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Abstract
The fast increase in the population of mobile users inspires the rapid development of wireless communication technology. There are more than 1 billion mobile broadband subscriptions worldwide
today, and this number is expected to grow to 5 billion by 2016. The rapidly increasing number
of mobile subscriptions involves the exponential growth of mobile data traffic which is primarily
dominated by smartphones, mobile PCs and tablets.
These new trends in wireless communications also include high (peak and average) data rates
and low latency expectations from the user point of view, as well as, high spectrum efficiency and
low cost of ownership from the network operator’s perspective. The wireless mobile systems of today
have to meet these stringent requirements. Since the radio resource is limited and very expensive,
the efficient use of the radio spectrum is extremely important from the cost of service point of view.
This goal is particularly challenging for systems that are power, bandwidth, and complexity limited.
A reduction in cost and an increase in bit rates at the same time can be achieved, for example, by
more efficient reuse of spectrum through improved radio resource management (RRM) functions
and by the use of multiple transmitter and receiver antennas that can significantly increase channel
capacity. Therefore, the efficient use of radio spectrum plays a key role in maximizing the utilization
of the system.
This dissertation presents possible solutions on how to increase spectral efficiency by means
of improved channel quality through the use of radio resource management (i.e., power control,
interference management and scheduling) techniques, and through the proper coordination of the
RRM functions exploiting fast backhaul infrastructure in multi-cell environment. In the dissertation, I also show how to exploit the better channel quality to achieve higher capacity (e.g., use of
spatial multiplexing and adaptive modulation) and how to share the radio resources among users
to guarantee a certain level of fairness. Then, I propose possible ways on how to employ these
methods in a real modern cellular network (e.g., in the 3GPP Long Term Evolution (LTE) system). Finally, I propose a solution to further improve the performance of cellular networks in terms
of increased resource utilization, improved user throughput and extended battery lifetime of user
equipments by enabling device-to-device (D2D) communications on top of a cellular infrastructure.
D2D communication introduces a new degree-of-freedom for RRM algorithms in finding the best
configuration of parameters, since they have to select between the direct (device-to-device) or the
cellular (via the base station) mode of operations. I show that the application of joint power control
and mode selection are key RRM functions to manage the new interference situations and realize
the potential gains of D2D communications in future cellular networks.
The results of this dissertation show that the proposed advanced RRM functions are essential
means to achieve high spectral efficiency for cellular and D2D communication links in today’s and
future multi-cell mobile systems.
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Chapter 1

Introduction
The rapid growth of the population of mobile users demands the fast development of wireless
communication technology. To illustrate the massive increase in the number of mobile subscriptions,
Figure 1.1 plots the number of fixed and mobile subscriptions for different types of connections in
the function of time. The number of worldwide mobile subscriptions is around 6 billion today and
is expected to grow to 8.5 billion by 2016. The current number of 1 billion mobile broadband users
is foreseen to reach almost 5 billion within five years.
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Figure 1.1: Worldwide mobile and fixed subscriptions (the mobile subscriptions comprise the mobile
broadband subscriptions) [1]
The rapidly increasing number of mobile subscriptions involves an explosion in the volume of
mobile data traffic. Figure 1.2 shows the generated traffic by mobile subscribers worldwide in the
function of time. Today mobile PCs and tablets dominate the traffic in most mobile networks, but
due to the recent smartphone revolution, the total traffic of smartphones is expected to approach
the same level as that of mobile PCs and tablets by 2016. As it is foreseen in [1], the attractiveness
of accessing the Internet from a mobile device will continue to drive the mobile traffic development
and the mobile data traffic will grow with an annual growth rate of about 60% (between 2011 and
2016) driven mainly by online video applications.
These new trends in wireless communications also include high (peak and average) data rates
and low latency expectations from the user point of view, as well as high spectrum efficiency and low
cost of ownership from the network operator’s perspective. The wireless mobile systems of today
have to meet these stringent requirements. Since the radio resource is limited and very expensive,
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Figure 1.2: Subscriber traffic in all mobile access networks [1]
the efficient use of the radio spectrum is extremely important from the cost of service point of view.
This goal is particularly challenging for systems that are power, bandwidth, and complexity limited.
A reduction in cost and an increase in bit rates at the same time can be achieved, for example, by
more efficient reuse of spectrum through improved radio resource management (RRM) functions
and by the use of multiple transmitter and receiver antennas that can significantly increase channel
capacity. Therefore, the efficient use of radio spectrum plays a key role in maximizing the utilization
of the system.

1.1

Radio Resource Management

The term radio resource management (RRM) is generally used in wireless systems in a broad sense
to cover all functions that are related to the assignment and the sharing of radio resources among the
users (e.g., mobile terminals, radio bearers, user sessions) of the wireless network. The type of the
required resource control, the required resource sharing and the assignment methods are primarily
determined by the basics of the multiple access technology such as Frequency Division Multiple
Access (FDMA), Time Division Multiple Access (TDMA), Code Division Multiple Access (CDMA)
or Orthogonal Frequency Division Multiple Access (OFDMA) and the feasible combinations thereof.
Likewise, the smallest unit in which radio resources are assigned and distributed among the entities
(e.g., power, time slots, frequency bands/carriers or codes) also vary depending on the fundamentals
of the multiple access technology employed on the radio interface.
Radio resource management has to combat the randomly changing radio link conditions by
adapting the transmission and reception parameters to the actual link conditions (often referred to
as the channel state). The better the transmitter can follow the fluctuations of the radio link quality
and adapt its transmission accordingly (modulation and coding, power allocation, scheduling), the
better it can utilize the radio channel capacity. The radio link quality can change rapidly and with
large variations, which are primarily due to the fast fading fluctuations on the radio link but other
factors such as mobility and interference fluctuations also contribute to these. As a consequence,
the various radio resource management functions have to operate on a time scale matching that of
the radio link fluctuations.
The requirement on modern wireless systems in terms of high (peak and average) data rates, low
latency and high spectrum efficiency are fulfilled primarily via the radio resource control functions
being located close to the radio interface where such instantaneous radio link quality information is
readily available. In this case, radio resource management benefits from the fast operation of single
or multi-cell radio network algorithms, and thereby achieves capacity increase in the system. The
improvement in spectral efficiency can also be realized by the use of multi-antenna (e.g., multipleinput and multiple-output (MIMO)) systems where RRM algorithms have to control the additional
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spatial dimension as well, introduced by the multiple transmitter and receiver antennas. Beside
the fast changing radio link quality, the bursty nature of typical packet data traffic also imposes
a challenge on the radio resource assignment and requires a dynamic and fast resource allocation
taking into account not only the instantaneous radio link quality but also the instantaneous packet
arrivals.
A further dimension of control and potential for increased spectrum utilization in RRM algorithms is related to the selection of users, that is, to the selection of radio links to be served in each
time instant. Therefore, fairness in terms of achieved per user capacity also needs to be taken into
account in the RRM algorithms in order to provide certain quality of service to users. However, the
capacity maximization involves the fundamental trade-off between the achieved system throughput
and the level of guaranteed fairness.
As a consequence, a general trend in the advances of cellular systems is that the radio specific
functions and protocols get terminated in the base stations and the rest of the radio access network
entities are radio access technology agnostic [BC1, 2]. Thereby the radio access network exhibits a
distributed architecture without a central radio resource control functionality.

1.2

RRM for Cellular MIMO Systems

Multiple-input and multiple-output systems have already shown great potential to achieve high
throughput in wireless systems [3, 4]. When NT number of transmit antennas at the base station
and NR number of receive antennas at the user terminal are employed, the capacity gain in single
user case is roughly min {NT , NR } times that of single input single output (SISO) systems [3]. The
two most popular approaches for communication using a MIMO channel are transmit and/or receive
diversity and spatial multiplexing (SM). Transmit and receive diversity [5–8] attempts to spread
information across multiple transmit antennas and receive it using multiple receive antennas in
order to enable robust transmission in the presence of fading. On the other hand, the idea of spatial
multiplexing [9, 10] is to divide the incoming data into multiple substreams and each substream is
transmitted using a different transmit antenna, and thereby SM can achieve an increase in data rate
proportional to the number of data streams. The SM scheme is beneficial in those cases when the
system is limited by channel bandwidth as opposed to power limited case, since the data streams
have to share the available transmit power and thus, the per stream SINR is decreased significantly
at the receiver. Since practical systems makes trade-off between reliability and data rate, it is an
interesting question how to choose between transmit diversity and spatial multiplexing transmission
modes in a given time instant to maximize system performance.
As it was shown in [11] and [12], the performance of a MIMO system decreases seriously in a
cellular network which is often interference limited and operates in a low signal-to-interference-andnoise ratio (SINR) regime. Therefore, novel radio resource management techniques are required to
deal with interference and power control in order to make MIMO viable in cellular networks. A
significant amount of prior work on MIMO cellular systems focused on capacity analysis and receiver
design for interference mitigation [11,13,14]. A recent work on MIMO power control has shown that
multi-cell coordinated power control can minimize the overall transmit power so as to maintain a
predetermined SINR target [15]. However, none of these methods are easily extended to throughput
maximization problems and only quite few works deal with the (near) optimal setting of the SINR
targets [16, 17]. It is shown in Chapter 2 (Thesis 1) and in the related publications [C1–C3, J1, J3],
that SINR target tuning and the dynamic selection of the most suitable MIMO transmission mode
are efficient RRM means to control fairness and improve system performance in multi-cell MIMO
systems.
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1.3

