K;
2. For any two square integrable Γ1 and Γ2 and any λ ∈ (0, 1),

R
(
(1− λ)Γ1 + λΓ2

)
≤ (1− λ)R(Γ1) + λR(Γ2) ;

3. R(Γ1) ≤ R(Γ2) when Γ1 ≤ Γ2;
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4. R(Γ) ≤ 0 when ‖Γk − Γ‖2 → 0 with R(Γk) ≤ 0 for all k;
5. R(λΓ) = λR(Γ) for λ > 0.

Two common measures of risk are the value-at-risk (VaR) and the conditional-
value-at-risk (CVaR). For a given ρ∈(0, 1), the ρ-VaR and ρ-CVaR are defined as

ρ-VaR(Γ) , min {γ ∈ R : Prob{Γ ≤ γ} ≥ ρ} , (5.20)

ρ-CVaR(Γ) , 1
1− ρ

∫ 1

ρ

β-VaR(Γ)dβ . (5.21)

Intuitively speaking, ρ-VaR(Γ) is the ρ-quantile of the random variable Γ, while
ρ-CVaR is the expected value of Γ conditioned on the 1− ρ tail of its distribution.

From (5.20) and (5.21), we note that ρ-CVaR accounts more properly for the
lack of knowledge on Γ than ρ-VaR, since ρ-CVaR is affected by the shape of
the distribution over the whole 1 − ρ tail. Moreover, unlike ρ-VaR, ρ-CVaR is a
coherent measure of risk [139] and, thus, it fulfills the convexity property (2.) in
Definition 5.2.1. This is a key characteristic of ρ-CVaR for our purposes. In addition,
from the definitions in (5.20) and (5.21), it is easy to verify that

ρ-VaR(Γ) ≤ ρ-CVaR(Γ). (5.22)

All these properties make the ρ-CVaR a suitable candidate for defining a robust
power allocation that accounts for the lack of knowledge on the channel gains.

CVarR-constrained power control. To apply the concepts of VaR and CVaR
to the power control formulation in (5.18), we define for each link i the loss function

Γi(P,G) =
∑
j 6=i

Pjhij − Pi + ηi.

If, for a given power assignment and channels condition, Γi(P,G) < 0, then the
SINR constraint for link i is fulfilled. For a given power allocation P, the function
Γi(P,G) is a random variable with a distribution induced by the random vector G.
Following the idea of the chance constraint (5.19), we want to avoid positive losses
(i.e., situations of outage) for each D2D link i at least with probability ρ. In terms
of ρ-VaR, we express this constraint as ρ-VaRi(P) ≤ 0, that is:

min{γ ∈ R : FΓi(P, γ) ≥ ρ} ≤ 0, (5.23)

where FΓi(P, γ) is the cumulative distribution function of Γi(P,G), for a given P.
Replacing the SINR constraints in (5.18) with (5.23) leads to an intractable formu-
lation as for the chance constraint (5.19). We therefore turn our attention to the
CVaR, to leverage its superior mathematical properties.

Considering CVaR constraints in place of VaR constraints gives a more conser-
vative solution as shown in (5.22). This can be beneficial for applications such as
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vehicular-to-vehicular communication [140], for which the communication reliability
might have much higher priority than the power consumption. However, the most
significant advantage of using CVaR in our power control formulation is that it leads
to a convex constraint on the risk of outage.

To compute the CVaR with its definition (5.21), we need to integrate FΓi(F, γ).
This integration is difficult (if not infeasible) in the case at hand. However, we
can replace the CVaR constraints ρ-CVaRi(P) ≤ 0, for each link i, with a simpler
expression using the following auxiliary function

ξ(i)
ρ (P, C) = C + (1− ρ)−1E [max{0,Γi(P,G)− C}] , (5.24)

where C is a real number and E[·] is the expected value. The useful relations between
ξ

(i)
ρ (P, C) and ρ-CVaRi have been studied and presented in [138]. We summarize
them in the following theorem7:

Theorem 5.2.2 ([138], pp. 24–26). The function ξ(i)
ρ (P, C) is convex and contin-

uously differentiable in C. Furthermore, provided that Γi(P,G) is convex in P,
ξ

(i)
ρ (P, C) is convex with respect to (P, C) and the ρ-CVaRi(P) is convex in P.
Moreover, ρ-CVaRi(P) = minC∈R ξ(i)

ρ (P, C).

Using the above results, the robust power control problem for D2D communication
under Rician-Rayleigh fading can be formulated as follows:

minimize
{Pi},{Ci}

N∑
i=1

Pi (5.25)

subject to ξ(i)
ρ (P, Ci) ≤ 0, i = 1, . . . , N,

0 ≤ Pi ≤ Pmax, i = 1, . . . , N.

The importance of Theorem 5.2.2 is that function ξ(i)
ρ (P, Ci) is not only convex

in (P, Ci), and therefore preserves the convexity of the original problem formulation,
but it is also easy to approximate numerically. In fact, drawing a large number Ns
of samples from the distribution fG(G), we can approximate the expected value
in (5.24) by

E [max{0,Γi(P,G)− C}] ≈ 1
Ns

Ns∑
s=1

max{0,Γi (P,Gs)− C}, (5.26)

where Gs is the s-th sample of the random vector G. The sum in (5.26) is an unbiased
estimator of the expected value and its standard error is inversely proportional to√
Ns; see [141, Ch. 11].

7We have adapted the results in [138] to the notation used in this work.
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Finally, using (5.26) and defining a =
[
(1− ρ)Ns

]−1, we can rewrite (5.25) as
the following linear programming problem:

minimize
{Pi},{Ci},{βsi }

N∑
i=1

Pi (5.27)

subject to Ci + a

Ns∑
s=1

βsi ≤ 0, i = 1, . . . , N,

βsi ≥ Γi (P,Gs)− Ci,
{
s = 1, . . . , Ns
i = 1, . . . , N ,

βsi ≥ 0, s = 1, . . . , Ns, i = 1, . . . , N,
0 ≤ Pi ≤ Pmax, i = 1, . . . , N.

We assume that the base station solves (5.27) and then feeds back the optimal
power levels to the D2D transmitters. Although the base station must gather
information about the channel condition of all links, it only needs the quasi-stationary
channel gains Ḡij , which can be updated on a larger time scale than the fast fading
time scale. This means that by solving (5.27) we are able to both take into account
the fast variations of the channels and avoid frequent and costly updates of the
instantaneous CSI. It is also worth mentioning that in contrast to the approaches
in [130, 134, 135], our scheme allows to account for the effect of additive noise at
the receiver without any additional computational cost.

Finally, we would like to remark that while Problem (5.18) can be infeasible
depending on the gain matrix G, the feasibility of Problem (5.27) depends on both
the average channel gains and on the selected parameter ρ. Intuitively, for scenarios
with very low direct gains and large cross-gains (that is, poor average SINRs) it
might be impossible to ensure a large success probability to all links. This issue
can be tackled by reducing the confidence level ρ, or by using an admission control
scheme that shuts off the links for which to the CVaR constraints cannot be fulfilled.

5.2.4 Numerical results

To evaluate the performance of the proposed power control, we consider a set of
D2D links randomly placed in a square area and assigned to the same frequency
channel. The default parameters used in our simulations are listed in Table 5.2.

First, we discuss how the advantages of the proposed robust power allocation
depends on the network topology and system parameters. Our simulations show
that in some favorable cases it might be unnecessary to account for the channel
variation due to fast fading because the solutions of (5.18) and (5.27) coincide.
These cases mainly occur for low SINR target values (up to 0 dB) and short D2D-
link distances (up to 50 m). Although this parameter setup has been considered in
related works (e.g., [134, 135]), our simulation study evaluates also less advantageous
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Table 5.2: Simulation parameters.

Parameter Value

Allowed distance range for D2D links [50, 150] m
No. of D2D links 6 and 10
SIR target [−6, 9] dB
Path loss coefficient 4
Rician K-factor 2 dB
Noise power level 1 pW
Max transmission power 250 mW
No. of Monte Carlo runs to compute Eq. (5.26) 10000
No. of Monte Carlo runs to evaluate the performance 50000

scenarios, in which the distances of D2D links can vary up to 150 m and the SINR
target exceeds 0 dB.
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Figure 5.6: (a) Example of a 6 D2D links sharing the same frequency channel. (b) Per-user
CDF of the achievable SINR with the transmission powers assigned with the deterministic
power control (solid curves) and with the proposed robust power control (dashed curves).
The vertical line indicates the SINR target.

Figure 5.6(b) compares the performance of the solutions of Problem (5.18) and
Problem (5.27). Specifically, it shows the cumulative distribution function (CDF) of
the SINR of 6 D2D links, assigned to the same channel and placed in the network as
shown in Figure 5.6(a). The solid curves in Figure 5.6b represent the CDF of each
user when using the optimal power allocation from (5.18), while the dashed curves
are obtained by the proposed robust power allocation. We can see that D2D link 6
is particularly affected by the fast fading. This is not only because of variations
of its direct-link gain, but also due to the random variations of the (strong) cross
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links between transmitters 1 and 5 and receiver 6. Under the deterministic power
control allocation, the outage probability of user 6 is above 20%, while the robust
power allocation shifts her CDF towards higher SINRs and guarantees an outage
probability of 7%. Another interesting result shown in Figure 5.6(b) is that the
robust power control allocation shifts the CDFs of the links with higher outage
probability towards higher SINRs, and the CDFs of the D2D links that are always
experiencing high SINRS towards smaller values.

As discussed in Subsection 5.2.3, the feasibility of the robust power control
optimization depends both on the selection of the success parameter ρ and on the
network topology. In particular, if in a given network there are some weak D2D links
(weak because they either perceive high interference or they have small direct-link
gain), it might not be possible to ensure every desired probability of outage. In fact,
those weak links might make the feasible set of Problem (5.25) empty because their
ρ-CVaR is alway positive. In Figure 5.7 we show how the maximum ρ for which
Problem (5.25) is feasible depends on the SINR target and the Rician K-factor. We
consider a set of 10 D2D links sharing the same channel. As expected, the minimum
success probability that the robust power allocation problem can ensure decreases
with the SINR target. Moreover, the maximum ρ increases with the Rician K-factor
because larger values of K correspond to stronger LoS components. In Figure 5.7,
K = −∞ dB corresponds to the case where the Rician distribution degenerates to
a Rayleigh distribution, that is, where there is no LoS between transmitters and
receivers [89]. In the considered network topology, assuming K = −∞ dB and SINR
target larger than 5 dB, makes Problem (5.25) infeasible (we consider infeasible all
cases when the optimal ρ is smaller than the chosen tolerance value 0.01).
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Figure 5.7: Maximum feasible ρ for different values of the SINR target and different Rician
K-factors. The results are related to 10 D2D links sharing the same channel.
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5.3 Summary

In the first part of this chapter, we presented a simulation-based comparison study
of five power allocation approaches for D2D-enabled networks. We considered a
distributed power control resulting from a utility-maximization solution, and we
used it as a benchmark for the more practical power control schemes based on the
current LTE mechanism. Numerical results showed that the performance of LTE
power control gets close to the utility-based scheme (with the proper selection of
ω). On the other hand, there is an improvement of the achievable SINR for the
D2D users when using the utility-based approach. Therefore, we conclude that
flexible LTE power control mechanism is well prepared for the introduction of
D2D communications, although the utility-based scheme showed the possibility of
performance improvement for the D2D pairs.

In the second part of this chapter, we proposed a robust power allocation scheme
for overlay D2D communication under Rician-Rayleigh fading channels. The op-
timal power allocation minimizes the total power consumption while ensuring a
minimum success probability to each D2D link. To overcome the complexity of
the outage probability constraints under Rician fading, we applied the concept of
coherent-measure-of-risk, thus obtaining a convex and efficiently solvable optimiza-
tion formulation. The performance of the proposed scheme has been compared to
the one of the deterministic power allocation that does not account for fast fading,
showing a reduced outage probability of the links. Simulations also showed that
the feasibility of the robust power allocation depends on the network topology and
parameter set up.
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Distributed channel allocation in multi-cell
networks with D2D communications

In this chapter, we address the channel allocation problem for a multi-cell OFDMA
system with underlay D2D communications. Our goal is to maximize the total
transmission rate, taking advantage of the channel diversity and properly managing
both the inter- and the intra-cell interference. We model the challenging nonconvex
combinatorial problem as a potential game, and we propose a distributed solution
based on a combination of better-response dynamic and message passing scheme.

6.1 Motivation and contributions

Considering spectrum reuse from an optimization perspective usually leads to
nonconvex and mixed-integer formulations, whose optimal solutions are in general
hard to find. To reduce the problem complexity, several works limit the theoretical
analysis to a single-cell scenario, neglecting that the interference from other cell can
jeopardize the performance, especially for users close to cell edges [142].

The more realistic multi-cell network has received less attention in the literature,
and the existing works on channel allocation problems mainly provide suboptimal
solutions and/or accept some impractical assumptions. The authors of [73] propose a
centralized frequency channel allocation that minimizes the total power consumption.
However, because the solution is computationally demanding and not implementable
in a real system, they complement the centralized method with a suboptimal
scheme based on per-cell allocations. The authors of [143] consider proportional
fair scheduling for the multi-cell downlink transmissions with D2D communications.
As for the previous reference, the biggest limitation of this optimal scheduling is
its computational complexity for systems with large number of users and channels.
Hence, the authors solve the assignment problem with a heuristic approach based
on the Hungarian algorithm. A fractional frequency reuse approach is instead used
in [144, 145], where users are assigned to the frequency channels depending on their

83
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locations within the cell area.
In a different line of work, the authors of [80] address the resource allocation

problem for multi-cell D2D networks with a game theoretic approach, in which the
BSs are modeled as players, and each BS can charge the D2D users for reusing the
cellular resources. However, this work is based on a simplified model where there is a
single D2D pair in the network and only one cellular user per cell. Furthermore, the
CSI of all involved links is assumed to be available to the BSs. The authors of [81]
propose a double-sided bandwidth auction game, in which the D2D transmitters
bids a demand price-bandwidth curve, and different service providers respond with
a supply price-bandwidth curve. All auction activities are centralized at the BS.
A different game model based on the concept of coalition formation, is instead
proposed in [146]. The D2D pairs using the spectrum of the same operator are
regarded as coalitions, and each member of a coalition can either share the spectrum
with the existing cellular subscribers or other D2D links, or use it exclusively.