Inter-Cell Interference Coordination

The reduction of inter-cell interference for multi-cell wireless systems including the Global System
for Mobile Communications (GSM), the Enhanced General Packet Radio Service (EGPRS), the
Enhanced Data Rates for GSM Evolution (EDGE), and the Universal Terrestrial Radio Access
(UTRA) has been the topic of research ever since these systems started to gain popularity. A
comprehensive survey can be found in the classical paper by Katzela and Naghshineh [18]. Intercell interference coordination (ICIC) is inherently a multi-cell RRM function that can take into
account the resource usage status and traffic load situation of multiple cells. ICIC has the task to
manage radio resources such that inter-cell interference is kept under control. The preferred ICIC
method may be different in the uplink and in the downlink. The role of ICIC in single antenna, as
well as, in multiple antenna systems has been actively studied by the research community, see for
instance [BC1, 18–30, C5, J4].
However, most of these papers formulate the problem of ICIC as an optimization task with
the objective to maximize some system wide utility function subject to fairness or other types of
constraints. These works provide useful insight into the theoretical gains that can be achieved by
ICIC techniques, but they typically assume ideal inter-cell information knowledge (e.g., channel
state, traffic status and user status) and idealized RRM algorithms. Therefore, the results of
these optimization problems may not provide direct input to system design. Thus, there is a need
to quantify the ICIC gains in a realistic system setting that accurately models the operation of
scheduling, link adaptation, fast retransmissions and channel state information reporting which is
the main objective of Chapter 3 (Thesis 2). This chapter is built on my research results reported
in [BC1, CO1, CO2, C5, J4] in the area of inter-cell interference coordination.

1.4

Multi-Cell Coordinated RRM

Recently, tight network coordination in cellular systems has been demonstrated to improve the
spectrum efficiency by means of signal processing methods. When employing signal processing
methods, all base station antennas act together as a single network antenna array, and each user
may receive useful signals from nearby base stations. Furthermore, the antenna outputs are chosen
such that inter-cell interference is reduced, and hence the system capacity is increased. However,
the performance of signal processing based multi-cell coordination is sensitive to backhaul delays,
channel estimation errors and imperfections in fast link control. In addition, they require a high
capacity backhaul infrastructure for the exchange of the large amount of data corresponding to
the “raw” receive/transmit (rx/tx) signals (also referred to as IQ samples) and the instantaneous
channel state information on the time scale of the scheduler [31, 32].
On the other hand, such a multi-cell coordination infrastructure also enables tight coordination
of radio resource management functions as a complement or alternative to multi-cell signal processing. The network coordination has been widely studied both from theoretical and practical point
of view, see for example [15, 16, 31–39]. Beside inter-cell interference coordination, other fast RRM
functions such as scheduling, power control or link adaptation can also be employed in a multi-cell
manner to exploit the advantages of multi-cell knowledge. Therefore, in Chapter 4, I have given
a coordination method for the uplink of an OFDM based cellular network (Thesis 3) to evaluate
the performance of the system employing the multi-cell coordinated clustering concept that makes
use of a high capacity backhaul infrastructure for fast RRM coordination. Chapter 4 is centered
around my research results in the area of multi-cell coordinated RRM presented in [C4].
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1.5

RRM for Cellular Network Assisted Device-to-Device Communications

Device-to-device (D2D) communication on top of a cellular infrastructure has recently been proposed as a means of increasing the resource utilization, improving the user throughput and extending the battery lifetime of user equipments (UE). Relative to the traditional cellular methods,
there is a need to design new peer discovery methods, physical layer procedures and radio resource
management algorithms that help to realize the potential advantages of D2D communications.
However, D2D communications utilizing cellular spectrum pose new challenges, as the system
needs to cope with new interference situations compared to cellular communication scenarios. For
example, in an orthogonal frequency division multiplexing (OFDM) system in which D2D communication links may reuse some of the OFDM physical resource blocks (RB), intra-cell interference
is no longer negligible [40]. Solution approaches to deal with this problem include power control [41, 42], various interference avoiding multiple-input-multiple-output (MIMO) techniques [43]
that can be combined with proper mode selection [44] and advanced (network) coding schemes [45].
However, to our best knowledge, no distributed power control scheme exists in prior art work for
D2D communications that would minimize the sum power subject to a sum rate constraint. Therefore, the purpose of Chapter 5 is to develop a power control scheme that minimizes the used sum
power in a cellular system that may reuse resource blocks for D2D communications and to develop
a low complexity mode selection algorithm that can select between the direct (device-to-device) and
the cellular (via the access point) mode of operations. The proposed mode selection algorithm can
easily be combined with the proposed power control scheme (Thesis 4), and thereby making them
interesting candidates for future cellular networks supporting D2D communications. The research
results of Chapter 5 are reported in [C1, J1, J2].

1.6

Outline of the Dissertation

The dissertation is centered around the following aspects from the area of radio resource management in modern cellular networks:
• how to improve the channel quality through the use of power control, interference management
and scheduling, and through the proper coordination of these RRM functions in a multi-cell
environment [BC1, C1–C5, J1, J3, J4, P1–P3];
• how to exploit the better channel quality to achieve higher capacity (e.g., use of spatial
multiplexing and adaptive modulation) [C1–C3, J1, J3];
• how to share the radio resources among users to guarantee a certain level of fairness [C2, C3,
J1, J3];
• finally, how to employ these methods in a real modern cellular network (e.g., in the 3GPP
LTE or LTE-Advanced system) [BC1, C4, C5, J1, J2, J4, P1–P3].
The objective of the dissertation is fourfold.
• The first part of the dissertation is devoted to investigate the impact of optimal radio resource
allocation in cellular MIMO systems assuming different realistic constraints on the network
and assuming different diversity schemes.
• In the second part of the dissertation the goal is to analyze the gain of inter-cell interference
coordination in conjunction with fast radio resource management functions including scheduling, power control, fast packet retransmission and adaptive modulation and coding selection
in OFDMA based cellular mobile networks.
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• In the third part, the aim is to analyze and examine the performance of a multi-cell coordinated system for the purpose of enabling coordinated RRM that is built around a fast
backhaul transport infrastructure.
• Finally, the fourth part of the dissertation aims to analyze the optimal resource allocation and
to propose a novel distributed power control and mode selection algorithms for the cellular
network assisted device-to-device communications.

Chapter 2

Opportunistic Power Control in
Single- and Multi-User MIMO
Systems [C2, C3, J3]
In this chapter, the problem of optimal radio resource allocation in single- and multi-user MIMO
systems is discussed assuming different MIMO channels (e.g., broadcast and orthogonal) and different MIMO transmission modes (transmit diversity and spatial multiplexing). In both cases, the
problem of opportunistic power control is formulated as non-convex optimization tasks subject to
practical constraints such as transmit power budget and fairness.

2.1

Introduction

Power control (PC) as one of the most fundamental radio resource management functions has the
task to set the individual transmit power levels of users taking into account different aspects such
as total and individual power budget and/or quality targets. In [46], the author proposed power
balancing, which is a technique equalizing the received SINR instead of received power. Due to its
significant capacity improvement, extensive study on power control was initiated with the major
focus on developing algorithms to reach a predefined SINR target (see, for instance [39, 47–50]).
In the available literature, the power control is mainly used to maintain a predefined SINR target,
thus this approach is called SINR target tracking or SINR target following power control and is
suitable for real-time applications of mobile networks.
Definition 2.1.1 (SINR target following power control). The power control is said to be SINR
target following when the transmit power level of the transmitter is set such that a desired target
SINR is achieved at the receiver of the transmission.
Since the traffic generated by data applications in wireless networks increases exponentially and
becomes superior over voice services, it is needed to re-examine the paradigm of the SINR target
following PC. Furthermore, setting the SINR targets to a single value that is suitable for all users and
for all types of data applications is a very difficult task due to the large fluctuation in the received
SINR and the significant difference in the requirements of the services, e.g., voice or video streaming.
An attempt to re-consider the power control problem is made in [51] and [52], which formulates
the problem as a noncooperative game with different utility functions for data and voice. Other
attempts are made in [50] and [53], however their results are limited only to single-cell systems. As
7
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data can tolerate a much larger delay than voice, the fluctuation of wireless channels can be exploited
to maximize overall system throughput. With this in mind, the power control scheme becomes a
valuable tool, since it can be used to support opportunistic communications in the sense that a
terminal increases its transmit power whenever the gain of its channel is large or the interference
at its receiver is low. This idea has its root in point-to-point single-user communications [54], but
it has much greater impact when applied to multiuser environments.
The seminal paper by Knopp and Humblet showed that in a single input single output (SISO)
code division multiple access (CDMA) environment, only the terminal with the largest instantaneous channel gain should transmit in order to maximize the system throughput [55]. This basic
idea has been refined and generalized for multi-cell systems by Leung and Sung in [56], who established the concept of opportunistic power control (OPC), according to which higher power is used
for users with good channels.
Definition 2.1.2 (Opportunistic power control). Opportunistic power control approach allocates
power proportionally to the channel quality, i.e., it increases the transmit power whenever the gain
of the channel is large or the interference at the receiver is low and decreases that when the channel
is observed to be bad.
Although the OPC concept is attractive alternative to SINR target following approaches because
it maximizes the multi-cell throughput and lends itself for distributed implementations, it requires
instantaneous and quite precise channel state information (CSI) and can become extremely unfair.
Indeed, several works proposed computationally efficient algorithms that deal with the fairness
issue of OPC [16, 56, 57]. This approach is fundamentally the opposite that of the SINR target
following power control maintaining predefined SINR targets.
In both the single- and multi-user MIMO cases, the problem of opportunistic power control
is formulated as optimization tasks subject to some practical constraints. Therefore, the general
definitions of the power control and the capacity problems [58, 59] are important to be introduced.
Definition 2.1.3 (Capacity problem). The capacity problem consists of maximizing the sum of
information capacity subject to a total power budget and/or individual quality targets.
The general form of the capacity problem for cellular networks can be formulated as follows
max