Apart from [146], other examples of distributed resource allocation algorithms
for D2D networks can be found in [147–151], where the decisions are made by the
mobile users autonomously. Distributed approaches are particularly suitable for
future networks, where the number of users is foreseen to grow massively, and both
the signaling overhead and the lack of scalability of centralized approaches can
become an issue.

In this work, we follow this interest in distributed schemes to design a channel
allocation algorithm for D2D-enabled multi-cell networks. We model the challenging
nonconvex combinatorial problem of maximizing the system rate as a potential
game [152], whose Nash equilibria correspond to local optima of the objective
function. To converge to an equilibrium, we propose a better-response dynamic
implemented with a message passing (MP) scheme. The advantages of MP algo-
rithms for solving resource allocation problems have been already recognized in the
literature [153, 154]. However, there are very few works that use MP schemes in
the context of D2D-enabled networks. Examples are [155] and [156], in which the
authors mainly focus on cooperative aspects of D2D communication in single-cell
scenarios.

The main contributions of this work are as follows.
• We model and analyze the performance of a multi-cell network with multiple

D2D pairs. This is a much more general system than the one assumed in
most related works, with a single-cell and/or a single D2D pair. Moreover,
differently from, for example, the work in [65, 85, 143, 146, 157], we let each
cellular user share the assigned channels with multiple D2D pairs, as long as
the overall utility is improved.

• We leverage the theory of potential games to address the challenging sum
rate problem by iteratively solving much simpler subproblems. Doing so, we
guarantee convergence to Nash equilibria of the game, which correspond to
local optima of the utility function.

• To reach the equilibria, we propose a better-response dynamic in which the
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strategies are updated via low-complexity MP algorithm. Moreover, to reduce
the run-time of the solution, we study the performance of the MP scheme
with limited number of message exchanges.

• We study the possible implementation of the algorithm in an LTE-like system,
proposing ways to reduce the overall signaling and needed CSIs;

• We benchmark the performance of the proposed algorithms with a customized
branch-and-bound solver that finds the global optimum more efficiently than
the naive exhaustive search.

6.2 System model and problem statement

We consider uplink transmissions of a multi-cell OFDMA system, where D2D
communications are enabled on the cellular spectrum. We assume that the decision
on whether a transmitter-receiver pair should communicate in cellular mode or in
D2D mode has already been made, and D2D links operate in underlay mode to
increase the spectral efficiency of the system.

The network is populated by a set B of BSs, each serving the mobile users within
its own cell area. The set of D2D receivers, denoted by D, can be seen as a set of
virtual base stations, each serving a single user. We introduce the notation K = B∪D
for the set of all receivers in the system. For each receiver k ∈ K, we let Ck be the
set of users served by k. Thus, Ck is a singleton if k ∈ D, while it may represent
multiple users if k ∈ B.

The system has a set F of F orthogonal time-frequency physical resource blocks
(RBs), and each BS is responsible for assigning those RBs to the cellular users
within its coverage. Channel conditions vary across both RBs and users; that is,
we assume both multi-user and multi-channel diversity. Similarly to the channel
allocation policy of legacy LTE systems, the uplink communications are assigned
to orthogonal channels, meaning that there is no intra-cell interference between
the cellular users (orthogonality constraint). However, we need to account for the
inter-cell interference due to the frequency reuse among the cells, and for both intra-
and inter-cell interference at the BSs and at the D2D receivers due to underlay D2D
communications.

Let Gfn,k denote the channel gain between transmitter n and receiver k on RB f ,
and let P fn be the transmission power used by transmitter n on RB f . In our model,
the power levels are computed using the LTE uplink Open-Loop with Fractional
Path Loss Compensation (OFPC) [75], and they are updated on a slower time-scale
than the RB assignment. We indicate with Xk the RB assignment to all users
transmitting to receiver k ∈ K. Specifically, Xk is a matrix |Ck| × F whose nth row
represents the user n ∈ Ck and fth column represents the RB f ∈ F . We label each
element of Xk with xfn, which is 1 if user n is transmitting on RB f , and 0 otherwise.
We let X−k be the set of |K| − 1 allocation decisions taken by all receivers except
the kth. Moreover, for every k ∈ K, X = (Xk,X−k) represents the overall system
RB allocation.
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A Shannon-like capacity is considered as a measure of the instantaneous achiev-
able rate on the links in the system. Specifically, the normalized rate (with respect
to the bandwidth) in bps/Hz that user n transmitting to receiver k can achieve
when using RB f is

Rfn(X−k) = log2

(
1 +

P fnG
f
n,k

σ2 + Ifk (X−k)

)
,

where σ2 is the noise power, assumed equal for all RBs. The term Ifk (X−k) =∑
q∈K\{k}

∑
m∈Cq P

f
mG

f
m,kx

f
m is the interference perceived at receiver k on RB f .

Due to the orthogonality constraint within each cell, and because each D2D receiver
is connected to only one transmitter, the interference term depends on the overall
allocation except the one in cell k, to which user n belongs.

We consider the problem of allocating RBs to all users in the network to
maximize the total rate by exploiting frequency diversity and properly managing the
interference. To avoid situations in which users with favorable channel conditions
take most of the available RBs, and to avoid the allocation of RBs that do not
contribute to increase the utility (e.g., in high-interference cases), we limit the
number of RBs that can be assigned to each user. Accordingly, the overall RB
allocation problem can be formally stated as the following integer program:

maximize
{xfn}

∑
k∈K

∑
n∈Ck

∑
f∈F

Rfn(X−k)xfn

subject to
∑
n∈Ck

xfn ≤ 1, ∀f ∈ F , ∀k ∈ K, (6.1a)

∑
f∈F

xfn ≤ Fn, ∀n ∈ Ck, ∀k ∈ K, (6.1b)

xfn ∈ {0, 1}, ∀f ∈ F ,∀n ∈ Ck,∀k ∈ K.

Note that the RB allocations to all cellular and D2D transmitters affect each other
due to the mutual interference. Constraints (6.1a) are the orthogonality constraints
to be fulfilled in each cell (indeed they are active only for k ∈ B, because for k ∈ D
it holds |Ck| = 1 and they are always verified), while Constraints (6.1b) limit the
number of RBs that can be assigned to each user.

6.3 Resource allocation based on game theory

The nonlinear integer program in (6.1) is in general difficult to solve efficiently as
the number of devices increases. Moreover, resorting to a centralized scheduler to
decide the overall allocation requires a large signaling overhead to collect the CSI of
all involved links. To overcome these concerns, we leverage the theory of potential
games to achieve distributed and computational efficient, although not necessarily
globally optimal, solutions. For completeness, in this section we first give some
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basic definitions and fundamental properties of potential games [152, 158]. Then, we
present our game formulation for the multi-cell D2D resource allocation problem.

6.3.1 Preliminaries on potential games
The interaction among autonomous decision-makers can be modeled as a game, in
which each player chooses a strategy independently of the choices of the other players.
A strategic game can be formally described by a triplet G = 〈K, {Xk}, {Uk}〉, where
K is the set of players, Xk is the set of all possible strategies for player k, and Uk
is player k’s utility function. As customary in the game-theoretic literature, we
indicate with Xk a specific strategy of player k, and we write Uk(Xk,X−k) to stress
that the utility of player k depends both on her own strategy and on the strategies
of all other players. Because any change of strategy of one of the players affects all
other players, the game becomes a dynamic process where players iteratively update
their own strategies as a reaction to the changes in the strategy of other players. In
this work, we only consider pure strategies. We now recall some useful definitions.

Definition 6.3.1 (Best- and better-response dynamic). The best-response dynamic
is a strategy update rule where each player selects the strategy that maximizes
her utility, assuming that the other players do not change their current strategies.
Specifically, given a strategy profile X = (Xk,X−k), player k chooses its new strategy
Yk ∈ Xk such that

Yk ∈ {X̃k ∈ Xk : Uk(X̃k,X−k) ≥ Uk(Xk,X−k), ∀Xk ∈ Xk}. (6.2)

In the less demanding better-response dynamic, instead, the strategy update of
player k is defined by replacing condition (6.2) by

Yk ∈ {X̃k ∈ Xk : Uk(X̃k,X−k) ≥ Uk(Xk,X−k)}. (6.3)

Under a better-response dynamic, the new strategy is only guaranteed to be better
than the previous one, but it might not be the best among all possible strategies.

Definition 6.3.2 (Potential game). A game G= 〈K, {Xk}, {Uk}〉 is said to be an
exact potential game if there exists a function Φ : X1 ×X2 × · · · X|K| → R such that
for any k ∈ K

Uk(Xk,X−k)− Uk(X′k,X−k) = Φ(Xk,X−k)− Φ(X′k,X−k),

where Xk and X′k are two strategies of player k. Function Φ is referred to as the
potential function of game G.

Definition 6.3.3 (Nash equilibrium). Given a strategic game G=〈K, {Xk}, {Uk}〉,
the K-tuple (X?

1,X?
2, · · · ,X?

|K|) ∈ X1 ×X2 × · · · X|K| is a Nash equilibrium (NE) if
Uk(X?

k,X?
−k) ≥ Uk(Xk,X?

−k), for all strategies Xk 6=X?
k, for all k =1,. . . ,|K|. Put

in words: at the NE no player has an incentive to unilaterally change its strategy.
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Potential games have the important property that the set of (pure-strategy) NE
points correspond to the local optima of the potential function [152, 158]. Moreover,
for finite potential games1, whose potential function is bounded from above, the
iterative processes based on best or better-response dynamics converge to the NE
set of the game, as shown in the following result [159]:

Theorem 6.3.4. Let G = 〈K, {Xk}, {Uk}〉 be a potential game with potential
function Φ. If the strategy profile (X?

1,X?
2, · · · ,X?

|K|) is a NE of G, then it is a local
optimum of the function Φ.

Proof. Function Φ is maximized with respect to all the possible strategy profiles of
the game, and the neighborhood of every strategy profile is given by all the strategy
profiles arising from the change of the strategy of only one player. This is because the
strategy profile is updated by changing only a single player strategy at the time. If
the strategy profile (X?

1,X?
2, · · · ,X?

|K|), which we indicate with (X?
k,X?

−k) for every
k ∈ K, is a NE of G; then, by the definition of NE, Uk(X?

k,X?
−k) ≥ Uk(Xk,X?

−k) for
all strategies Xk 6= X?

k, with k ∈ K. Moreover, if the potential game G has potential
function Φ, then it holds that Φ(X?

k,X?
−k) ≥ Φ(Xk,X?

−k) for all Xk 6= X?
k, with

k ∈ K. Because the potential function cannot be improved by moving within the
neighborhood of the NE point, (X?

k,X?
−k) is a local optimum of Φ.

In the sequel, we will use these attractive properties to design a convergent
non-cooperative game that leads to the RB allocation of the overall network.

6.3.2 Potential games for resource allocation
To solve (6.1) in a distributed manner, we propose a strategic game between all
receivers. The game is described by G = 〈K, {Xk}, {Uk}〉, where Xk is the set of all
possible RB-allocation decisions for transmissions to receiver k ∈ K, while Uk is the
utility function of the kth player, given by the sum of all the achievable bit rates in
the system, that is:

Uk(Xk,X−k) =
∑
f∈F

∑
q∈K

∑
n∈Cq

Rfn(X−q)xfn. (6.4)

The function Uk in (6.4) corresponds to the objective in (6.1). Despite that each
player k aims at maximizing Uk with respect to her own strategy only (i.e., Xk), all
players’ utilities in (6.4) are chosen to be the same, making the game G an identical
interest game [160]. By defining the function Φ(X) , Uk(Xk,X−k) for all k ∈ K,
the next result follows immediately from Definition 6.3.2.

Proposition 6.3.5. G=〈K, {Xk}, {Uk}〉 is an exact potential game with potential
function Φ(X).

1A finite game is a game with finitely many players, each of which has a finite set of strategies.
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Because G is an exact potential game, using best and better-response dynamics
will make the game converge to one of its NE, which in our case corresponds to a local
optimum of (6.1). Leveraging this property, we can design an iterative algorithm
based on a receiver-alternating allocation, meaning that the allocation is performed
by rotation among all cells and D2D pairs. In particular, given any initial resource
allocation, the players (receivers) take turn in choosing their best or better-response
strategy until no player is willing to change her strategy; that is, until when a NE is
achieved. The iterative game among the receivers is summarized in Algorithm 2.

Algorithm 2: Iterative game
1 Compute P f

n , ∀n ∈ ∪kCk, ∀f ∈ F with the LTE OFPC algorithm;
2 Select an order of playing π(K); and select an initial allocation X0

k, ∀k ∈ K;
3 Set X0 ← (X0

1, · · · ,X0
|K|) and compute Φ(X0);

4 i← 1, ∆← 1;
5 while ∆ 6= 0 do
6 for k ∈ π(K) do
7 Update Xi

k following the best/better-response dynamic;
8 Xi ← (Xi

1, · · · ,Xi
|K|);

9 ∆← Φ(Xi−1)− Φ(Xi);
10 i← i+ 1;

6.3.3 Resource allocation based on best response dynamic
In the previous section, we have seen that by considering the allocation problem as
a potential game, we iteratively solve per-receiver allocation problems, rather than
the overall network problem. We now turn our attention on deriving the solution
of each such local problem, that is, determining the strategy update rule of each
player k ∈ K.