P=diag{P1 ,...,PK }

K
X

Ck ,

(2.1)

k=1

subject to constraints:
Tr(P) ≤ PT ,
Qk ≥ QT,k , k = 1, . . . , K
where K denotes the number of transmitters in the system and P is a block diagonal matrix
containing the transmission power values assigned to users. Note that multiple antennas can be
employed at the user terminal, thus Pk may denote a diagonal matrix having the per stream power
values in its diagonal. PT is the total transmission power budget. The capacity, the individual
quality and the quality target of user k are denoted by Ck , Qk and QT,k , respectively.
Definition 2.1.4 (Power control problem). The power control problem in cellular networks is that
of finding the minimal individual user power levels such that either individual quality targets and/or
an overall sum rate target is met.
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Similarly to the capacity problem, the following formulation describes the general form of the
power control problem
min

P=diag{P1 ,...,PK }

K X
X

(Pk )(l,l) ,

(2.2)

k=1 ∀l

subject to constraints:
Qk ≥ QT,k , k = 1, . . . , K
K
X

Ck ≥ CT ,

k=1

where CT denote the sum rate target.
In this chapter, I investigate the problem of opportunistic power control in single- and multiuser MIMO system and show how to maximize the sum throughput under fairness and sum power
constraints. First, in Section 2.2, I examine this problem in the form of channel dependent (opportunistic) SINR target setting and show how to maximize the sum throughput under fairness and
sum power constraints in the downlink (DL) of a multi-user MIMO system (Thesis 1.1 and 1.2),
where the users may transmit using multiple data streams, which imposes an extra challenge on
the power control, because it has to allocate the transmit power on per stream basis. In Section
2.3, I present the results of opportunistic power control in a single-user MIMO systems that can
operate in two different MIMO transmission modes such as spatial multiplexing (SM) and transmit
diversity (Thesis 1.3 and 1.4).
The following notations are used throughout the chapter. Let A−1 , AT and AH represent
the pseudo-inverse, the transpose and the conjugate transpose of matrix A, respectively. Let
(A)(i,j) and (A)(i:j) denote the (i, j)th element of matrix A and the matrix choosing the columns
i, i + 1, . . . , j of matrix A, respectively. The kth element of a vector is denoted by {b}k . For the set
of n × k matrices Al , l = 1, . . . , m, the matrix A = diag(A1 , . . . , Am ) denotes the nm × km block
diagonal matrix, whose block diagonal elements are A1 , . . . , Am . Furthermore, Diag(A) denotes
a diagonal matrix whose diagonal elements are the diagonal elements of matrix A. Finally, Tr(·),
E{·} and ||A||2F represent the trace, the expectation operation and the square of the Frobenius
norm of matrix A, respectively.

2.2

Opportunistic Power Control for Multi-User MIMO Systems
[C3]

In this section, the problem of opportunistic power control is examined in the form of channel
dependent SINR target setting. We formulate the capacity as well as the power control problems
as the problems of finding the optimal per stream SINR targets subject to fairness constraints
using the Augmented Lagrangian Penalty Function (ALPF) method. We evaluate the optimization
problems with different fairness criteria and show that channel dependent SINR target setting
maximizes the sum throughput under fairness and sum power constraints in the downlink (DL) of
a multi-user MIMO system.
Definition 2.2.1 (Multi-user MIMO). When the base station is allowed to transmit (or receive)
signals to (or from) multiple users simultaneously (using the same radio resource at the same time)
and both the base station and the users are employed with multiple number of transmit antennas is
called multi-user MIMO (MU MIMO).
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Multi-user MIMO has two categories: the MIMO broadcast channels (MIMO BC) and the
MIMO multiple access channels (MIMO MAC) for the downlink and the uplink communication,
respectively.
Definition 2.2.2 (MIMO broadcast (BC) channel). When one transmitter (base station) sends
information via multiple transmit antennas to multiple receivers in the system then the channel
between the transmitter and the receivers is called MIMO (downlink) broadcast channel.
Note that this definition is more general than that of the traditional broadcast channel, because,
in MIMO BC, not necessarily the same information is being sent to each receiver. Since the focus
is on the MIMO broadcast channel, the definition of the MIMO MAC is omitted here. However,
in [60], the authors showed that the MIMO MAC channel is dual of the MIMO BC in the sense
that the “dirty paper” region of the MIMO BC is exactly equal to the capacity region of the dual
MIMO MAC with the K transmitters having the same sum power constraint as the MIMO BC.
In other words, this duality means that all rates achievable in the dual MIMO MAC with power
constraints whose sum equals the BC power constraint are also achievable in the MIMO BC, and
vice versa. Using this duality, the computational complexity required for obtaining the dirty paper
achievable region for the MIMO BC is greatly reduced. In [61], it is shown that similar duality
exists between the Gaussian MAC and BC channels as well.
In typical realistic cases, users have smaller number of antennas than the base station (due to
size, cost, etc. limitations), i.e., min {NT , NR } = NR for the downlink, it may appear that there is no
considerable capacity benefit from the multiple transmit antennas. Indeed, this is true in case of, for
instance, the time-division multiple access (TDMA) transmission strategy, where the base station
serves one user at a time. The solution is to serve multiple users simultaneously, i.e., to apply the
multi-user MIMO approach. The optimal way to accomplish this is to apply the dirty paper coding
(DPC) scheme, which is a multi-user encoding strategy based on interference presubtraction [62]. In
fact, DPC is the optimal (capacity achieving) strategy in MIMO broadcast channels [63]; however,
DPC is difficult to implement in practical systems due to the high computational complexity (high
number of successive encodings and decodings), especially when the number of users is large.
Therefore, the development of suboptimal strategies have been intensively studied for the broadcast
channel. Several practical “near-DPC” techniques based on the concept of precoding have been
proposed that offer different trade-offs between complexity and performance. In the most of these
works, the authors propose suboptimal approaches and show the asymptotic convergence to the
capacity achieved by DPC as the number of users goes to infinity (see, for example, [64–67]).
One of the most promising approaches is block diagonalization (BD) which has been recently
proposed in [58] and supports multiple-stream transmission simultaneously. The BD technique can
be thought as a generalization of channel inversion and can achieve the capacity (the maximum
aggregation of all users’ data rates) when the user channels are orthogonal [58, 68].
Definition 2.2.3 (Precoding). Precoding is a technique that exploits the transmit diversity by
properly weighting the data streams according to the channel knowledge of the transmitter such that
the received signal power is maximized at the output of the receiver.
A given precoding scheme always assume a specific receiver algorithm in order to be able to select
the proper weight factors for the data streams of the transmitter. The precoding techniques can be
categorized into linear (reasonable capacity, low complexity) and nonlinear (increased complexity,
(near) optimal capacity) approaches.
Definition 2.2.4 (Block diagonalization (BD)). Block diagonalization is a linear precoding technique that is based on the generalization of channel inversion when the base station and the users
have multiple antennas, i.e., it aims to find the optimal transmit precoding matrices such that all
multi-user interference is eliminated.
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The block diagonalization precoding is restricted to channels where the number of transmit
antennas are equal to or greater than the total number of receive antennas (i.e., all antennas of all
users).
For the MIMO broadcast channel, the in-cell interference due to signals transmitted to other
users is known at the transmitter and therefore precoders that effectively eliminate interference, such
as the block diagonalization, can be designed. When, in addition, the transmitter can estimate the
interference plus noise covariance matrix for each in-cell user (using, for instance, limited feedback
techniques), BD can also account for the presence of other-cell interference by avoiding sending
information in the dimensions strongly occupied by other-cell interference (OCI) [69]. Furthermore,
BD can be extended to perform multi-cell linear precoding taking into account per base station
power constraints as proposed in [70].
Because BD is realized by a linear precoding matrix applied to the user data, and the interference
plus noise covariance can be estimated by limited feedback techniques [71], it is more feasible than
dirty paper coding. Because of the aforementioned attractive characteristics of BD based precoding,
we consider the downlink of a multi-user MIMO system employing BD with OCI suppression. We
are interested in solving both the power control and the capacity problems.
Our key observation is that both problems can be advantageously formulated as the problem
of finding the per stream SINR targets subject to fairness constraints. In fact, considering the
SINR targets as optimization variables rather than predetermined values increases the degree of
freedom of the optimization problem and can be expected to improve the performance over systems
operating with non-optimized (e.g. equal) user SINR targets. This expectation is in line with the
results of [56] and [16] that showed that opportunistic power control as opposed to predetermined
target following increases the system capacity. On the other hand, setting some SINR targets (and
preserving target following type of power control) allows to provide fairness among users.
Therefore, to investigate the gains of target SINR setting, we establish the relation between
the applied transmit power and the obtained SINR and formulate the capacity and power control
problems as constrained optimization tasks. As expected, both problems turn out to be nonconvex and we therefore employ the Augmented Lagrangian Penalty Function (ALPF) method to
find the optimum joint target SINR and power vectors [72]. Our finding is that channel dependent
(“opportunistic”) target SINR and power setting for the MIMO broadcast channel is an efficient
way to optimize the system performance both in terms of consumed power and achievable capacity.
In this section, we analyze the impact of introducing and setting the SINR targets for the SINR
tracking power control realizing the approach of the opportunistic power control in the multi-user
MIMO downlink broadcast channel employing block diagonalization precoding subject to several
realistic constraints and we solve both the power control and the capacity problems.
The next subsection describes our system model. Section 2.2.2 is concerned with calculating
the per stream effective SINR that is the basis for the proposed optimization problem. Next, in
Section 2.2.3 we discuss the applicability of the ALPF method to the capacity and power control
problems. Section 2.2.4 presents numerical results and Section 2.2.5 concludes our findings.