We consider a reference strategy profile X̄ = (X̄k, X̄−k), representing the RB
allocation of the overall network at the certain iteration of the game. The best
response of player k is the optimal solution to the following optimization problem

maximize
{xfn}

Uk(Xk, X̄−k),

subject to
∑
n∈Ck

xfn ≤ 1, ∀f ∈ F , (6.5a)

∑
f∈F

xfn ≤ Fn, ∀n ∈ Ck,

xfn ∈ {0, 1}, ∀n ∈ Ck, ∀f ∈ F .

The objective function in (6.5) is given in (6.4) and is the same as in Problem (6.1).
However, here the utility is maximized only with respect to the RB allocation Xk
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of player k. Therefore, we have divided the original RB allocation problem into
subproblems with reduced input size. However, the formulation in (6.5) is still
nonconvex in the integer variables {xfn}, for n ∈ Ck and f ∈ F . For completeness,
let us rewrite explicitly the utility function

Uk(Xk, X̄−k) =
∑
f∈F

[ ∑
n∈Ck

log2

(
1 +

P fnG
f
n,k

σ2 + Ifk (X̄−k)

)
xfn

+
∑
q∈K,
q 6=k

∑
m∈Cq

log2

1 +
P fmG

f
m,q

σ2 + Ifq (X̄−{q,k}) +
∑
n∈Ck

P fnG
f
n,qx

f
n

 x̄fm

]
,

(6.6)

where x̄fm are the entries of the given reference allocation strategy X̄. The term
Ifq (X̄−{q,k}) =

∑
c∈K\{q,k}

∑
l∈Cc P

f
l G

f
lqx̄

f
l is the interference level at the qth receiver

that does not include the effect from the use of RB f in cell k, which is instead given
by the term

∑
n∈Ck P

f
nG

f
nqx

f
n. Note that due to the orthogonality constraints (6.5a),

the inner sum of the second term in (6.6) contains only a single nonzero element,
corresponding to the only user transmitting to receiver q on RB f . We indicate this
user with m̂(q, f) and we rewrite the utility in (6.6) as

Uk(Xk, X̄−k) =
∑
f∈F

[ ∑
n∈Ck

log2

(
1 +

P fnG
f
nk

σ2 + Ifk (X̄−k)

)
xfn

+
∑
q∈K,
q 6=k

log2

1 +
P fm̂(q,f)G

f
m̂(q,f),q

σ2 + Ifq (X̄−{q,k}) +
∑
n∈Ck

P fnG
f
nqx

f
n

]. (6.7)

In the sequel, we will refer to the nonconcave utility in (6.7) to design a resource
allocation based on a better-response dynamic.

6.4 Resource allocation based on better-response dynamic

As shown in the previous section, the best response dynamic allows to distribute the
RB allocation problem among the players of the game (represented by all receivers
in the system). The goal of this section is twofold: i) to overcome the nonconcavity
of the objective function (6.7); and ii) to design a low-complexity and distributed
scheme for updating each player’s strategy. To this end, we consider a strategy
update rule based on better-response dynamic.

First, we observe that by relaxing the integer constraints in (6.5), the objective
function becomes convex. The second observation is that the constraint matrix
of (6.5) is totally unimodular2. We linearize (6.7) by computing the first-order

2 The total unimodularity of the constraint matrix can be verified by considering the opti-
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Taylor’s approximation of the rate of the users in every cell q 6= k, around the point
corresponding to the reference allocation X̄.

Let us consider the |Ck| × F allocation matrix X̃k with entries x̃fn ∈ [0, 1], for
each user n ∈ Ck and RB f ∈ F . We define the following new utility for player k,
which depends on both her new strategy X̃k and the overall previous allocation X̄:

Ũk(X̃k, X̄) =
∑
f∈F

[ ∑
n∈Ck

Rfn(X̄−k)x̃fn

+
∑
q∈K,
q 6=k

(
Rfm̂(q,f)(X̄−q) +

∑
n∈Ck

∂Rfm̂(q,f)(X̄−q)

∂x̃fn

(
x̃fn − x̄fn

))]
.

(6.8)

In (6.8), each term

∂Rfm̂(q,f)(X̄−q)

∂x̃fn
= −

P fm̂(q,f)G
f
m̂(q,f),qP

f
nG

f
n,q

(ln 2)(P fm̂G
f
m̂q + Ifq (X̄−q) + σ2)(Ifq (X̄−q) + σ2)

represents the sensitivity of user m̂(q, f) to the interference variations on each RB
f , caused by the new allocation X̃k chosen by player k. Because the rate function
of each user m̂(q,f) in (6.7) is convex with respect to the allocation X̃k, the linear
approximation in (6.8) is a lower bound of the actual rate. Moreover, this bound is
tight under the reasonable assumption that the cumulative interference experienced
at each receiver is much higher than the interference contribution from each single
transmitter. In other words, in a network with multiple interfering links, changing
the resource allocation of only one transmitter produces, in general, a small variation
in the total interference measured at the receiver of the other links. Thus, when
considering interference levels within small intervals around Ifq (X̄−q), the linear
approximation of the rate of each user m̂(q,f) is expected to diverge slightly from the
actual rate function. We therefore use Ũk(X̃k, X̄) as a lower bound of Uk(X̃k, X̄−k),
assuming, in general, a small difference between the two values.

Considering the terms in (6.8) that depend on the optimization variables x̃fn,
and defining

δfm̂(q,f)(X̄−q) , −
P fm̂(q,f)G

f
m̂(q,f),q

(ln 2)(P fm̂G
f
m̂q + Ifq (X̄−q) + σ2)(Ifq (X̄−q) + σ2)

,

mization variables as the entries of a column vector x of dimension |K| × |Ck| × F . Vector x is the
concatenation of |K| vectors in the form (x1

1 . . . x
F
1 x

1
2 . . . x

F
2 . . . x1

|Ck|
. . . xF

|Ck|
)>, one for each k ∈ K.

Using this notation, constraints in (6.5) can be rewritten in the form Ax ≤ b, where b is a column
vector of integers, and matrix A fulfills the sufficient conditions to be totally unimodular [161, 162].
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we obtain the function

Ũ ′k(X̃k, X̄) =
∑
f∈F

∑
n∈Ck

[
Rfn(X̄−k) +

∑
q∈K,
q 6=k

δfm̂(q,f)(X̄−q)P
f
nG

f
n,q

]
x̃fn

=
∑
f∈F

∑
n∈Ck

Ẽfn(X̄)x̃fn,
(6.9)

in which each weight Ẽfn(X̄) , Rfn(X̄−k) +
∑
q∈K,q 6=k δ

f
m̂(q,f)(X̄−q)P

f
nG

f
n,q depends

on the previous reference allocation X̄ = (X̄k, X̄−k) for all k ∈ K, and not on the new
allocation X̃k of player k. Considering Ũ ′k(X̃k, X̄) as the new utility function that
player k aims at maximizing, we reformulate the per-player optimization problem
in (6.5) as follows:

maximize
{x̃fn}

Ũ ′k(X̃k, X̄)

subject to
∑
n∈Ck

x̃fn ≤ 1, ∀f ∈ F ,

F∑
f=1

x̃fn ≤ Fn, ∀n ∈ Ck, (6.10a)

x̃fn ∈ [0, 1], ∀f ∈ F , ∀n ∈ Ck.

With (6.10) we have achieved our first goal, namely we have overcome the
nonconvexity of the best response dynamic. We now show that despite considering a
utility function different from the one in the original problem, the solution to (6.10)
represents a better-response for the kth player, which still guarantees convergence
to a NE of G.

Proposition 6.4.1. Given any allocation profile X̄, and indicating with X̃?
k ∈ Xk

the solution to Problem (6.10), it holds that Uk(X̃?
k, X̄−k) ≥ Uk(X̄k, X̄−k). That is,

X̃?
k is a better-response of player k for the potential game G = 〈K, {Xk}, {Uk}〉.

Proof. Solution X̃?
k is integer and belongs to the set Xk because of the total

unimodularity property of the problem constraint in (6.10). Being X̃?
k the max-

imizer of Ũ ′k(X̃k, X̄), it also maximizes the function Ũk(X̃k, X̄) in (6.8). There-
fore, Ũk(X̃?

k, X̄) ≥ Ũk(Xk, X̄) for all Xk ∈ Xk, and in particular Ũk(X̃?
k, X̄) ≥

Ũk(X̄k, X̄). Because Ũk(X̃k, X̄) is a lower bound of Uk(X̃k, X̄−k), it also holds
that Uk(X̃?

k, X̄−k) ≥ Ũk(X̃?
k, X̄). By combining the inequalities above, we have

Uk(X̃?
k, X̄−k) ≥ Ũk(X̃?

k, X̄) ≥ Ũk(X̄k, X̄). Moreover, at the linearization point X̄,
the two functions Ũk(X̄k, X̄) and Uk(X̄k, X̄−k) have the same value. Thus, we
conclude that Uk(X̃?

k, X̄−k) ≥ Uk(X̄k, X̄).
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6.4.1 Strategy update based on message passing

In this subsection, we design a low-complexity solution to the per-player alloca-
tion (6.10) that distributes the computational effort among all nodes belonging to
the same cell or D2D pair.

We first observe that when player k is a D2D receiver, its single transmitter,
which we denote by d, does not compete with any other transmitter for the same set
of RBs. This is because the constraints set of (6.10) reduces to the single constraint∑F
f=1 x̃

f
d ≤ Fd for x̃fd ∈ [0, 1] and for all f ∈ F . Therefore, the optimal solution

to (6.10) is straightforwardly obtained by selecting at most Fd RBs corresponding to
the largest positive utilities. For this reason, in what follows we focus on solving (6.10)
when player k is a BS.

Message passing (MP) algorithms are attractive schemes for solving resource
allocation problems without the need of a central controller [153, 154]. When applied
to cellular systems, these algorithms involve an iterative exchange of messages
between the BS and the mobile users, where every message represents the solution
to a local problem with very low computational complexity. The Reweighted MP
(ReMP) framework is an example of MP approach applied to resource allocation
problems [163]. In the single-cell scenario, this algorithm provably convergences to
the optimal solution of the utility maximization problem (see [164]) that we report
below for completeness:

maximize
{x̃fn}

∑
f∈F

∑
n∈Ck

log2

(
1 +

P fnG
f
n,k

σ2

)
x̃fn

subject to
∑
n∈Ck

x̃fn ≤ 1, ∀f ∈ F ,

F∑
f=1

x̃fn = Fn, ∀n ∈ Ck, (6.11a)

x̃fn ∈ [0, 1], ∀f ∈ F , ∀n ∈ Ck.

Differently from (6.10), the above formulation neglects the interference. Thus, its
objective is a positive weighted sum, where each weight corresponds to the achievable
rate on the corresponding RB. Moreover, because the weights in our objective
function in (6.10) can be negative, assuming the inequalities (6.10a) instead of
the equalities (6.11a) can actually increase the total sum rate by not forcing the
allocation of RBs that contribute negatively to the utility.

Although the optimization problem considered in [163] and [164], and recalled
in (6.11), differs from our formulation in (6.10), we can still apply the ReMP scheme
and benefit from its properties. Let us define the weights Efn , max{Ẽfn, 0}, with
Ẽfn given in (6.9) and for all n ∈ Ck and f ∈ F . Then, we formulate the following
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optimization problem, which is in the form of (6.11) and thus solvable via ReMP:

maximize
Xk

∑
f∈F

∑
n∈Ck

Efn(X̄)xfn

subject to
∑
n∈Ck

xfn ≤ 1, ∀f ∈ F , (6.12a)

F∑
f=1

xfn = Fn, ∀n ∈ Ck, (6.12b)

xfn ∈ {0, 1}, ∀f ∈ F , ∀n ∈ Ck.

Our problem in (6.10) is equivalent to (6.12) if we indicate with {x?fn } the optimal
solutions to (6.12), and construct the optimal solution {x̃?fn } to (6.10) by setting

x̃?fn =
{

0 if Ẽfn < 0
x?fn otherwise.

We are now in the position of using the ReMP scheme to solve our problem
in (6.10), by referring to the formulation in (6.12), instead. Let us recall the ReMP
routine. For brevity of notation, we omit the cell index k. We indicate with µfn the
message sent by the user n to the BS regarding RB f , and with µ̃nf the message
sent in the opposite direction. These messages measure the benefit deriving from
each RB-user assignment.

At each iteration t of the algorithm, the messages are updated as follows

µ
(t+1)
nf = Efn − ρ(Ejn + µ̃

(t)
jn)Fnth\f − (1− ρ)(Efn + µ̃

(t)
fn), (6.13a)

µ̃
(t+1)
fn = −ρmax

i,i 6=n
µ

(t+1)
if − (1− ρ)µ(t+1)

nf ,

where ρ∈ (0, 1] is a parameter used to smoothen the message dynamics and thus
assuring convergence (see [163]); Efn is the reward of user n if transmitting on RB
f ; and (· · · )Fnth\f denotes the Fnth sorted element in set {(Ejn + µ̃

(t)
jn)}j∈F , without

considering the term Efn + µ̃
(t)
fn. The decision variable xfn at the (t+ 1)th iteration

are retrieved by computing the node marginal

τ
(t+1)
nf = µ

(t+1)
nf + µ̃

(t+1)
fn ,

and by assigning

xf(t+1)
n =

{
1 if τ

(t+1)
nf > 0

0 otherwise.

The above message updating rule converges to the optimal solution of (6.12) and
involves simple computations at each node. However, it requires several iterations
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before convergence, which may lead to long running times. Because we want to
apply ReMP to update the strategy of each player, it might be impractical to wait
at each round of the game for the convergence of ReMP used in each cell. Moreover,
a large number of iterations for ReMP requires large signaling, resulting in both
radio-resource and device-energy consumption.

To deal with these practical concerns, we study the performance of ReMP when
only a predefined number of iterations are allowed. We refer to this scheme as the
Truncated ReMP(I) algorithm (TReMP(I)), where I indicates the allowed number
of iterations. We indicate with TReMP(∞) the ReMP algorithm that runs until
converging to the optimum of (6.12), which occurs in a number of iterations that
depends on the problem specifics and may change from round to round.

Stopping ReMP before reaching convergence can give a solution where the
problem constraints are not all satisfied. In particular, at each iteration the ReMP
mechanism satisfies Constraints (6.12a), but not necessarily Constraints (6.12b). To
ensure that TReMP(I) achieves a feasible solution regardless of the selected I,
and that the better-response dynamic based on TReMP(I) converges to a NE of
the game G, from now on we refer to TReMP(I) as the iterative scheme in (6.13)
compelled with the following two forcing rules:

1. Forcing rule no.1 : after I iterations, if the number of RBs assigned to user n
exceeds the maximum value Fn; then, only the first Fn RBs with the highest
marginals are selected.

2. Forcing rule no.2 : after applying the Forcing rule no.1, player k updates the
strategy profile only if the obtained solution increases the objective function
with respect to using the strategy profile of the previous iteration of the game.

Lemma 6.4.2. If each player k of the iterative game G updates her strategy by
solving (6.10) with TReMP(I) for a given I; then, the dynamic will convergence
to a NE of the game.

Proof. Because of Forcing rule no.2, the strategy X(i)
k selected by player k at

any iteration i of the game is such that Ũk(X(i)
k ,X(i−1)) ≥ Ũk(X(i−1)

k ,X(i−1)),
where X(i−1) = (X(i−1)

k ,X(i−1)
−k ). At iteration i, the function Ũk(X(i)

k ,X(i−1)) is
the linearization of the function Uk(X(i)

k ,X(i−1)
−k ) around the previous allocation

point X(i−1). This means that at X(i−1) the two functions have in fact the same
value, that is, Ũk(X(i−1)

k ,X(i−1)) = Uk(X(i−1)
k ,X(i−1)

−k ). Therefore, it holds that
Ũk(X(i)

k ,X(i−1)) ≥ Uk(X(i−1)
k ,X(i−1)

−k ). Moreover, because Ũk(X(i)
k ,X(i−1)) is a

lower bound of Uk(X(i)
k ,X(i−1)

−k ), it also holds that Uk(X(i)
k ,X

(i−1)
−k )≥ Ũk(X(i)

k ,X(i−1)).
By combining the last two inequalities, we have Uk(X(i)

k ,X
(i−1)
−k )≥Uk(X(i−1)

k ,X(i−1)
−k ),

meaning that (6.3) is fulfilled and we have a better-response dynamic.

Algorithm 3 summarizes TReMP(I), which is used to solve Problem (6.10).
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Algorithm 3: TReMP(I)
Input: X̄, Ẽf

n ∀n ∈ Ck, ∀f ∈ F
Output: X∗k

1 Initialize: i← 0; µ(0)
nf
← 0; µ̃(0)

fn
← 0, ∀n ∈ Ck, ∀f ∈ F ;

2 Set Ef
n ← max{Ẽf

n, 0};
3 while i ≤ I do
4 BS k computes µ(i+1)

nf
, ∀n ∈ Ck, ∀f ∈ F ;

5 each user n ∈ Cp computes µ̃(i+1)
fn

, ∀f ∈ F ;

6 each user n ∈ Cp and BS compute τ (i+1)
nf

and xf(i+1)
n , ∀f ∈ F ;

7 i← i+ 1;

8 xf
n ← x

f(I)
n , τnf ← τ

f(I)
nf

, ∀n ∈ Ck, ∀f ∈ F ;
9 for n ∈ Ck, f ∈ F do

10 if Ẽf
n < 0 then

11 xf
n ← 0;

12 for n ∈ Ck do
13 define the sorted set Sn = ({τnf}F

f=1,≥) = {si}F
i=1;

14 define In = {f : τnf ∈ {si}F
i=Fn

};
15 if

∑F

f=1 x
f
n > Fn then

16 xf
n = 0, ∀f ∈ In;

17 compute U =
∑

f∈F

∑
n∈Ck

Ef
n(X̄)xf

n;

18 if U ≥
∑

f∈F

∑
n∈Ck

Ef
n(X̄)x̄f

n then
19 X∗k ← Xk;
20 else
21 X∗k ← X̄k;

6.5 Algorithm implementation guidelines

In order to assess the practical feasibility of the proposed algorithm, we provide
some general insights into its possible implementation in an LTE-like network.

We first look at the information needed to implement TReMP(I). To com-
pute (6.13a), each transmitter n connected to receiver k needs to evaluate, for all
f ∈ F , the weights

Efn(X̄) = Rfn(X̄−k) + P fn
∑

q∈K,q 6=k
δfm̂(q,f)(X̄−q)G

f
n,q. (6.14)

The rate Rfn(X̄−k) can be estimated by knowing the direct channel gain Gfn,q and the
interference level Ifk (X−k). In LTE, the direct gains towards the BS are estimated
by means of sounding reference signals (SRS); while the direct gain between the
users of a D2D pair can be assumed known from the mode selection decision. The
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interference level can be estimated at the receiver k after the previous round of the
game, and fed back to the transmitters on a control channel.

For each RB f ∈ F , the second term on the right-hand side of (6.14) encompasses
the information that transmitter n needs from the other players. Because collecting
the CSI of all cross-links results in a large overhead, here we take advantage from
the fact that transmitter n only needs an aggregate information related to the other
players (represented by the summation), rather than every single cross-gain Gfn,q for
all q 6= k. A way to leverage this aspect consists in letting each receiver broadcast
a sounding signal on a narrow in-band control channel, without interfering with
data transmissions. Note that wideband SRSs, which span all available channels,
are already envisaged in LTE networks and they could also be used to accomplish
control tasks among D2D terminals [165]. In our scheme, we assume that at the end
of each iteration of the game every receiver q 6= k measures δfm̂(q,f) for all f in F ,
and transmits a narrow SRS with power proportional to such measurement (e.g,
a power −Pδfm̂(q,f), for a given P known to all users). Then, the desired quantity∑
q 6=k δ

f
m̂(q,f)G

f
n,q can be directly measured by transmitter n without requiring any

information exchange.
We consider a synchronized system, where all players know the order of playing

the game and the time slots during which they have to transmit the SRS signals,
referred to as pilot signals. As in [146], we assume that the communication of cellular
and D2D users is synchronized by the timing signals sent by the cellular network or
the global positioning system (GPS). Figure 6.1 illustrates the proposed signaling
to implement the algorithm.

Figure 6.1: Possible signaling protocol to implement the proposed potential game.
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Once the information needed for computing the messages is obtained, transmitters
and receiver start the message-exchange procedure that leads to the strategy update.
Figure 6.2 illustrates how the message exchanges of TReMP(I) can be mapped
onto the existing LTE frameworks. Similarly to the approach proposed in [163]
and [155], cellular users compute the message µnf and send it to the BS with the
scheduling request (SR). The BS, in turn, uses the scheduling grant (SG) to deliver
the message µ̃nf to the users. Moreover, the cellular users regularly send buffer status
report (BSR) messages to the BS, which replies with an acknowledgement (ACK).

Note that when using the TReMP(I) algorithm, after I message exchanges both
nodes (BS and cellular user) are able to retrieve the allocation decision. However,
only the BS can compute the total utility and verify if the new strategy is indeed
a better response. Thus, it is the BS that sends a final ACK to all users under its
coverage to confirm the update of the RB allocation.

Regarding the D2D pairs, it is reasonable to assume that the network has already
established a control channel between the two users during the mode selection phase.
Therefore, the D2D transmitters n collects the information to compute the F weights
Efn, selects the best Fn RBs and informs the receiver on the allocation decision.

single 
message exchange

Receiver k

User n

SR = 

SG = 

BSR = 

ACK = 

BSR = 

ACK = 

Figure 6.2: Implementation guidelines of TReMP(I) in LTE-like systems.

6.6 Branch-and-bound for finding the optimal solution

To evaluate the performance of the proposed better-response dynamic, we compare its
solution to the global optimum of the original problem in (6.1). To obtain the overall
optimal allocation we design a customized solver based on branch-and-bound (B&B)
approach (see, e.g., [115]). Although B&B is a well-established framework, its
computational efficiency, compared to a naive exhaustive search, strongly depends
on how well it is tailored to the specific problem. Thus, our contribution here is the
design of methods to obtain tight bounds of the objective function, which allows us
to remove as many branches as possible in the tree search. The design choices of
our B&B algorithm are briefly described in the sequel.

For every node of the tree, representing a partial RB allocation, we first verify
if the number of assigned RBs to each user n (i.e.,

∑
f x

f
n) exceeds the limit Fn
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in (6.1b). If it does, then the node and the branches below can be disregarded.
Otherwise, we compute the upper and lower bounds of the node as follows. i) Upper
bound: We compute the interference level on each RB given by the partial RB
assignment of the node. Then, considering those fixed interference levels as additive
noise, we solve the linear programming formulation in (6.1). This is an upper bound
because we neglect the possible additional interference deriving from the unassigned
variables; ii) Lower bound: We compute a feasible solution to the problem. We
consider all cells in a round-robin fashion. For each cell we solve (6.5), where the
interference level on each RB is fixed and given by the partial resource assignment
of the node. As the cells are selected sequentially, the interference levels are updated
accounting for the contribution of the RB allocation in the previously selected cells.
By fixing the interference and treating it as additive noise, Problem (6.5) reduces to
a maximization of a weighted sum, which can be solved by any linear programming
solver. The lower bound of the node is then the sum-rate of the entire network.

6.7 Numerical results

To study the behavior of the proposed algorithms, we simulate networks consisting
of either seven or three hexagonal cells with the BSs located in the center of the cells
and mobile users randomly placed within the cell area. Without loss of generality,
we assume that the number of transmissions (uplink and D2D communications) is
the same in all cells. The transmission powers are assigned with the LTE OFPC
scheme [75]. Table 6.1 reports the main simulation parameters.

Table 6.1: Simulation parameters.

Parameter Value Parameter Value

Lognormal shadow fading 6 dB No. of cells 3 or 7
Estimated noise and interference per RB -110 dBm Cell radius 500 m
SINR target 15 dB Noise power -174 dBm/Hz
Max no. of RBs assigned to users 1 or 2 Path-loss coefficient mobile-BS 3.5
Resource block’s bandwidth 180 KHz Path-loss coefficient mobile-mobile 4
Path loss compensation factor 0.8 Distance range for D2D pairs 50-150 m

6.7.1 Algorithm performance under different initial conditions
and orders of playing

First, we analyze the effect of the initial condition (i.e., the initial strategy chosen
by the players) on the achieved NE of the game. We consider two cases:

• No Initial RB Allocation (NIA), when the players start the game without
any RB allocation;

• Optimal RB allocation with No Interference (ONI), when the players
start with the optimal RB allocation computed by solving (6.5) when neglecting
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the interference. Thus, each player solves a positive-weighted sum maximization
in the form of (6.11).

We run 500 independent simulations of a seven-cell network with 15 cellular
users and 5 D2D pairs per cell, and evaluate the achieved utility when using either
TReMP(1) or TReMP(∞). Apart from the total rate, we also look at the number
of rounds before converging to the NE (a single round of the game is completed
when all players have updated their strategy). Table 6.2 gives the average results,
showing that using the ONI approach slightly boosts the utility and reduces the
number of rounds before convergence.

Table 6.2: Performance with different initial conditions.

Algorithm Initial
Condition

Utility
(bps/Hz)

Number of
rounds

TReMP(1) NIA 1275 4.3
TReMP(1) ONI 1336 3.7
TReMP(∞) NIA 1480 5.1
TReMP(∞) ONI 1515 4.6

Second, we look at the effect of the order of playing the game on the performance.
We evaluate the distribution of the utility when considering 2000 different orders
for the same network topology used in the previous analysis. Figure 6.3 shows the
numerical results when using the NIA and the ONI initial allocation. After each
strategy update, we compute the standard deviation of the utility (σ), to get a
measure of the amount by which the utilities corresponding to the different orders
of playing deviate from the average (µ). Results show a low final dispersion for
both initial conditions, with the standard deviation decreasing with the number of
strategy updates; thus indicating that the behavior of the game does not change
much with respect to the order of playing. In particular, we obtain that 96% and
94.8% of the final values lie within a 2% deviations of the mean for the NIA case
and for the ONI case, respectively. Furthermore, in line with the results in Table 6.2,
we see that the ONI initial condition slightly boosts the final performance, with the
game starting from a higher utilities.

We therefore conclude that the initial strategy of the players and the order of
playing the game have a negligible impact on the local optimum achievable with the
proposed algorithm. These are interesting results from the implementation point of
view, because the players can start with any allocation and use any order of playing.

6.7.2 Algorithm convergence and practicality
In this subsection, we focus on the convergence behavior of the proposed game. We
compare the performance of TReMP(I) with different inputs I. In particular, we
apply TReMP(1), TReMP(4), TReMP(8), and TReMP(∞) to compute the
better-response of the players. We consider a network topology consisting of 7 cells
with 15 cellular users and 5 D2D pairs per cell. Thus, there are 6 players per cell (5
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(a) Results for the NIA initial condition.
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(b) Results for the ONI initial condition.