2.2.1

Model Description

We consider the downlink of a broadcast multi-user MIMO channel with one base station and K
number of MIMO users each employing NR,k number of receive antennas and receiving its own
data streams precoded at the base station with NT number of transmit antennas. We assume
that for user k, NI,k number of neighboring cells cause interference where each interferer employs
NI,T number of transmission antennas. We further assume full channel state information for all K
number of in-cell users at the transmitter, and the exact other-cell interference plus noise covariance
matrix is assumed to be known at the transmitter and at the receiver. The channel is assumed
to be flat fading though the model can be extended to frequency selective fading channels using
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orthogonal frequency division multiplexing (OFDM) modulation [58]. The illustration of the model
can be seen in Figure 2.1.
Intra-cell
interference

Precoder for user 1

Other-cell
interference

M
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ŝ k

M

Other-cell
interference

Precoder for user K

Receiver for user 1

Receiver for user K
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Figure 2.1: Downlink multi-user MIMO system applying block diagonalization in the presence of
other cell interference assuming linear minimum mean square error (MMSE) receiver with weighting
matrix Gopt
k [58, 69]
The rest of this section is devoted to introduce the essential parts of the model proposed in [69].
We extend this signal model with the consideration of the large scale fading effects (pathloss and
shadowing), and then we include the calculation of the stream wise effective SINR (Section 2.2.2)
which is the basis of the proposed optimization problems (Section 2.2.3).
The NR,k × 1 received signal vector at the kth user, yk , is expressed by
K
X
yk = Hk Mk sk + Hk
Ml sl +
HI,k xI,k
+nk
| {z }
| {z }
l=1,l6=k
desired signal
|
{z
} other-cell interference

= Hk xk + Hk

intra-cell interference
K
X

xl + zk ,

(2.3)

l=1,l6=k

where
Hk =

s

d−ρ
k,BS χk,BS
NT

Ĥk ,

and Ĥk is the NR,k ×NT channel transfer matrix, dk,BS and χk,BS is the distance and the log-normal
shadow fading from the base station BS to the kth mobile, respectively. The pathloss exponent ρ
is assumed to be the same for all users. Mk is the NT × Lk precoding matrix of user k, where Lk is
the maximum number of data streams of user k. The transmit signal vector of user k with average
power Pk is denoted by sk and the precoded signal xk = Mk sk . Let zk = HI,k xI,k + nk , where xI,k
and nk denote the NI,k NI,T ×1 vector of interfering signals with average power PI,k and the additive
complex Gaussian noise vector with zero mean and covariance matrix σn2 INR,k , respectively. The
NR,k × NI,k NI,T other-cell interference channel matrix is given by HI,k = [HI,k,1 · · · HI,k,NI,k ], where

HI,k,j =

s

d−ρ
k,j χk,j
NI,T

ĤI,k,j ,
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and ĤI,k,j is the NR,k × NI,T channel transfer matrix between user k and interferer j. We note that
the NI,k number of interferers with NI,T number of transmit antennas can be equivalently viewed
as NI,k · NI,T number of effective co-channel interferers employing a single transmit antenna even
if spatial correlation exists at the transmitter of each interferer [73].
To mitigate the effect of other-cell interference coming from NI,k number of interferers, and to
maximize the system capacity in the presence of OCI for a given receiver structure, a NR,k × NR,k
whitening matrix Wk is introduced [69]. After post-processing with a given Wk matrix, the NR,k ×1
received signal vector of user k is given by
rk = Wk yk
K
X

= Wk Hk xk + Wk Hk

xl + Wk zk

(2.4)

l=1,l6=k
K
X

= Hr,k xk + Hr,k

xl + zr,k ,

l=1,l6=k

where Hr,k = Wk Hk and zr,k = Wk zk .
The precoder matrix Mk consists of two precoding matrices in the case of block diagonalization
with Mk = Bk Dk , where the NT ×Lk precoder matrix Bk is responsible for the suppression of intracell interference, while the Lk × Lk matrix Dk is used for parallelizing and power allocation [58].
The principle idea of BD is to find the precoding matrix Bk such that Hr,l Bk = 0, ∀l 6= k, which
means that there is no intra-cell interference (no inter-user interference within the cell). If the
transmitter has perfect knowledge of the channel state and the Wk matrix, then Bk can be chosen
so that Hr,l Bk = 0, ∀l 6= k by applying the singular value decomposition (SVD) of H̃k as
T
T
T T
H̃k = [HT
r,1 · · · Hr,k−1 Hr,k+1 · · · Hr,K ]
(1)

(0)

= Ũk [Λ̃k 0] [Ṽk Ṽk ]H .
(1)

(2.5)

(0)

The matrices Ṽk and Ṽk are the right singular matrices consisting of the singular vectors cor(0)
responding to non-zero and zero singular values of H̃k , respectively. Therefore, Ṽk forms a null
space basis of H̃k , from which Bk can be constructed by choosing Lk number of columns from
(0)
matrix Ṽk , i.e.,
(0)

Bk = (Ṽk )(1:Lk ) ,

(2.6)

which will automatically satisfy the Hr,l Bk = 0, ∀l 6= k (zero intra-cell interference) constraints.
Note that Lk is the rank of H̃k and the base station requires that the number of transmit antennas
P
(0)
NT is at least K
l=1,l6=k NR,l + Lk to ensure there are at least Lk columns in each Ṽk to satisfy
dimensionality constraints (introduced in [58]) required to cancel intra-cell interference. In this work
we assume that Lk = Nr,k . If there is no sufficient number of transmission antennas (Lk < Nr,k ) or
P
there are extra transmission antennas (NT > K
k Nr,k ), additional optimization can be performed
to select the appropriate subset of precoder matrices [74].
(0)
After pre-canceling the intra-cell interference using the precoder matrix Bk = (Ṽk )(1:Lk ) , the
received signal becomes
rk = Hr,k Bk Dk sk + zr,k .
Let H̄eff,k = Hr,k Bk , then the sum mutual information of K users is expressed as follows [58].
I=

K
X
k=1

−1
log2 det(INR,k + H̄eff,k Qk H̄H
eff,k KI,k ),

(2.7)
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where Qk is the Lk × Lk covariance matrix of x̃k = Dk sk and KI,k denotes the NR,k × NR,k
covariance matrix of zr,k and KI,k = Wk RI,k WkH . RI,k is the other-cell interference plus noise
covariance matrix of user k given by
H
2
RI,k = HI,k E{xI,k xH
I,k }HI,k + σn INR,k
2
= HI,k QI,k HH
I,k + σn INR,k ,

(2.8)

where QI,k is the NI,k NI,T ×NI,k NI,T covariance matrix of the interfering signal xI,k , i.e., Tr(QI,k ) =
PI,k . The maximum system capacity is obtained by maximizing the sum mutual information I
introduced in (2.7).
C=

max

QS :Tr(QS )≤PT

I,

(2.9)

where QS = diag(Q1 , · · · , QK ) and PT denotes the total transmission power budget of the base sta−1

tion. According to [69] choosing Wk = RI,k2 , the other-cell interference can be mitigated at the user,
−1

−1

where the other-cell interference plus noise covariance matrix becomes KI,k = RI,k2 RI,k (RI,k2 )H =
INR,k , thus the maximum system capacity is given by
C=

max

QS :Tr(QS )≤PT

K
X

log2 det(INR,k + H̄eff,k Qk H̄H
eff,k ).

(2.10)

k=1

To optimize the capacity formula in (2.10), the singular value decomposition of H̄eff,k is applied [58]
and given by


H̄eff,k = Uk 

Λk
0



 VkH .

(2.11)

1

To find an optimum transmit covariance matrix for a given H̄eff,k in (2.10), Dk = Vk Pk2 is
assumed according to [69], where Pk is a diagonal matrix whose elements contain the transmission
power values of the corresponding streams. When the NT × Lk precoding matrix of the kth user,
1

(0)

Mk is chosen as Mk = Bk Dk = (Ṽk )(1:Lk ) Vk Pk2 , and the decoder of the kth user at the receiver
also applies M̂k = UH
k Wk to the received signal vector rk , then the capacity formula in (2.10) can
be expressed [69] as follows.

C=

max
P̃:Tr(P̃)≤PT

K
X

log2 det(INR,k + Λ2k Pk ),

(2.12)

k=1

where P̃ = diag(P1 , · · · , PK ).
The optimization problem in (2.12) is a standard water-filling
 optimization problem [58] for
which the optimal closed-form solution is given by pk,i = max 0, ν − (Λk1)i,i , where pk,i is the
optimal transmission power of user k on stream i and ν denotes the “water level”. Although
water-filling optimization has closed-form solution, it does not consider fairness while maximizing
the system capacity or minimizing the total transmit power, thus it may lead to unsatisfied users.
Therefore, we formulate the problem as finding the per user and per stream SINR targets subject
to some fairness constraints in Section 2.2.3.
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2.2.2

SINR Calculation

In this subsection, we derive the stream wise SINR perceived by each user in order to take it
into account in the optimization. However, the derivation is based on well known steps from the
existing literature [75], for the sake of consistent notations, we include the brief description of the
derivation in this section. In order to derive the stream wise SINR, we have to assume a specific
receiver algorithm through which the received signal can be filtered. Therefore, we assume that
the decoded received signal vector r̃k = M̂k rk is filtered by a weighting matrix Gopt
to obtain the
k
estimate
ŝk = Gopt
k r̃k ,

(2.13)

where ŝk is the estimated transmit signal vector of user k. The optimal receiver weighting matrix
Gopt
k in (2.13) is the linear MMSE (LMMSE) receiver matrix [75]. In our model, the linear MMSE
receiver weighting matrix is given by
1

H
−1
2
Gopt
k = (Ȟeff,k Pk Ȟeff,k + KI,k ) Ȟeff,k Pk ,

(2.14)

where Ȟeff,k = H̄eff,k Vk . To derive the stream wise SINR perceived by user k, we will need to
calculate the diagonal elements of the error matrix of the linear MMSE filtered signal. Using the
optimal LMMSE receiver weighting matrix Gopt
k , we obtain the following error matrix
Ek (Gopt
k )=
1

1

H
−1
2
= INR,k − Pk2 ȞH
eff,k (Ȟeff,k Pk Ȟeff,k + KI,k ) Ȟeff,k Pk
1

1

−1
2 −1
= (INR,k + Pk2 ȞH
eff,k KI,k Ȟeff,k Pk ) ,

where the Matrix Inversion Lemma is applied in the following form: A−1 − A−1 B(DA−1 B +
C−1 )−1 DA−1 = (A + BCD)−1 . The mean square error (MSE) can be expressed as
MSEk,l , (Ek )(l,l) =
1

1

−1
2 −1
= {(INR,k + Pk2 ȞH
eff,k KI,k Ȟeff,k Pk ) }(l,l) ,

then the SINR can be easily related to the MSE as
γk,l ,
=

1
−1=
MSEk,l
1
1
2

1

−1
2 −1
{(INR,k + Pk ȞH
eff,k KI,k Ȟeff,k Pk ) }(l,l)

− 1,

(2.15)

where γk,l expresses the effective SINR (in linear scale) perceived by user k on its lth stream. The
expression in (2.15) establishes the relation between the applied transmit power and the perceived
SINR per stream. We note that the mutual information based capacity formula as in (2.7) and
the SINR based capacity expression give the same results for an arbitrary power allocation, i.e. for
user k
−1
Ik = log2 det(INR,k + H̄eff,k Qk H̄H
eff,k KI,k ) =

=

Lk
X
l=1

log2 (1 + γk,l ).
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2.2.3

Problem Formulation

In this section we formulate the capacity maximization and the power minimization problems by
finding the stream wise SINR targets. We propose fairness constraints such that we do not apply
prescribed minimum SINR target value for each user as opposed to previous works, instead we
impose relative fairness constraints for each stream by controlling the maximum difference in the
received SINR per stream as specified in the following sections.
Capacity Maximization (Thesis 1.1 and 1.2)
In this section we address the capacity problem as constrained optimization task. Using the per
stream SINR expressed in (2.15), the constrained capacity maximization problem (Thesis 1.1) is
formulated as
max
Γ,P̃

Lk
K X
X

log2 (1 + γk,l ),

(2.16)

k=1 l=1

or equivalently based on (2.12),
max
Γ,P̃

K
X

log2 det(INR,k + Λ2k Pk ),

(2.17)

k=1

subject to the following constraints:
Tr(P̃) ≤ PT ,

(2.18)

(Pk )(l,l) ≥ 0, ∀k, ∀l,

(2.19)

dB
dB
γk,l
− min{γm,s
} ≤ F, ∀k, ∀l,

(2.20)

m = 1, . . . , K, s = 1, . . . , Lm ,
dB is the SINR of user k on stream l expressed
where Γ = diag(γ1,1 , . . . , γ1,L1 , γ2,1 , . . . , γK,LK ) and γk,l
in dB. Note that we use the relation between SINR and power expressed in (2.15) to derive the
optimal power allocation from the optimal SINR targets and vice-versa. The constraint in (2.20)
sets the maximum allowed difference for each stream and thereby enforces a certain level of fairness
(Thesis 1.2). We call F the per stream SINR offset which limits the largest difference in SINR
(in dB) among streams. In practical systems, the SINR target is a real parameter that have to be
set for link adaptation and power control for each stream, and obviously, our primary objective is
to find the SINR target setting which is optimal from performance point of view. The control of
fairness by stream wise SINR is basically a byproduct of our scheme. In fact, considering fairness
per user would seem to be more reasonable, but even in that case, the SINR target has to be set for
each stream individually. It is shown in the numerical results (Section 2.2.4), that the per stream
SINR target setting turns out to be a good approach to control fairness among users as well. As
a possible extension of this scheme, it would be possible to control the fairness per user, but keep
the SINR target setting per stream.

Power Minimization (Thesis 1.1)
In this section, we formulate the problem of power minimization that receives increasing attention
recently due to practical reasons (e.g., green networking). Using the notations introduced above,
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we define the constrained power control problem (Thesis 1.1) as follows.

min
Γ,P̃

Lk
K X
X

(Pk )(l,l) ,

(2.21)

k=1 l=1

subject to the following constraints:
K
X

Ck ≥ CT ,

(2.22)

k=1

(Pk )(l,l) ≥ 0, ∀k, ∀l,

(2.23)

dB
dB
γk,l
− min{γm,s
} ≤ F, ∀k, ∀l,

(2.24)

m = 1, . . . , K, s = 1, . . . , Lm ,
where CT in (2.22) is the required sum capacity. Here we also apply the target SINR constraint
introduced in (2.20) to control fairness. Obviously, due to the constraints introduced in (2.20)
and (2.24), it is not possible to derive a closed-form solution as opposed to water-filling optimization, therefore the output of the optimization is obtained by executing the Augmented Lagrangian
Penalty Function method described in the next section.
We note that the power control problem is the dual of the capacity maximization problem.
The duality means that (2.16) and (2.21) have exactly the same solution in terms of per stream
power values when the maximum sum capacity achieved by (2.16) is set to CT in (2.22) or when
the minimum sum power of (2.21) is used in (2.18) as the value of PT .

Solution Approach Using a Lagrangian Penalty Function
The proposed optimization problems in Section 2.2.3 belong to the problem of constrained nonlinear non-convex optimization. We propose to solve this problem through the augmented Lagrangian penalty function (ALPF) method. In this method, the constrained non-linear optimization task is transformed into an unconstrained problem by adding a penalty term to the Lagrangian
function. We note that the objective function as well as the constraints need to be differentiable.
For further details regarding the ALPF method, we refer to Appendix 7.A and [72, Chapter 9].

Application of ALPF
Throughout the chapter we use the ALPF method to solve the constrained non-linear non-convex
optimization problems formalized in Section 2.2.3. Since the introduced fairness constraints in
(2.20) and (2.24) are not differentiable due to minimum functions, we rewrite them to the following
form. The SINR fairness constraint for user k and stream l is given by
dB
dB
γk,l
− min{γm,s
}≤F

m
γk,l ≤ A · γm,s ,
m = 1, . . . ,K, s = 1, . . . , Lm ,

(2.25)
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where A = 100.1F . For example, in the case of K = 3 and Lk = 1, ∀k, the SINR constraints for all
users are the following:
γ1,1 ≤ A · γ2,1 ,

γ2,1 ≤ A · γ1,1 ,

γ1,1 ≤ A · γ3,1 ,

γ3,1 ≤ A · γ1,1 ,

γ2,1 ≤ A · γ3,1 ,

γ3,1 ≤ A · γ2,1 .