Figure 6.3: Average utility (µ) and three standard deviations range (3σ) from 2000 different
orders of playing the game. Players strategies are updated with TReMP(8).

D2D receivers and 1 BS) and 42 players in total. As such, a single round of the
game is given by 42 strategy updates, one for each player. We refer to a message
exchange as the action of sending a message between the transmitter and receiver in
both directions. As such, a message exchange is a single iteration of TReMP(I).
We recall that when the player is a D2D receiver, the strategy update requires a
single message exchange, while when the player is a BS, the strategy update requires
a number of message exchanges depending on the chosen TReMP(I) algorithm.
In Figure 6.4(a) we report the sum rate after each message exchange, marking the
message exchanges representing the completion of each round of the game.
As expected, regardless of the algorithm used to update the players strategy, the
potential function is always nondecreasing in the number of message exchanges and
the game converges to a NE. Although all the four better-response dynamics require
a maximum of four rounds to converge, both the number of message exchanges and
the utility achieved at the equilibrium increase with the chosen I. In particular,
TReMP(1) converges much faster than the other algorithms, with roughly 100
message exchanges compared to the minimum 300 of the other dynamics. However,
it achieves a utility that is approximately 8% and 10% smaller than the one achieved
with the TReMP(4) and TReMP(8), respectively. Moreover, although TReMP(1)
performs the worst in terms of final utility, it reaches higher utility than the other
schemes when the number of message exchanges is below 30. On the contrary,
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Figure 6.4: (a) Convergence behavior of the potential function. Each message exchange
corresponds to one iteration of the TReMP(I) algorithm used to compute the better-
response of the player. In the plot, the completion of each round is also marked. (b)
Algorithm performance when increasing the number of D2D pairs in each cell. Players
strategy is updated with TReMP(8).

TReMP(∞) achieves the highest utility, but only after completing its first round,
that is, after nearly 175 message exchanges. Therefore, from Figure 6.4(a) we
conclude that using TReMP(I) with small values of I increases the utility function
faster but with smaller increments than using TReMP(I) with large values of I.

Figure 6.4(b) shows the impact of integrating D2D communications in the
cellular system. We consider a seven-cell networks with 15 cellular users in each
cell, and we evaluate the performance of the proposed resource allocation scheme
when players use TReMP(8) to obtain their better-response. When the number of
D2D pairs in each cell increases, the achievable throughput also increases, leading
to a higher spectral efficiency. Note that the overall throughput increases although
the interference level increases. This is due to the low transmission powers needed
for the direct communications, and to the smart RB assignment that efficiently
manages the interference. The drawback of admitting more D2D links is represented
by the larger number of iterations of the game needed to reach the convergence.
This is because each additional D2D pair is an additional player of the game, and
more strategy updates are needed before finding an equilibrium.

Table 6.3 shows the average results for 500 independent network simulations.
Similarly to the results of a single network realization, both the average number
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of rounds needed to converge to a NE, and the average utility increase with the
parameter I. Interestingly, this is not the case when using TReMP(∞), for which
the number of rounds reduces compared to when using TReMP(8) and TReMP(4).
However, this comes at the expense of the larger number of message exchanges for
each round. In the considered setup, TReMP(∞) converges after an average of 20
iterations.

Table 6.3: Performance with different inputs I.

Algorithm Utility
(bps/Hz)

Number of
rounds

Time to
converge

TReMP(1) 1336 3.7 155 t
TReMP(4) 1447 4.9 309 t
TReMP(8) 1492 5.0 455 t
TReMP(∞) 1514 4.6 805 t

* t is the time (in ms) for a single message-exchange
between a transmitter and receiver.

On the basis of the above observations, and referring to the results in Table 6.3, we
now investigate the practical implication of using TReMP(I) with different inputs I.
In general, with TReMP(I), each round of the game is completed after 35 message
exchanges to allocate the RBs to all D2D pairs (i.e., 1 message exchange for each
D2D pair), and 7× I message exchanges to allocate the RBs to all cellular users (i.e.,
I message exchange for each cell). Assuming that a single message exchange takes t
ms, the total time needed for TReMP(1) to converge is approximately 3.7× (35 +
7)× t = 155.4× t ms, while for TReMP(4) and TReMP(8), it is approximately
4.9 × (35 + 7 × 4) × t = 308.7 × t ms and 5 × (35 + 7 × 8) × t = 455 × t ms,
respectively. The required time clearly increases for TReMP(∞) case, for which we
need, approximately, 20 iterations to converge and thus 4.6×(35+7×20)×t = 805×t.
These results suggest that TReMP(I) with I = 1, although performing worse in
terms of utility than for larger I, it is more suitable for dynamic networks. In
particular, setting I = 1 becomes preferable when the network conditions change
fast, such as in high mobility scenarios, where a short coherence time of the channel
requires fast resource allocation. Furthermore, it is important to take into account
that the mobile users are more energy-limited than the BS. Thus, when the number
of message exchanges necessary to update the player strategy is too large (e.g., for
I = ∞), the energy consumption for the mobile users may become considerable.
Therefore, the selection of parameter I in the design of the TReMP(I) algorithm
is crucial to find the desired trade-off between the achievable performance and the
practical implementation.

6.7.3 Comparing the performance with existing solutions

We now compare the proposed game with the TReMP(∞) strategy update, to the
greedy heuristic proposed in [65], herein called ZM. Both approaches aim at sum-rate
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maximization under similar system-model assumptions, which motivates our choice
for the performance comparison. Although the analysis in [65] is mainly focused
on the single-cell, the authors also provide numerical results for the multi-cell case.
Following their simulation setup, for ZM we use theMaximum Carrier to Interference
Ratio scheduling to allocate the RBs to the cellular users, before assigning the RBs
to the D2D pairs. We assume at most one RB for each communication, and we
average the results over 500 independent simulations.

Figure 6.5 shows the results for different network topologies. We can see that
TReMP(∞) always outperforms ZM, and the performance difference increases
with the number of interfering transmissions. In particular, for the single-cell case in
Figure 6.5(a), the performance gap of the two algorithms increases when increasing
the number of D2D pairs reusing the cellular spectrum from 5 to 10. This is because
ZM cannot properly handle the higher spectrum reuse, compared to TReMP(∞).
The importance of taking into account and managing the higher interference in a
more challenging multi-cell network is shown in Figure 6.5(b), where we see a distinct
performance improvement achieved with our proposed algorithm. The enhanced
system throughput of TReMP(∞) is partly due to the joint optimization of the RB
allocation for cellular and D2D users, and partly due to the fact that TReMP(∞)
allows for more than one D2D pair to share the same RB of a cellular user. This
two aspects are in fact not considered in the ZM algorithm.
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Figure 6.5: Performance comparison between the proposed game and the heuristic in [65].
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6.7.4 Performance comparison with respect to the optimum

Finally, we compare the globally RB allocation obtained via the customized B&B
solver with the suboptimal allocation achieved with four different schemes: i) a
random RB allocation that fulfills the problem constraints (Random); ii) a potential
game with the best-response dynamic based on the solution of (6.5) with exhaus-
tive search (Best); iii) a potential game with the better-response dynamic based
on TReMP(∞); and iv) a potential game with the better-response dynamic based
on TReMP(1). Although the B&B solver allows to find the optimal solution more
efficiently than using the naive exhaustive search, there might be cases when it is
necessary to explore many nodes of the search tree before finding the optimal solu-
tion. For these unlucky cases, the run-time of the algorithm still becomes prohibitive.
Therefore, to deal with a reasonable computational time, the results presented
in this subsection are related to a smaller network with 3 cells, where each cell
serves 3 cellular users and 2 D2D pairs, and with Fn = 1 for all n. We consider
100 independent simulations to build the histograms in Figure 6.6, which show the
utility loss of the four suboptimal solutions. We define the percentage rate loss as
U?−UA
U? × 100, where U? and UA represent the utility achieved with the B&B solver

and with the suboptimal approaches (Best, TReMP(∞), TReMP(1) or Random),
respectively.
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Figure 6.6: Histograms of the percentage of utility loss when using the Best response
dynamic, the Random allocation, and the Better-response dynamic with TReMP(∞) and
TReMP(1). The rate loss is computed with respect to the global optimum given by the
B&B solver.

The histograms in Figure 6.6 show that the performance of the Best and of the two
better-response dynamics (TReMP(∞) and TReMP(1)) are significantly superior
to the Random allocation, and not far from the global optimum. Specifically, the Best
is within 10% of the optimal solution for almost all network configurations. However,
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the computation of each Best response requires the solution of a combinatorial
problem, which leads to runtime limitations for practical network sizes. The two
better-response dynamics, on the other hand, perform slightly worse than the Best,
but remain more practical for all network sizes (especially TReMP(1)) and they
are still within 15% of the optimal solution for almost all configurations. Finally, it
is worth mentioning here that because the set of NE points achieved with the best
and better-response dynamics is the set of local maxima of the potential function,
playing the game not only improves the system performance compared with any
initial allocation; in some cases, it also achieves the global optimum, as in Table 6.4.

Table 6.4: Simulation results (3-cell network with 15 links).

Algorithms Average Utility
(bps/Hz)

Incidences in which
global optimum is achieved (%)

Opt 75.31 100%
Best 72.18 6%
Better with TReMP(∞) 70.64 4%
Better with TReMP(1) 69.53 2%
Random 43.95 0%

6.8 Summary

In this chapter, we considered the problem of uplink RB allocation in a multi-cell
network with underlay D2D communications. We used the framework of potential
games to address the challenging nonconvex and combinatorial problem of sum-
rate maximization in an interference-limited network. Specifically, we proposed a
distributed solution based on a better-response dynamic combined with a message
passing algorithm that guarantees convergence to a local optimum of the utility
function. Simulation results validated the proposed scheme under different initial
conditions and parameter settings, showing the trade-off between achievable per-
formance and algorithm practicality. Moreover, the proposed algorithm showed
its superiority against a comparable algorithm for sum-rate maximization, and
achieved near-optimal solutions for small-sized networks, for which we can evaluate
the globally optimal allocation.
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D2D communications in full-duplex systems

In this chapter, we investigate some of the advantages that D2D communication
operating in full-duplex (FD) can bring to cellular systems. In the first part, we
propose a mode selection scheme that capitalizes on the FD operation of the devices
to autonomously infer on their best communication mode given no prior information.
In the second part, we focus on FD relay-assisted D2D communication in Rician
fading environment. The objective is to study the enhancement brought by D2D
and FD operations in terms of network coverage, transmissions quality, and spectral
efficiency.

7.1 Distributed D2D mode selection in full-duplex systems

7.1.1 Motivation and contributions
A proper communication mode assignment (i.e., cellular mode or D2D mode) is
important to realize the gains promised by D2D communication. As largely discussed
in Chapter 2, several solutions have been proposed in the literature aiming to
optimize various performance measures (e.g., throughput [52], energy efficiency [54],
and load-dependent utility [55]). However, the practical implementation of most
of these solutions is challenging because they either require global CSI, or add a
considerable amount of overhead to the system [52, 54, 55, 166, 167].

Recently, the authors of [57] draw the attention to these practical issues, empha-
sizing that it is preferable that users choose their optimal communication mode in
a distributed manner and without prior information. This because implementing
centralized solutions, as well as obtaining channel/network knowledge, is in general
costly and unpractical. To address these concerns, the authors of [57] formulate
the mode selection problem as a stochastic multi-armed bandit game. Although
the proposed solution is fully distributed and does not require prior information at
the users, it has the drawback of involving several power-inefficient communication
mode switches before selecting the communication mode.

Most of the works on mode selection for D2D communication consider half-
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duplex systems. Only during the last few years researchers have started investigating
the appealing combination of D2D communication with FD operations [168]. In
fact, because of the small distance between D2D users, the transmit power is low
and the self-interference (SI), which is the main drawback of FD transmissions, is
manageable. In particular, the studies in [169] and [170] gave the first insights into
the performance gain achievable by underlay D2D communication transmitting in
FD. Recently, the authors of [171], [172] and [172] studied the transmission mode
selection problem for FD D2D-enabled systems, meaning the selection of idle mode,
HD transmission, and FD transmission for a given D2D pair.

To the best of our knowledge, a mode selection algorithm for D2D communication
operating in FD networks is still missing. With this work, we aim at filling this gap.
Additionally, we make use of the FD technology not only to enhance the spectral
efficiency of the system, but also to overcome the aforementioned practical concerns
on the CSI knowledge. We propose a mode selection algorithm that:

• aims at maximizing the probability of successful communication between
mobile users, in a multi-cell fast-fading environment;

• capitalizes on the in-band FD capability of the devices to infer whether D2D
mode can improve the quality of the communication between two mobile users,
with respect to the traditional cellular mode;

• runs in a distributed manner and does not require any pilot signaling or prior
CSI because it leverages only existing control signaling mechanisms. These
are remarkable advantages compared to the state-of-the-art methods.

7.1.2 System model and problem statement

System model. We consider a multi-cell network. In each cell, at most one user
pair (a mobile transmitter and its intended mobile receiver) can be assigned to
a given frequency channel1. Initially, all user pairs communicate in cellular mode
and use the same channel for both uplink and downlink transmissions. We assume
overlay D2D communication, in particular, when a user pair switches to D2D mode,
it keeps the same channel that was assigned for the communication in cellular mode.
We focus on the unidirectional communication between two users; in particular, on
the data transmission from user UE1 to user UE2, in a given cell.