With the above formulation, the number of constraints in the optimization is increased where one
direction of the inequalities are trivially satisfied, but the necessary condition that all constraints
shall be differentiable, is now fulfilled. In Table 2.1 we present the mapping of ALPF parameters
(detailed in Appendix 7.A) to our optimization problems.
Table 2.1: Mapping of ALPF parameters to the proposed optimization problems for the downlink
of a multi-user MIMO system
ALPF
Optimization problems
x
Γ or P̃
P
P Lk
minΓ − K
l=1 log2 (1 + γk,l ) or
Pk=1
2
f (x)
minP̃ − K
log
2 det(INR,k + Λk Pk ),
k=1
and (2.21) for power minimization
hi (x)
0 (no equality constraints considered)
(2.18), (2.19) and (2.20) for capacity max.
(2.22), (2.23) and (2.24) for power min.
gi (x)
respective constraints are reformulated
according to (2.25)
νi and ui
initially set to 0
µ
initially set to 10
Scale factor to
2
increase µ
A related problem that needs to be dealt with is the setting of starting points, since finding
feasible initial points is not trivial. Up to three dimensional problems, the starting points can be
set even intuitively, e.g., by plotting the objective function versus all the variables and searching
for adequate initial points. For larger problems, this solution does not work for obvious reasons.
Therefore, we use heuristic nonlinear optimization methods to find a feasible starting points for
ALPF such as the Nelder-Mead or Random Search methods [76].
We note, that the non-convex properties of the objective functions or the constraints introduced
in Section 2.2.3 depend on which domains of the functions are evaluated. Therefore, to derive the
true optimal solutions of these problems, we have to apply such an optimization method that does
not exploit any convexity property of the objective functions or the constraints, as the case with
ALPF.

2.2.4

Numerical Results

In this section, we present numerical results that illustrate the impact of considering the per stream
SINR targets as optimization variable rather than predetermined values on the achievable system
capacity as well as on the level of fairness. We show that channel dependent setting of SINR targets
per stream for each user is an efficient way to maximize the achievable system capacity or minimize
the consumed power.
Table 2.2 contains the main parameters of the model. For the sake of easy interpretation
of the results, we set the shadow fading coefficient to 1 (i.e., no shadow fading is considered).
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Table 2.2: Model parameters of a multi-user MIMO system
Number of users
K=2
Nr. of transmit antennas
NT = 4
at the base station (BS)
Nr. of receive antennas per user
NR,k = 2, ∀k
Nr. of other-cell interferers (IFs)
NI,k = 1, ∀k
Nr. of transmit antennas per IF
NI,T = 4
Total transmission power
PT = 200 W
Transmission power per IF
PI,k = 50 W, ∀k
Distance between the BS and IFs 100 - 66 m
Pathloss exponent
ρ = 3.07
Shadow fading
χi,j = 1.0, ∀i, j
Gaussian noise standard deviation σn2 = 0.01
Furthermore, we assume that each user is affected by NI,k · NI,T equal power interferers each having
P
PI,k
interference power NI,kI,k
·NI,T , i.e., QI,k = NI,k ·NI,T INI,k ·NI,T as shown in (2.8). This assumption
enables an evaluation for the worst-case degradation due to OCI providing insights on the impact
of OCI [77, Theorem 1]. The channel transfer matrix of user k, Ĥk , and the corresponding OCI
channel matrix, ĤI,k,j , ∀k, ∀j, are zero-mean and unit-variance i.i.d. complex Gaussian random
matrices for the uncorrelated MIMO Rayleigh fading channel.
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Figure 2.2: Deployment setup when the users are placed ∼45 m from the serving base station and
∼60 m from the interferer (balanced interference conditions).
The optimization is evaluated in two different deployment setups corresponding to balanced
and unbalanced interference conditions between users. The deployment setup in the balanced
interference case is illustrated in Figure 2.2. As the name indicates, in this case, the interference
suffered by each user is approximately the same, since the distance of users from their BS (∼45
m) and the interferer (∼60 m) is the same for both users. In the deployment with unbalanced
interference conditions, the interferer is placed closer to user 2 (distance decreased to ∼20 m) and
thus, experiencing higher interference, while user 1 is moved such that it keeps its original distances
from the BS and the interferer (∼45 m and ∼60 m, respectively).
Figures showing performance results are plotted in the function of the SINR offset (F in (2.20)
and (2.24)). Recall that, it is the largest SINR difference (in dB) allowed among the streams of all
users. The first SINR offset belongs to the solution of the unconstrained (UC) problem (SINR offset
= ∞ dB), i.e., when only the total power budget or total sum rate is considered as optimization
constraint. We note, that the objective functions and the constraints turn out to be convex within
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Figure 2.3: Capacity maximization: The optimal per stream SINR perceived by each user (a), the
optimal power allocation per stream and total transmission power (b), and the achieved rate per
user and sum rate are shown (c) in the function of the SINR offset (F ) when capacity maximization
is applied and both users are placed ∼45 m from the serving base station and ∼60 m from the
interferer (balanced interference conditions). K = 2, NT = 4 and NR,k = 2, ∀k.
the evaluated domains important from the optimization point of view.

Results with Balanced Interference
Figure 2.3 and 2.4 show the results of the optimization in the balanced interference case employing
capacity maximization and power minimization, respectively. In Figure 2.3(a) we plot the optimal
stream wise SINR in dB in the function of the SINR target. As it can be seen, in the unconstrained
case (SINR offset = ∞) each user uses only its first stream, the second stream gets zero transmission
power (-Inf represents the negative infinity SINR in dB). As the SINR offset decreases, i.e., tighter
fairness is required, the difference in per stream SINR decreases as well. When the SINR offset
is set to 0.5 dB, all streams are converged to a common SINR value (more specifically, 0.5 dB
maximum difference is permitted). Figure 2.3(b) shows the optimal power allocation of users and
the total transmission power which is the sum of the power of all stream of all users. Since the
total transmission power is limited, the power is taken away from streams with favorable channel
and given to streams with worse channel quality as we decrease the SINR offset.
To show the “cost” of better fairness achieved by users (i.e., decreased SINR offset), the rate
per user versus SINR offset is plotted in Figure 2.3(c). It is interesting to observe that after 10 dB
SINR offset the capacities of both users decrease due to the fact, that the tight SINR constraint
forces the allocation to take away transmission power from the better stream and allocate more to
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Figure 2.4: Power minimization: The optimal per stream SINR perceived by each user (a), the
optimal power allocation per stream and total transmission power (b), and the achieved rate per
user and sum rate are shown (c) in the function of the SINR offset (F ) when power minimization
is applied and both users are placed ∼45 m from the serving base station and ∼60 m from the
interferer (balanced interference conditions). Total sum rate is set to 5.42 bit/s/Hz. K = 2, NT = 4
and NR,k = 2, ∀k.
the worse stream. This results in smaller capacity increase on the worse stream than the capacity
loss on the better stream causing overall capacity decrease for the user. This phenomenon points
out the importance of opportunistic SINR target setting, as a badly chosen static SINR target may
cause capacity degradation to all users in the system. A variable SINR target per stream could
keep the user as well as the overall system capacity high, since in practical systems, when the SINR
targets are set per user, it means that each stream of the user has to achieve at least the prescribed
SINR. As illustrated in Figure 2.3(c), the same SINR value for both streams of the user would
result in considerable capacity loss. In this particular case, for both users the best choice for SINR
offset from fairness point of view would be 10 dB resulting in {4.5, -5.5 dB} per stream SINR target
setting on stream 1 and 2, respectively, as it can be read out from Figure 2.3(a).
Similar conclusions can be drawn from the solution of the dual problem, i.e., the power control
problem according to Figure 2.4, where the sum rate is set to 5.42 bit/s/Hz obtained from the
optimal solution of unconstrained capacity maximization problem. Figure 2.4(c) shows that, for
both users, 10 dB would be the best choice for SINR difference between stream 1 and 2 (i.e., SINR
offset = 10 dB), since a total fair capacity allocation is achieved at that point (both users get 2.7
bit/s/Hz). Thus {4.5 dB and -5.5 dB} SINR target setting would result in the best performance
from fairness point of view as can be observed in Figure 2.4(a).
Since the channel characteristics of the users were approximately the same, the best choice of
the SINR offsets turn out to be the same for both users as it might be expected. In the following
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Figure 2.5: Capacity maximization: The optimal per stream SINR perceived by each user (a), the
optimal power allocation per stream and total transmission power (b), and the achieved rate per
user and sum rate are shown (c) in the function of the SINR offset (F ) when capacity maximization is
applied and user 1 is placed ∼45 m from the serving base station and ∼60 m from the interferer while
user 2 is located ∼45 m from the serving base station and ∼20 m from the interferer (unbalanced
interference conditions). K = 2, NT = 4 and NR,k = 2, ∀k.
section we present the results in the case of unbalanced channel conditions.
Results with Unbalanced Interference
To investigate the impact of unbalanced channel conditions, we modify the deployment setup in such
a way so that the interfering base station is placed closer to user 2 such that other distances remain
the same. We plot the performance results of capacity maximization and power minimization in
Figure 2.5 and 2.6, respectively. The power allocation illustrated in Figure 2.5(b) shows that in
the unconstrained case the dominant share of the available transmission power is given to the
user having favorable channel conditions (user 1) leaving the weak user (user 2) with little or no
transmission power. In the case of the tightest fairness constraint (SINR offset = 0.5 dB), the
dominant share of the transmission power is allocated to the worst stream (user 2 stream 2) in
order to satisfy the tight fairness constraints.
The result of providing relatively high SINR on bad channel can be easily seen in Figure 2.5(c).
SINR offsets lower than 20 dB result in significant decrease in the capacity of user 1 as well as
in the sum rate without improving the capacity of user 2, since the capacity increase of user 2 on
stream 2 due to more transmission power is much less than the capacity loss on other streams due
to less remaining transmission power. Therefore, as it can be observed from Figure 2.5(a), the best
selection of SINR offset from capacity and fairness points of view would be 20 dB resulting in {4.8
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Figure 2.6: Power minimization: The optimal per stream SINR perceived by each user (a), the
optimal power allocation per stream and total transmission power (b), and the achieved rate per
user and sum rate are shown (c) in the function of the SINR offset (F ) when power minimization is
applied and user 1 is placed ∼45 m from the serving base station and ∼60 m from the interferer while
user 2 is located ∼45 m from the serving base station and ∼20 m from the interferer (unbalanced
interference conditions). Total sum rate is set to 3.34 bit/s/Hz. K = 2, NT = 4 and NR,k = 2, ∀k.
dB, -15.2 dB} and {-1.3 dB, -15.2 dB} SINR targets for user 1 and user 2, respectively. In this
case, the opportunistic SINR target setting is more important than in the balanced interference
case, since a bad SINR target adjustment (e.g., equal SINR targets for all streams) may cause even
larger rate degradation to all users as can be observed in Figure 2.5(c).
For power minimization, the large amount of transmission power required for user 2 on stream
2 yields to significant increase in the sum transmission power (see Figure 2.6(b)). Therefore, the
common rate achieved by users in the case of the tightest fairness constraint (SINR offset = 0.5
dB) are higher than with capacity maximization as illustrated in Figure 2.6(c) (sum rate is kept
constant at 3.34 b/s/Hz according to the solution of the unconstrained capacity problem). From
fairness point of view, the case of SINR offset = 0.5 dB would result in the best fairness (both users
get ∼ 1.7 bit/s/Hz), though it is obviously unpractical due to high amount of transmission power
required.