When the user pair UE1 - UE2 communicates, both data and control transmis-
sions occur on the same channel, as illustrated in Figure 7.1(a). The BS is equipped
with multi-user multiple-input multiple-output (MU-MIMO) receiver [16] and can
obtain different concurrent uplink signals on the same channel, namely the data
signals from UE1 and the control signals from UE2. Moreover, both the BS and
the mobile users are capable of in-band FD operations. We model the SI as the
attenuation factor β multiplied by the transmission power of the node.

1The frequency-channel assignment is out of the scope of this study.
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The time is slotted, with each slot corresponding to a single data packet trans-
mission, and UE1 transmits a data packet in every slot. Because the BS typically
has better capabilities to handle interference than mobile devices, we assume that
the downlink transmission is the weakest link under deep fades. At the receiver UE2,
the packets forwarded by the BS are checked for errors, and Acknowledge (ACK) or
Not Acknowledge (NACK) control messages (assumed error-free) are sent back to
the BS at the end of each time slot; see Figure 7.1(b). Furthermore, the three nodes
(UE1,UE2 and BS) are synchronized and they all know when the ACK/NACK
uplink control signals are sent.
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Figure 7.1: (a) Cellular mode: the BS forwards the data from UE1 to UE2. User UE2
replies with ACK/NACK signals that are overheard by UE1. From these control signals,
transmitter UE1 decides whether to switch to D2D mode or not. (b) UE2 sends the
ACK/NACK signals to the BS after each transmission time slot.

We use Gij to denote the channel gain of the radio link between nodes i and j,
where i and j are equal to 0, 1, or 2, depending on whether they indicate the BS,
UE1 and UE2, respectively. The channel gains are modeled as Gij = Ḡijhij where
Ḡij represents the distance-dependent power attenuation, and hij is an exponentially
distributed random variable with unit mean, representing Rayleigh fading2. We
assume frequency non-selective block fading, with a block length of one time slot.

We indicate with P1 and P0 the data transmission power used by UE1 and
the BS, respectively, while P2 is the power used by UE2 to send the ACK/NACK
feedback. Powers P0 and P2 are fixed, while uplink powers are user-dependent and
assigned with the LTE open-loop power control scheme discussed in Chapter 5.
Finally, we use σ2 to denote the thermal noise power, and γd and γc to denote

2In this work we assume Rayleigh fading as often used in the literature. However, the approach
presented in this study can be equally applied to other fading models.
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the minimum SINR values to successfully decode the data and the control signals,
respectively. Note that, in general, γc<γd, because of the large coding gain of the
short (1-2 bits) uplink control signals [75].

Problem statement. Let us indicate with γCell
2 and γd2d

2 the SINR at UE2 when
communicating with UE1 in cellular mode and in D2D mode, respectively. We
want to find the communication mode that maximizes the probability of successful
communication from UE1 to UE2 in a distributed manner. Specifically, we want
transmitter UE1 to solve the following problem

maximize
m∈{Cell,d2d}

Prob(γm2 ≥ γd), (7.1)

given no prior information about the involved channels and the network topology.

7.1.3 Mode selection based on sequential test

We build our distributed solution to (7.1) on the observation that if UE1 is aware
of the ACK/NACK signals sent by UE2, she can draw some conclusions about the
communication quality both in cellular and in D2D mode, and thus select the best
one. In what follows, we first give the intuition behind this observation, and then
describe the proposed mode selection algorithm.

Mode selection idea

Users UE1 and UE2 start communicating in traditional cellular mode. When UE2
attempts to decode the data sent by the BS, two cases can occur depending on the
SINR γCell

2 =P0G02/(I2 + σ2) at UE2, where I2 in the interference:
1. UE2 sends an ACK to the BS implying that γCell

2 ≥ γd;
2. UE2 sends a NACK to the BS implying that γCell

2 < γd.
While UE1 transmits data to the BS, it also listens to the ACK/NACK signals

sent by UE2. Three cases can now occur, depending on the SINR γ1 =P2G21/(I1+σ2)
at UE1, where I1 is the interference level:

1. γ1 ≥ γc and UE1 decodes a NACK. The downlink transmission is not successful
but there may be good channel quality for the direct link between UE1 and
UE2;

2. γ1 ≥ γc and UE1 decodes an ACK. There is a good channel condition for the
cellular mode communication and, in addition, there may be good channel
quality for the direct link between UE1 and UE2;

3. γ1 < γc: either UE1 does not hear anything from UE2 (γ1 = 0), or the
ACK/NACK signal is very weak and she cannot decode it. In this case,
switching to D2D mode is not favorable.
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In our system model, all uplink, downlink, and control transmissions assigned
to the same channel, together with the SI, contribute to I1 and I2. A significant
contribution to these two terms is given by intra-cell interference emanating from
the FD operations (i.e., the downlink and the uplink transmissions that affect I1
and I2, respectively, as shown in Figure 7.1(a)). Note that if UE1 switches to D2D
mode, these high interference terms vanish, while the SI still remains.

Another important observation is that because γc < γd, even if UE1 can decode
the control signals from UE2 when in cellular mode, UE2 might not be able to
successfully decode the data signals from UE1 if in D2D mode. Therefore, a power
adjustment for the D2D mode is needed. We set the power of UE1 when in D2D
mode to P̃1 =

√
γd / γcP2 to approximate the probability that UE2 successfully

decodes the D2D data from UE1 to the probability that UE1 successfully decodes
the control signals from UE2 when in cellular mode; see Appendix 7.A.

Mode selection algorithm based on sequential test

To solve the mode selection problem, UE1 must determine if Pd2d > PCell only
on the basis of the information she gathers from the ACK/NACK control signals
sent by UE2. Let s=[s1, s2, . . . , st] denote the sequence of control signals that UE1
collects up to the t-th time slot. Each element of s is

st =


A ifUE1 hears an ACK,
N ifUE1 hears a NACK,
∅ if ACK/NACK signal is not heard.

From s, UE1 can build two different sequences, x and y. At each slot t, the elements
of x and y are obtained as follows:

xt =


1 if st = A,
0 if st = N,
− if st = ∅,

yt =


1 if st = A,
1 if st = N,
0 if st = ∅,

where the symbol “−” indicates that the element is disregarded. Thus, at slot t,
the sequence x has

∑t
i=1 1∅(si) elements less than y, where 1A(x) is the indicator

function of the event A.
Building on the observations given in the previous subsection, the probability that

the communication in cellular mode is successful depends on the amount of ACKs
that UE2 sends. On the other hand, the probability that the communication in D2D
mode is successful depends on how often UE1 correctly decodes the control signals
from UE2. We capture this by setting PCell,Prob(xi=1) and Pd2d,Prob(yi=1).

We seek for a decision rule that, on the basis of the smallest amount of ob-
servations possible, let UE1 decide whether PCell > Pd2d or not. To this end, the
sequential procedure proposed in [173] provides a useful tool for the case at hand.

We recast our mode selection problem as deciding which of two sequences of
Bernoulli trials, observed at different rates, has the greatest success probability.



112 D2D communications in full-duplex systems

Doing so, the decision procedure becomes as follows. At time slot t, UE1 computes
the number of ACKs and undetected control signals collected up to that slot; that
is, nA(t) =

∑t
i=1 1A(si), and n∅(t) =

∑t
i=1 1∅(si), respectively. Subsequently, UE1

evaluates the function

ψ (t, nA(t), n∅(t)) = 2 tnA(t)− (t− n∅(t))2

2t− n∅(t)
. (7.2)

Given a predefined positive constant B, user UE1 stops detecting the control signals
from UE2 at the first time slot T such that |ψ (T, nA(T ), n∅(T )) |≥B. Then, UE1
infers the following conclusions

ψ (T, nA(T ), n∅(T )) ≥ B ⇒ PCell>Pd2d ⇒ Cellular mode,
ψ (T, nA(T ), n∅(T )) ≤ −B ⇒ PCell<Pd2d ⇒ D2D mode.

The values of the function in (7.2) for which no decision can be made lie in the
indecision interval [−B,B]. Hence, when B increases, more observations are needed
to select the communication mode, as shown in the simulation results section.

The proposed algorithm for user pair UE1−UE2 is summarized in Algorithm 4,
where we assume a maximum time-window Tmax for sampling.

Algorithm 4: The Seq.test algorithm at UE1

1: Input P1, P2, γ
d, γc, Tmax;

2: Output m?

3: m? ← Cell, t← 1, Decision ← false;
4: while ¬ Decision ∧ t ≤ Tmax do
5: Detect ACK/NACK signals from UE2
6: Compute ψ (t, nA(t), n∅(t)) in (7.2)
7: if ψ (t, nA(t), n∅(t)) ≥ B then
8: m? ← Cell;
9: Decision ← true;
10: else
11: if ψ (t, nA(t), n∅(t)) ≤ −B then
12: m? ← d2d;
13: Decision ← true;
14: end if
15: else
16: t← t+ 1;
17: end if
18: end while
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7.1.4 Numerical results

We consider a seven-cell network with randomly placed mobile users. For our
purposes, we focus only on the seven user pairs, one in each cell, assigned to
the same channel (see Figure 7.2(a)). The transmission powers are set as follows:
P0 = Pmax

0 /|F|, where Pmax
0 is the maximum available power at the BS; P1 is

computed according to the LTE open-loop power control scheme discussed in
Chapter 5, and P2 = γc σ2Rα, where R is the cell radius. The main simulation
parameters are listed in Table 7.1.

Table 7.1: Simulation parameters.

Parameter Value Parameter Value

Pmax
0 , Pmax 40 W, 250 mW σ2 −174 dBm/Hz
α 4 R 500 m
ρ 0.8 PIN −116 dBm
|F| 25 β −95 dB
γc, γd 0, 10 dB B 4
Tmax 30 Monte Carlo runs 500, 1000

First, we look at the performance of the proposed algorithm with respect to
the design parameter B. We generate 1000 Monte Carlo simulations, each with
a different triple of probabilities

(
Prob(si = A),Prob(si = N),Prob(si = ∅)

)
. By

knowing the true probabilities PCell and Pd2d, we can compare the optimal decision
to the one selected with the proposed algorithm. Figure 7.2 reports the achieved
results. For different values of B, we look both at the average number T̄ of slots
needed to make a decision (i.e., average number of samples in the sequence s) and
at the probability of error.
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Figure 7.2: For different values of parameter B: 7.2(a) average number of observations
needed to make a decision, and 7.2(b) probability of not choosing the best communication
mode.



114 D2D communications in full-duplex systems

As mentioned before, when B increases, more observations are needed to select
the communication mode, as shown in Figure 7.2(a). On the other hand, because
having more observations of the ACK/NACK signal corresponds to more information
available, the probability of error reduces with larger B. In particular, Figure 7.2(b)
shows that the probability of error goes down to 2% for B > 10. Moreover, for large
values of B (beyond 15), the algorithm gives the wrong decision when PCell ≈ Pd2d.
This is in line with the analysis presented in [173], showing that the error probability
depends approximately on the odds ratio of the probabilities under comparison.
This does not represent an issue for the application considered in this work. In fact,
when PCell ≈ Pd2d, transmitter UE1 remains in the indecision state and continues
communicating to UE2 in cellular mode. However, the performance of the two modes
are similar and there is no need to switch mode.

We use the results in Figure 7.2 to gain some insights into the proper selection
of parameter B. Specifically, we consider B = 4 a good choice to trade-off between
error probability and required time for our mode selection algorithm.
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Figure 7.3: (a) Network topology: asterisks and circles represent transmitters and receivers,
respectively. Gray squares indicate user pairs assigned to D2D mode. (b) Average SINR at
the receivers with and without mode selection.

We now evaluate the performance of the proposed algorithm when applied to
the simulated network in Figure 7.3(a). Specifically, we consider the case when all
users are in cellular mode, and the case where mode selection is performed with the
proposed algorithm. For the two cases, we compute and compare the average SINR
of each receiver over 200 time slots. Figure 7.3(b) shows the results. We can see
that the in-band FD operations strongly affect the mode selection decision and the
achievable performance. In particular, when a mobile transmitter is very close to
the BS, she perceives high intra-cell interference from the BS. As a consequence, the
mobile transmitter is not able to decode the ACK/NACKs, and she does not switch
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to D2D mode, even if she is very close to her receiver. This situation is shown in cell
no.3 in Figure 7.3(a). This is not the case for the user pairs in cells no. 1, 2, and 4.
For them, the short distance between the users and the sufficiently large distance
between each transmitter and the BS allow for D2D communication.

Moreover, the results in Figure 7.3(b) show that the pairs that switch to D2D
mode increase considerably their SINR. This is mainly due to the elimination of the
UE-to-UE interference, which is high when the transmitter and receiver are close
to each other. Therefore, we conclude that, especially in those cases, D2D mode
represents a good alternative to boost the communication performance. Furthermore,
we see that when a user pair switches to D2D mode, the SINR of all users increases.
This is because with D2D communications there are less transmissions in the shared
channel compared with the cellular communications only, leading to a beneficial
interference reduction in the entire network.
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Figure 7.4: Distribution of the user profit and network profit for 500 different scenarios.

To gain more insights into the benefits of the proposed mode selection algorithm,
we first define γj(MSi) as the average SINR achieved by user pair j when user
pair i is using the communication mode selected by our algorithm, and γj(MSi)
as the average SINR achieved by user pair j when user pair i is not using the
communication mode selected by our algorithm. The SINRs are averaged over 200
slots with different fading values. Then, we introduce the following two metrics.

• User profit: for a given user pair i, it is defined as ∆SINRi , γi(MSi)−
γi(MSi). This metric measures the SINR gain/loss of pair i when using the
communication mode chosen our algorithm. Here, we consider i=1, that is,
the user pair in cell no.1 (see Figure 7.3(a)).