2.2.5

Conclusion

In our analysis we showed that in the downlink of the MIMO broadcast channel the introduction of
SINR targets as optimization variables increases the degree of freedom of the optimization concerning capacity maximization and power minimization and provides considerable performance benefits
compared to systems in which e.g., equal SINR targets are set for all streams of all users. More
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specifically, setting the SINR targets per stream for each user according to the users individual channel condition improves the performance characteristics of the downlink of the block diagonalization
multi-user MIMO system with other-cell interference suppression. The proposed optimization problems take into account fairness as well by introducing the relation of per stream SINR values rather
than prescribing a fixed value for the minimum SINR. We evaluated the optimization problems
with different fairness criteria. The numerical results show that the opportunistic settings of the
SINR targets allows to keep the per user as well as the overall system capacity high and at the
same time achieve a certain level of fairness among the users.

2.3

Opportunistic Power Control for Single-User MIMO Systems
[C2, J3]

In the previous section we examined the performance of OPC in downlink of MU MIMO systems
by solving both the capacity and power control problems. In this section, we are interested in evaluating the gains of OPC for the downlink of single-user (SU) MIMO systems employing transmit
diversity and spatial multiplexing. The transmit antenna diversity and single user spatial multiplexing (SM) have become attractive in practical systems, because they achieve performance gains
without requiring sophisticated channel state information (CSI) feedback mechanisms.
Definition 2.3.1 (Spatial multiplexing). When the channel between individual transmit and receive
antenna pair fade independently, the channel matrix is well-conditioned with high probability and
in that case, multiple parallel spatial channels are created. This effect is called spatial multiplexing.
As discussed in the previous section, when fast and accurate CSI at the transmitter is available,
opportunistic power control (OPC) is an attractive alternative to SINR target following approaches,
because it maximizes throughput by taking advantage of fast channel variations. On the other hand,
throughput maximization problem in MIMO systems is known to involve the fundamental tradeoff between diversity and the degree of spatial multiplexing [78, 79]. In practical systems, this
fundamental trade-off has lead to the technique of rank adaptation that, when CSI is available,
allows the transmitter to switch between a low rank (e.g. a single stream with high reliability) and
a higher rank (high throughput) transmission.
Definition 2.3.2 (Rank adaptation). Rank adaptation switches between single stream (low rank:
low throughput and high reliability) and multiple stream (higher rank: high throughput and low
reliability) transmissions when CSI at the transmitter (CSIT) is available.
Specifically, multi-antenna schemes such as Alamouti space time block coding (STBC) with
maximal ratio combining (MRC) [5] and spatial multiplexing with linear minimum mean square
error (MMSE) processing at the receiver are widely employed and well understood diversity and
multiplexing schemes, respectively. The SM scheme is beneficial when the system operates at high
SINR regime where the system is limited by channel bandwidth (as opposed to power limited case),
since e.g., in case of two SM streams the allocated per stream transmit power is halved which results
in significant per stream SINR reduction compared to the single stream case.
Definition 2.3.3 (Transmit diversity). Transmit diversity is a multi-antenna transmission scheme
that is used to mitigate the effects of fading by transmitting the same information through multiple
widely spaced spatial antennas. The transmitted data is encoded differently in each transmission to
distinguish the transmissions.
The transmit diversity (TD) schemes are more beneficial when SINR is low, since it provides
more robust transmission through the redundant transmissions of data. TD methods fall into
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two classes, open loop and closed loop. Space-time transmit diversity (STTD) is an open loop
technique in which the symbols are modulated using space-time block codes [5] and the two encoded
symbol streams are transmitted through two antennas simultaneously. Due to its simplicity of
implementation and achievable diversity gains, the STTD scheme has been part of the Wideband
Code Division Multiple Access (WCDMA) standard already from its first release and it is also
accepted to be part of the standards of the LTE and the LTE-Advanced systems. In closed loop
transmit diversity, the receiver feeds back the estimated optimal transmit weights to the transmitter
such that the received power is maximized.
Definition 2.3.4 (Space-time block coding (STBC)). Space-time block coding is a simple and
effective open loop transmit diversity scheme that encodes the data stream into blocks and transmits
the blocks distributed among transmit antennas and across time achieving transmit diversity.
Such codes can be generalized to the case of multiple receiver antennas providing receiver
diversity in addition to transmit diversity. The STBC schemes can be decoded efficiently at the
receiver applying simple linear processing on the received signals on different receive antennas. The
code rate of STBC measures how many symbols per time slot it transmits on average over the
course of one block. If a block encodes n symbols, the code-rate is given by
Rc =

n
,
T

where T is the number of time slots needed to transmit the block. A space-time block coding
scheme can be represented by the coding matrix in which each row and each column represent an
antenna port and a time slot, respectively.
Definition 2.3.5 (Alamouti STBC). Alamouti STBC obtains transmit diversity by employing the
following coding matrix


∗
− x2
x
.
 1
(2.26)
x2 x∗1

Alamouti proposed a simple STBC scheme [5] (illustrated in Figure 2.7) that was turned out to
be the only orthogonal STBC (OSTBC) that achieves rate 1 (i.e., full rate, since it transmits two
symbols in two time slots). The Alamouti coding works with two transmit antennas and it can be
extended to handle multiple receive antennas providing receive diversity as well.
Transmitter
Time slot 1 Time slot 2

x1

− x2*

Receiver

Antenna port 1
Time slot 1 Time slot 2

x2

x1*

Antenna port 2

Figure 2.7: The Alamouti STBC scheme
Because a single stream STBC system and a multi-stream SM system operate advantageously in
different SINR regions, we expect that the throughput optimal opportunistic power allocation (and
the OPC gain) becomes different in these two operational modes. Therefore, our objective in this
section is to evaluate the performance of OPC in MIMO systems that can operate in both low and
higher rank transmission modes. We argue that this analysis of the OPC gain in MIMO systems
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is a prerequisite for OPC to qualify as a viable practical alternative to the classical SINR target
following approaches. To this end, we focus on the downlink of a MIMO Orthogonal Frequency
Division Multiplexing (OFDM) system [80–82] and study the throughput gain of OPC over equal
power allocation (i.e., equal over the users and subcarriers) when the system employs Alamouti
STBC or SM.
We first need to evaluate the packet error rate (PER) on each subcarrier and formulate the
throughput maximization problem as a constrained (in terms of sum power and fairness) optimization task. Since this optimization problem turns out to be non-convex for both the Alamouti STBC
and the SM schemes, we apply the Augmented Lagrangian Penalty Function (ALPF) method [72]
to find the optimum power vectors. More specifically, we evaluate the joint optimization of transmit
power and modulation scheme and present the impact of optimal modulation scheme selection on
the achievable system throughput as well.
Our key findings are that (1) the gain of OPC in terms of system throughput becomes negligible
compared to equal power allocation when tight fairness is required and adaptive modulation and
coding scheme (MCS) selection is employed. On the other hand, (2) this gain is substantial only
when fairness is not a concern, in that case, SM along with OPC is superior from overall throughput
point of view. Furthermore, we show that (3) the simple Alamouti STBC with adaptive MCS is
particularly efficient when opportunistic power control is applied and highly unbalanced users (i.e.
users with large differences in their channels) have to share the total transmit power and it can
provide performance benefits compared to SM when enforcing the same level of fairness. We
demonstrate that (4) Alamouti always achieves better fairness with equal power allocation as well
as with OPC (without fairness constraint) compared to SM and (5) it exploits the advantage of
higher modulation schemes even at high unbalance in channel conditions achieving higher system
throughput than SM.
The section is organized as follows. The next subsection describes our system model based on
the model used, e.g., in [83, 84]. Our main contributions are presented in Section 2.3.2 which is
concerned with the description of the link performance model and the proposed constrained optimization task. Next, in Section 2.3.3, we give a brief overview of ALPF and discuss its applicability
to the throughput maximization. Section 2.3.4 presents numerical results. Finally, we conclude our
work in Section 2.3.5.