• Network profit: it is defined as ∆SINR,minj 6=i{γj(MSi)− γj(MSi)}. This
metric measures the maximum degradation of the SINR that pair i causes to
the other pairs when using the communication mode chosen by our algorithm.
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Figure 7.4 shows the results for 500 network topologies. From the two histograms,
we draw the following conclusions. First, it is beneficial for a user pair to use
the communication mode selected by our algorithm because the SINR increases in
approximately 94.5% of the cases. Second, the greedy selection of the communication
mode of each pair has small impact on the performance of the other users. In
particular, in 16% of the cases the other users gain from the mode selection decision
of pair 1. When there is a loss in the SINR, in approximately 94% of the cases it is
at most 4 dB. Note that from the other pairs perspective, it is in general preferred
that pair 1 is in D2D mode because that removes the interference from the BS.
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Figure 7.5: CDF of the SINR achieved by pair 1 with different mode selection approaches.

Finally, in Figure 7.5 we compare the performance of the following mode selec-
tion approaches: i) Cellular mode: when all user pairs communicate via the BS;
ii) D2D mode: when all user pairs communicate directly; iii) Seq. test: when the
communication mode of each pair is selected with the proposed algorithm; iv) Exh.
search: when we evaluate the performance of all combinations of mode selection for
the seven user pairs (that is, we perform an exhaustive search), and select the one
that boosts the users’ SINR the most. Figure 7.5 shows the CDF of the SINR when
considering 500 random network topologies. To reduce the edge effect, we show only
the performance of user pair in cell no.1 (see the example topology in Figure 7.3(a)).
We can see that forcing the user pairs to transmit directly is the worst strategy,
mainly because of the potentially very large distance between the transmitters and
intended receivers (in fact, it can reach twice the cell radius). Instead, a proper
selection of the communication mode of each user pair improves the performance oth-
erwise achievable with the traditional Cellular mode communication. In particular,
Figure 7.5 shows that the CDF related to the proposed algorithm is shifted towards
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higher values of SINR than the CDF for the Cellular mode, with a reduction of the
probability of outage by approximately 6%. It is remarkable that the performance of
our proposed algorithm is close to the one achieved via exhaustive search, with the
advantage that our scheme is fully distributed and does not require any knowledge
about the statistics of the channel gains. Additionally, with the proposed algorithm
the mobile transmitter decides whether to switch to D2D mode or not using, on
average, only seven samples of the ACK/NACK information.

7.2 Relay-assisted D2D communication

7.2.1 Motivation and contributions
D2D technology with relaying operations is a promising approach to enable the
communication between two nodes when both the direct D2D mode and the tradi-
tional cellular mode do not guarantee the desired QoS. This occurs, for example,
because of high path-loss, blocking or shadowing between the two nodes, or a natural
disaster that has damaged the network infrastructure [29, 174]. In these situations,
alternative path(s) from source to destination via one or multiple relays is a viable
solution, exploiting cooperative diversity, and providing network-coverage extension
without infrastructure deployment [175].

The ability of the relay nodes to transmit either in FD or in HD mode provides
a trade-off between spectral efficiency and interference avoidance. In fact, although
FD relays can increase the spectral efficiency, they need to deal with the SI [176].
Leveraging the state-of-the-art progress in SI cancellation techniques, many recent
works investigate the advantages of FD relay-assisted D2D systems. The authors
of [177] analyze the resource allocation problem for full-duplex relay-assisted D2D
systems with multiple D2D user groups (each user group consists of a cellular user,
D2D pair, and FD relay) coexisting in an underlaying manner. The objective is to
maximize the system throughput by means of optimal power and subcarrier alloca-
tion. In [178], two cooperative strategies are developed for FD D2D communication:
in one, two D2D users forward the data to cellular users exploiting channel diversity;
in the other one, the D2D users forward the received cellular data sequentially,
leveraging the spatial distribution of the users. The authors consider the sum rate
as the relay-mode selection criterion, which is optimized via power allocation. A
power control algorithm for SINR maximization is proposed in [179] for a scenario
where D2D users are assisted by fixed-location FD relays.

As confirmed by the aforementioned works, power control is often used to reduce
the interference and improve the throughput and spectral efficiency of wireless
networks. Especially in relay-aided systems, power efficiency is a crucial requirement
because the relays sacrifice the lifetime of their battery-limited devices for the data
transmission of other users. For this reason, several works have focused on power
control techniques for relay-assisted networks. When considering relays without
buffering capabilities, the authors of [176] propose a power allocation based on
instantaneous CSI, while the authors of [180] and [181] propose a power allocation
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for dual-hop and multi-hop relaying scenarios, respectively. A hybrid FD-HD relaying
scheme was developed in [182], offering improved performance compared to FD- or
HD-only relaying.

More recently, the concept of buffer-aided relaying has increased the flexibility
of the relaying selection, by choosing different relays for transmission and reception.
Several algorithms have been proposed in the literature for buffer-aided FD and
successive opportunistic relaying assuming instantaneous CSI; see the extensive
survey in [183] and references therein.

Because channel conditions may vary rapidly, it is more reasonable in practice
to assume statistical rather than instantaneous CSI. For example, many works in
the literature have focused on analyzing and computing the outage probability of
Rayleigh fading channels [155, 175, 177–180, 184, 185]. Modeling the communication
links with Rayleigh fading is reasonable when the line-of-sight (LoS) components
of the signals are negligible. However, in the context of D2D network, the short
distance between the nodes is likely to cause a prominent LoS component for which
the Rician fading model is more appropriate. Analysis of the performance of relay
systems under Rician fading environment can be found in [186]. However, the authors
of [186] do not consider FD operations and do not provide any power optimization
frameworks. This work aims at filling this gap in the literature of FD relay-assisted
D2D communication.

We summarize our contributions in this work as follows:
• assuming Rician-fading channels, we propose an algorithm that jointly selects

the transmission mode of the relays (among FD, HD, and successive relaying),
and assigns the transmission powers to all transmitters;

• we formulate a convex optimization problem for relaying-mode selection and
power minimization that accounts for the random variation of the channels by
leveraging concepts from risk theory discussed in Chapter 5.

7.2.2 System model

System topology. We consider a single-cell scenario, where the direct D2D
transmission between mobile users is also allowed on the cellular spectrum. As
illustrated in Figure 7.6, we focus on the communication between two mobile users,
indicated as Source (S) and Destination (D). We consider the situation in which
these two users are unable to communicate successfully either via the BS (cellular
communication) or via direct link (one-hop D2D communication) because of the
unfavorable channel condition that D experiences towards both the BS and S. In
such scenario, we say that D is in out-of-range with respect to both the BS and
the transmitter S. Nevertheless, we assume that within the cell there are other
users that are in-range with respect to both S and D and hence might act as
Decode-and-Forward relays.

Each transmitter and intended receiver are assigned to a dedicated frequency
channel. This means that intra-cell interference is caused only by possible relays
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Figure 7.6: Example of relay-assisted D2D communication. The Source node wants to send
data to the Destination node, but neither the traditional cellular communication via the
BS nor the direct D2D communication between Source and Destination can take place. In
this case, a proper relay selection can be the viable solution to support the communication
from Source to Destination.

that reuse the already assigned channels.
Finally, we assume that the relay-discovery phase has already been performed;

that is, the network has identified the set of nodes suitable for relaying. The objective
of this work is to select the best relay(s) and relaying mode (discussed below) that
boost the performance of the communication from S to D the most.

Relaying modes. Let R denote the set of all relay candidates. Each relay can
transmit in FD and holds a buffer (data queue) of finite length. The buffer stores
the decoded data from S that must be forwarded to D. We consider three possible
relaying operations (relaying modes) to support the communication from S to D;
as illustrated in Figure 7.7:

• Full-Duplex relaying (FD): the same relay transmits and receives simulta-
neously on the same channel. This mode enhances the spectral efficiency but
introduces SI;

• Successive Opportunistic relaying (SO): because we assume multiple
buffer-aided relays, two different relays can simultaneously use the same
channel: one to receive data from S and another one to transmit data to D.
In this case, cross-interference between the two relays occurs;

• Half-Duplex relaying (HD): either a transmission from S to a relay or a
transmission from a relay to D can take place on the channel assigned for the
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communication from S to D. This mode is used, if possible, when the FD and
SO modes are unfeasible.

DS

FD
SO
HDR1

GSR1 GR1D
GR1R2

GSR|  | G R|  |R|  | G  DR|  |

R2

R| |

GSR2 GR2D

Figure 7.7: System model with the three relaying modes considered int this work.

The system operation is divided into time-frames during which the channels
statistics are assumed to remain unchanged. At the beginning of each frame, a
relaying mode is selected, with the corresponding transmission power for the source
S and selected relay, and used for the remaining frame duration.

Channel model. We indicate with hij the channel coefficient of the link between
nodes i and j, where i, j ∈ {S,D}∪R. The coefficients hij represent the effect of path
loss, shadowing and frequency nonselective fading, and are modeled as independent
complex Gaussian random variables with E[|hij |2] = ε2ij . The distribution of hij
depends on whether or not there is a LoS component between the transmitter i and
receiver j.

We assume that the transmission link between mobile users for which it is
reasonable to set up a D2D link (that is, the Source-Relay and the Relay-Destination
links) is dominated by the LoS component. Thus, we model those links as Rician
fading channels and assume [187]

hij =

√
ε2ijKij

1 +Kij
+

√
ε2ij

1 +Kij
h̃ij for

{
ij ∈ {SRk,RkD},

Rk ∈ R,
(7.3)

where h̃ij are independent identically distributed complex Gaussian random variables
with zero mean and unit variance, and Kij ≥ 0 is the Rician K-factor of the
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transmission from i to j. When considering FD operation, the transmitting and
receiving antennas are physically very close to each other; therefore, there actually
exists a strong LoS component between them, leading to large values of Kij when
i = j. However, after applying SI-cancellation mechanisms, the LoS power can be
reduced and so the K-factor [188].

We assume no LoS between the relays, and model the links between the relays as
Rayleigh channels. We therefore set Kij = 0 when i, j ∈ R and i 6= j. This assump-
tion can be modified without changing the following analysis if more information is
known about the inter-relay channels.

Given the random variables hij , the corresponding channel gains are obtained
as Gij = |hij |2, which are exponentially distributed in the case of Rayleigh fading,
and with noncentral χ2 distribution in the case of Rician fading.

7.2.3 Problem statement

Let Pi be the transmission power used by node i, where i ∈ {S} ∪ R, and σ2
j the

thermal noise power at all receivers j ∈ R ∪ {D}. Because of the power attenuation
over the wireless link, node j receives a power level PiGij from the transmitter i.
Referring to the system model in Figure 7.7, when node S and the selected relay Ri
transmit, the SINR at the selected relay Rj and at node D are, respectively:

γRj (P,G) =
PS GSRj

PRi GRiRj + σ2
Rj

, γD(P,G) = PRi GRiD
σ2
D

. (7.4)

Here, P = [PS PRi ] represents the vector of the assigned transmission power, and
G = [GSRj GRiD GRiRj ] is the vector of the channel gains. The transmission power
of each node i cannot exceed a given maximum value Pmax

i . Note that in HD mode
the inter-relay interference becomes zero and PRiGRiRj =0 in (7.4).

We assume that the QoS requirement of the transmission from transmitter i
to the intended receiver j is met if the S(I)NR exceeds a given threshold γtgt.
Therefore, the link from node i to node j, that we indicate by {i− j}, is in outage if
γj(P,G) < γtgt. For the sake of readability, in the sequel we omit the dependence
of γj on (P,G).

Relaying scheduling and power allocation. Our goal is to select a set of links,
which depends on the chosen relay node(s) and relaying mode, such to guarantee at
least ρ probability of successful communication (i.e., of not being in outage) with
the minimum power consumption3.

For spectral efficiency, we first seek for the optimal relay-assisted D2D com-
munication with FD and SO relaying modes. Therefore, for each possible link-

3Because relays with empty buffer cannot transmit data and those with full buffer cannot
receive data, they are excluded from the selection process.
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pair {S −Rj , Ri −D}, with {Rj , Ri} ∈ R, we first solve the following problem:

minimize
PS ,PRi

PS + PRi

subject to min
(
Prob(γRj ≥ γtgt), Prob(γD ≥ γtgt)

)
≥ ρ, (7.5)

0 ≤ Pt ≤ Pmax
t , t = S,Ri.

For each link-pair {S−Rj , Ri−D} (with Rj = Ri for the FD case), the solution
to (7.5), when it exists, gives a power consumption φji , Ps + PRi . Then, the
optimal relays and relaying mode is the one corresponding to the minimum power
consumption; that is, the pair {i? − j?} such that φi?j? = minij{φij}.

If Problem (7.5) has no feasible solution, and thus the FD and SO relaying
modes cannot be used, the activation of HD relaying is attempted. This is done by
solving the following optimization problem for the link {i − j}, where i=S, and
j=Rk, or i=Rk and j=D, for each relay Rk∈R:

minimize
Pi

Pi

subject to Prob
(
PiGij
σ2
j

≥ γtgt

)
≥ ρ, (7.6)

0 ≤ Pi ≤ Pmax
i .

Optimization (7.5) and (7.6) can be efficiently solved when the channel gains
are all exponentially distributed, which is the case of Rayleigh environment. When
considering Rician fading, the computation of the outage probability becomes harder
because of the integration of the χ2 distribution, as discussed in details in Chapter 5.
In what follows, we make use of the results presented in Section 5.2 to solve the
above optimization problems.

7.2.4 Power allocation under uncertainty
In this subsection, we focus on deriving an efficient solution to (7.5), omitting the
equivalent analysis that can be done for (7.6). We apply the concept of CVaR,
already presented and discussed in Chapter 5, to the power control in (7.5). To this
end, we define the following loss function for receivers Rj and D in the FD/SO
relaying:

LRj , −PS +
γ0 GRiRj
GSRj

PRi + γ0 σ
2
N

GSRj
,

LD , −PRi + γ0 σ
2
N

GRiD
.

The goal is to keep these functions negative (thus limiting the loss) in order
to fulfill the SINR constraint of the corresponding receivers. However, because of
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the randomness of vector G, each loss function is itself a random variable having a
distribution induced by G. By introducing the ρ-CVaR constraints, we aim at finding
the power allocation that properly shapes the distribution of the loss functions to
fulfill the success probability requirement. We therefore rewrite (7.5) as follows

minimize
P

PS + PRi

subject to ρ-CVaR(Lr) ≤ 0, r ∈ {Rj , D}, (7.7)
0 ≤ Pt ≤ Pmax

t , t ∈ {S,Ri},

where ρ-CVaR(Lr) is a function of the power vector P. As in Section 5.2, we obtain
ρ-CVaR(Lr) by means of an auxiliary function as follows

ρ-CVaR(Lr) = min
Cr∈R

Cr+E [max{0, Lr(P,G)−Cr}]
1− ρ ,

where E[·] is the expected value that we approximate numerically with Ns samples
of the random vector G. Thus, we rewrite the CVaR constraint in (7.7) as

min
Cr∈R

Cr + 1
(1− ρ)Ns

Ns∑
s=1

max{0, Lr(P,Gs)−Cr} ≤ 0.

Moreover, we can remove the max-operator by rewriting (7.7) as the following linear
programming formulation:

minimize
{PS ,PRi},{Cr},{β

s
r}

PS + PRi

subject to Cr + 1
(1− ρ)Ns

Ns∑
s=1

βsr ≤ 0, r = Rj , D,

βsr ≥ Lr(P,Gs)− Cr,
{
s = 1, . . . , Ns
r = Rj , D

, (7.8)

βsr ≥ 0,
{
s = 1, . . . , Ns
r = Rj , D

,

0 ≤ Pi ≤ Pmax
i , i = S,Ri,

where Gs = [GsSRjiG
s
RjRj

GsRjD] is the s-th sample of the random gains vector G.
To solve (7.8), we only need the statistical CSI of the links {i−j} involved in the

optimization problem. In particular, we need to know the coefficients ε2ij necessary to
obtain the Ns samples of the random gains from (7.3). These coefficients are related
to the average channel gains and thus to the physical distance between nodes i
and j. Assuming low mobility scenarios, they can be updated on a larger time scale
than the fast fading time scale. This means that by solving (7.8) we allocate the
transmission power and select the best relaying mode taking into account the fast
variations of the channels, but avoiding frequent updates of the instantaneous CSI.
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Algorithm 5: The HyD2D algorithm
1: Input Pmax

i , Kij , ε2ij
2: Solve (7.5) via (7.8) for all possible relay pairs {Ri, Rj}, obtaining the set

Φ , {φij = PS + PRj}
3: if Φ 6= ∅ then
4: Optimal {Ri? , Rj?} is given by i?j? :φi?j? =minij{φij}.
5: else
6: Solve (7.6) via (7.8) for the HD mode4
7: if HD relaying is feasible then
8: Select either {S−Rj} or {Ri−D} requiring the smallest power
9: else
10: No transmission until the frame period is over
11: end if
12: end if

The proposed algorithm for a single time frame, herein called HyD2D, is summarized
in Algorithm 5.

7.2.5 Numerical results
We consider a network with three relay candidates, a full-buffer model (i.e., buffers
do not overflow or underflow), and a target transmission rate of γ0 = 1 Bits-Per-
Channel-Use. We evaluate the performance of HyD2D for different values of ρ. For
comparison, we also consider both the HyD2D and the HD max−link proposed
in [189] with all transmitters using the max power level. These two schemes are
labeled in the plots as HyD2D? and max−link?, respectively.

The main simulation parameters are summarized in Table 7.2.
Table 7.2: Simulation parameters.

Parameter Value Parameter Value

ε2SR1 1 ε2R1D 0.7
ε2SR2 1 ε2R2D 1
ε2SR3 0.8 ε2R3D 0.8
ε2R1R2 0.8 ε2RiRi

(i=1, 2, 3) 10−1 , 10−5

ε2R1R3 0.6 σ2 1 mW
ε2R2R3 0.7 Ns 1000

At the beginning of the frame, we solve the relaying mode selection and power
allocation problem with the aforementioned approaches, and considering different
values of Pmax

i for i in R ∪ S. We then compare the achieved performances in
4The formulation in (7.8) needs to be slightly revisited for the HD relaying mode; in fact, for

the HD mode there is only one ρ-CVaR constraint.
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terms of average throughput at the node D after 10000 time-slots. For simplicity,
we assume that all transmitters have the same maximum allowed power; that is,
Pmax
i = Pmax for each i in the set R∪ S.
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Figure 7.8: Average throughput for different parameters setup.

Figure 7.8(a) depicts the impact of the selected ρ on the average throughput
when the K-factor of all Rician channels is set to 4 dB. The throughput is zero
when γ0 is never reached at the node D. As expected, when increasing ρ, HyD2D
fulfills the desired performance only when the total available power increases as well.
For example, to achieve a success probability of 0.9, HyD2D requires a maximum
power level for each transmitter of at least 8.5 dBm (corresponding to 17 dBm in
the x-axis). Furthermore, we note that with ε2RiRi = 10−1, a success probability of
0.99 cannot be achieved with the FD relaying mode, because of the large SI. For
this reason, when the available max power is at least 10 dBm, the HyD2D selects
the HD relaying mode, instead. The infeasibility of the FD and SO relaying mode
with ρ = 0.99 is also shown by the fact that with the HyD2D? at most 0.976 of
success probability can be achieved.

Figure 7.8(b) shows the performance for lower SI, corresponding to ε2RiRi = 10−5.
Due to more favorable SI conditions than in Figure 7.8(a), here the HyD2D approach
can better meet the rate requirement. In particular, ρ = 0.9 can be guaranteed
already for a maximum power level of 7.5 dBm (corresponding to 15 dBm in the
x-axis). Moreover, the HyD2D can now fulfill the demanding success probability of
0.99 with FD or SO relaying, once the maximum power level for the transmitters is
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at least 9.5 dBm.
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Figure 7.9: Average throughput and throughput per power unit for different ρ.

Figure 7.9(a) shows the results when the Rician K-factor is increased to 10 dB
and with ε2RiRi = 10−1. We can seen that, compared to Figure 7.8(a), the larger
K reduces the situations of outage and the FD relaying mode can fulfill the rate
requirements for a wider range of maximum total power.

A final comparison is shown in Figure 7.9(b), depicting the impact of ρ on the
average throughput per power unit. As Figure 7.9(a), we set the Rician K-factor to
10 dB, and ε2RiRi = 10−1. On the one hand, the HyD2D?) scheme outperforms the
max−link? for a wide range of max power levels, until both converge to zero when
the power consumption becomes very large. On the other hand, after 7 dBm ot
maximum power consumption, the proposed HyD2D provides better performance
because of the more efficient use of the available power obtained with the optimization
approach.

The power efficiency of HyD2D is also shown in Table 7.3. Here, we report the
total power consumption for different values of ρ, and the corresponding power
reduction with respect to the schemes using the max power for both transmitters. As
expected, the required transmit power increases with ρ. However, even for ρ = 0.99,
significant power reduction is achieved with the proposed algorithm, meaning that
it can indeed provide important power gains using the channel statistics to properly
assign the relaying mode and transmission powers.

Finally, we point out that because the CVaR constraint is more conservative
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than the traditional chance constraint (or VaR), the success probability achieved
with the proposed algorithm is often higher than the selected ρ (e.g., Figure 7.8(b)
when ρ=0.7).

Table 7.3: HyD2D power reduction when Pmax
S + Pmax

R =17 dBm.

ρ 0.5 0.7 0.9 0.9

PS + PR [dBm] 5.45 6.55 8.25 11.89

Reduction(%) 96.49 95.48 93.17 84.52

7.3 Summary

In the first part of this chapter, we proposed a practical mode selection scheme for in-
band FD D2D-enabled networks. The proposed algorithm leverages the FD capability
and the existing ACK/NACK signals to evaluate whether two communicating users
should switch to D2D mode to increase their probability of successful communication.
In particular, by recasting the mode selection problem as a sequential test, each
mobile transmitter can autonomously infer the best communication mode with no
prior information about the channel-gain statistics. Simulation results showed that
D2D communication not only overcomes situations where the traditional cellular
communication does not achieve the required SINR, but it also enhances the overall
system performance.

In the second part of this chapter, we proposed a joint relaying-mode selection
and power allocation scheme for relay-assisted D2D communication under Rician
fading channels. The algorithm minimizes the power consumption, while ensuring
the required success probability of the end-to-end communication. To overcome the
complexity of the outage probability constraints under Rician fading, we applied
the concept of coherent-measure-of-risk from the field of finance, thus obtaining
an efficiently solvable linear programming formulation. Simulations showed the
power efficiency of HyD2D, compared to other algorithms under a range of different
parameter setups.

7.A D2D power approximation

The sets U and Ũ denote the sets of nodes transmitting on the same channel as UE1
- UE2, before and after UE1 switches to D2D mode, respectively. P̃j indicates the
transmission power of user j after the mode selection.

UE1 decodes the control signals from UE2 with the following success probability

Pc=1− Prob
(
G21≤

γc

P2

( ∑
i∈U
i 6=1,2

PiGi1+βP1 + σ2
))
,
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and UE2 decodes the data signals from UE1 with the following success probability

Pd=1− Prob
(
G12≤

γd

P̃1

( ∑
j∈Ũ
j 6=1,2

P̃jGj2+βP̃2 + σ2
))
.

The gains Gij are independent exponentially distributed random variables with
means Ḡij . Thus, we have (see [130])

Pc=
∏
i∈U
i 6=1,2

P2Ḡ21

P2Ḡ21 + γc PiḠi1
e−

γc(βP1+σ2)
P2Ḡ21 ,

Pd=
∏
j∈Ũ
j 6=1,2

Ḡ12P̃1

Ḡ12P̃1 + γd P̃jḠj2
e−

γd(βP̃2+σ2)
Ḡ12P̃1 .

Note that P̃2 =P2 because the control power is fixed, and Ḡ12 =Ḡ21 because they
are deterministic quantities related to the physical distance between nodes UE1 and
UE1. We want to determine P̃1 such that Pd ≥ Pc, that is

e−
γd(βP2+σ2)

Ḡ12P̃1
+
γc(βP̃1+σ2)

Ḡ12P2 ≥

∏
i∈U
i 6=1,2

1
1+γc PiḠi1

P2Ḡ12∏
j∈Ũ
j 6=1,2

1
1+γd PjḠj2

P̃1Ḡ12

= Ω. (7.9)

Assuming the SI much higher than the noise, we rewrite (7.9) as

γc P̃1/P2 − γd P2/P̃1 ≥ (Ḡ12/β) ln(Ω). (7.10)

The set U includes the BS, which causes strong interference to UE1, while the
interfering nodes in Ũ are only those in the other cells. Considering that physically
close cell-edge users in neighboring cells should not be assigned to the same channel,
it is reasonable to assume that Ω ≤ 1 and, thus, that the RHS of (7.10) is nonpositive.
This observation allows us to find a power P̃1 that fulfills (7.10) without resorting
any information on the channel gains, that is P̃1 ≥

√
γd / γcP2.
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Conclusion and future work

The integration of D2D communication into cellular networks is a promising so-
lution for supporting the increasing demand of proximity-based applications and
for enhancing the performance of next-generation networks. By allowing direct
communication between the mobile users, we can offload base stations and improve
performance metrics like network coverage, end-to-end latency, energy consumption,
and spectral efficiency.

In this thesis, we addressed some of the challenges brought by the integration of
D2D communication in cellular systems, and validated the potential of this technology
by designing appropriate resource management solutions. Our main contributions
have been in the context of mode selection, power control, and frequency/time
resource allocation mechanisms. On the one hand, we demonstrated that optimized
resource allocations can bring significant gains to D2D-enabled networks, and that
the combination of D2D-communication with other transmission technologies (e.g.
dynamic TDD, FD, relaying) can further improve of future networks. On the
other hand, achieving the truly optimal solution is often challenging both from the
computational perspective and the implementation standpoint.

There are several possible extensions of the work presented in this thesis. For
example, our study in Chapter 4 only considered a single-cell scenario. This neglects
the impact of the interference which is introduced when different cells optimize their
individual uplink/downlink time allocation. One interesting extension would be to
investigate the energy-efficiency problem in the multi-cell dynamic TDD scenario
without synchronization among the cells. Moreover, we focused only on minimizing
the transmission energy consumption. Extending this work to account for circuit
and idle power consumption of transmitters is another interesting direction.

Regarding the centralized robust power control presented in Chapter 5, we
showed through simulation results that its feasibility depends on the network
topology and system parameters. It would be interesting to derive an analytical
feasibility condition of the problem, which would give insight into admission control,
and to design distributed power allocation mechanisms.

For the subcarrier allocation scheme proposed in Chapter 6, a possible extension

129
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could be to investigate the possibility of having concurrent strategy updates. This
would reduce the number of iterations of the game and make it more appealing from
an implementation perspective. Furthermore, it would be interesting to apply recent
learning approaches for finding better, and possibly optimal, NE.

Finally, in the mode selection scheme described in Chapter 7, we limited the
interference by assuming overlay D2D communication. At the same time, we in-
creased the spectrum reuse by assigning the same channel to both data and control
transmissions. However, different channel assignment strategies can be investigated
to balance spectral efficiency and interference. Other extensions could be to tighten
the power approximation for the D2D transmitters, and to consider bidirectional
communications.
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