2.3.1

Model Description

In this section we consider the downlink of a MIMO-OFDM system with K number of MIMO users
where user k employs NR,k number of receive antennas and with a base station having NT number
of transmit antennas. A packet of user k is encoded with code rate Rkc . The total number of OFDM
P
subcarriers are denoted by N = K
k=1 Nk , where Nk is the number of subcarriers assigned to user
k. On one subcarrier of user k, Lk ≤ min(NR,k , NT ) MIMO data streams can be transmitted
simultaneously. The subchannel is the representation of a channel established on the q th stream
and nth subcarrier of user k and is denoted by the c = (k, n, q) triplet. On subchannel c, M c -QAM
modulation is used and mc = log2 M c bits are mapped into QAM modulation symbols. The set
of the complex modulation symbols (modulation alphabet) of M c -QAM modulation is denoted by
χc .
We consider two different multi-antenna MIMO transmission schemes: the Alamouti STBC
with maximum ratio combining (MRC) receiver and SM with a linear minimum mean square error
(MMSE) receiver. According to the particular MIMO scheme, the 1 × Lk transmit symbol vector of
n,2
n,Lk
c
user k, xnk = {xn,1
}, xn,q
k , xk , . . . , xk
k ∈ χ , c = (k, n, q), is space/time encoded and transmitted
on the nth subcarrier of user k. The transmit power on a subcarrier is assumed to be uniformly
distributed over the transmit antennas. We note that the signal model introduced in this section
is well known from the existing works, and it is applied in several papers, for instance, in [83, 84].
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However, we extend this model with the consideration of pathloss and shadowing.
Alamouti STBC with MRC receiver
As shown in Appendix 7.B and using the assumptions therein (see also [83]), the Lk × 1 received
symbol vector for user k on subcarrier n with the Alamouti STBC can be written as
s
Pkn
rnk =
||Hnk ||2F xnk + nn0,k
(2.27)
NT
when MRC strategy is applied at the receiver, where
q
n
Hnk = d−ρ
k,BS νk,BS Ĥk ,
and Ĥnk is the NR,k × NT channel transfer matrix of user k. Furthermore, dk,BS and νk,BS are the
distance and the log-normal shadow fading from the base station BS to the kth mobile, respectively.
The pathloss exponent ρ is assumed to be the same for all users. Pkn denotes the transmission power
P
P Nk n
assigned to user k on its subcarrier n and K
n=1 Pk = PT , where PT is the total transmission
k=1
power budget of the base station. The additive complex Gaussian noise vector with zero mean and
a variance of ||Hnk ||2F for user k on subcarrier n is denoted by nn0,k . We note that for the Alamouti
STBC scheme, one modulation symbol is transmitted per OFDM symbol period on each subcarrier,
i.e., Lk = 1, ∀k (see Appendix 7.B). 1
Spatial Multiplexing with Linear MMSE Receiver
We assume that the received signal vector is filtered through a weighting matrix Gnk . The optimal
receiver weighting matrix in case of Spatial Multiplexing is the linear MMSE receiver matrix [75]
which can be written in a closed-form expression [14, 15] as
nH

Gnk = Hk

nH

Hnk Hk

NT (σkn )2
+
INR,k
Pkn

!−1

,

where INR,k and (σkn )2 denote the identity matrix of size NR,k × NR,k and the noise power perceived
by user k on subcarrier n, respectively. The Lk × 1 received signal vector of user k on subcarrier n
is given by
rnk = Gnk Hnk xnk + Gnk nn0,k
= Diag(Gnk Hnk ) xnk + (Gnk Hnk − Diag(Gnk Hnk )) xnk + Gnk nn0,k .

(2.28)

Due to the orthogonality of the subcarriers, users do not perceive intracell interference. For
the tractability of the model, we consider intercell interference as additive white Gaussian noise as
assumed in [84] as well. (Therefore, in the following we simply use “signal-to-noise ratio” (SNR)
rather than “SINR”.) In order to use unified notations for both the Alamouti and the SM schemes,
we rewrite the equations (2.27) and (2.28) as
rnk = Ank xnk + wkn ,
1

(2.29)

We sometimes denote scalar values as vectors or matrices (i.e., in bold) in order to be uniform with the notations
of the SM scheme.
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where wkn is the complex Gaussian interference and noise vector. The post processing MIMO
channel gain matrices Ank of user k on subcarrier n are given by
s
!
Pkn
n
n 2
Ak = Diag
||Hk ||F and
NT
s
 Pn

k
Ank = Diag
Gnk Hnk
NT
for the Alamouti and SM schemes, respectively. Let γkn,q define the SNR of user k on subcarrier n
and stream q given by
!2
|{Ank }(q,q) |
n,q
γk ,
,
(2.30)
n,q
σk,w
n,q 2
where (σk,w
) is the variance of wkn defined in (2.29). More specifically, for Alamouti STBC,
equation (2.30) results in
Pkn
γkn,q ,
||Hnk ||2F ,
(2.31)
NT (σkn )2

while with SM the SNR is given by
γkn,q ,

nPn
k

NT

Diag(Gnk Hnk )2 Diag(Rnk )−1

o

(q,q)

,

(2.32)

where Rnk is the covariance matrix of the overall interference and noise perceived by user k on
subcarrier n and given by
Rn,q
k =

Pkn n n
(G H − Diag(Gnk Hnk ))(Gnk Hnk − Diag(Gnk Hnk ))H
NT k k
H

+ (σkn )2 Gnk Gnk .
The stream wise SNR in the case of SM and assuming uniform power distribution over the
transmit antennas can also be calculated based on the diagonal elements of the error matrix of the
linear MMSE decoded signal as derived in, for instance, [C3] and given by
γkn,q =

1
1
2

H

1

{(INR,k + (σkn )−2 (Pnk ) Hnk Hnk (Pnk ) 2 )−1 }(q,q)

where Pnk is a NT × NT diagonal matrix whose diagonal elements are

− 1,

(2.33)

Pkn
NT .

Summary
This section has described our model of Alamouti STBC with an MRC receiver and of SM with a
linear MMSE receiver using unified notations. We have derived the stream wise SINR expressions
per subcarrier (under the assumption of white inter-cell interference) in equations (2.31), (2.32)
and (2.33) that will be useful in calculating the packet error rates.

2.3.2

Evaluating and Optimizing the System Throughput

Predicting the Packet Error Rate
From a higher layer perspective, the performance of a radio link is advantageously characterized by
the packet error rate (PER). It is well known that under specific modulation and coding scheme,

29
the link performance of a coded digital communication over additive white Gaussian noise (AWGN)
channel can be expressed as the function of the SNR [85, Section 5.2]. Therefore, the PER versus
SNR function has been widely used as the interface between the link and system level simulators [86].
Typically, this interface takes the form of a table that specifies the PER for each employed MCS as
a function of the SNR with some granularity. In this work we use Table 2.3 to map SNR to PER
and apply interpolation among the points of the table, where 0.5 CC refers to the convolutional
encoder with a coding rate of 0.5.
Table 2.3: Mapping of SNR values to PER
MCS 1: 4-QAM, 0.5 CC MCS 2: 16-QAM, 0.5 CC
SNR (dB)
PER
SNR (dB)
PER
0
1
9
1
0.5
0.9
9.5
0.95
1.0
0.6
10.0
0.8
1.5
0.2
10.5
0.5
2.0
0.07
11.0
0.2
2.5
0.02
11.5
0.05
3.0
0.005
12.0
0.015
4.0
0.0003
13.0
0.0002

Evaluating the System Throughput as an Optimization Task
After the prediction of the packet error rate, the system throughput can be calculated as follows.
T =

Nk X
Lk
K X
X

Rkc (1 − PERc )LA(γknk ,q , M c ),

(2.34)

k=1 nk =1 q=1

where PERc denotes the predicted packet error rate on subchannel c = (k, nk , q) and LA(·) is the
link adaptation (LA) function (illustrated in Figure 2.8), which requires the SNR and the corresponding modulation scheme of the user as inputs and returns the number of effective information
bits [87]. Such a function is often used during link adaptation to select the modulation scheme
at a given signal-to-interference-plus-noise ratio (SINR), which results in the highest number of
information bits [C4, C5]. In (2.34), we apply the more realistic, modulation dependent LA curves
instead of the idealistic Shannon capacity formula (also plotted in Figure 2.8). The optimal solution
of (2.34) including optimal MCS selection is a realistic approximation of the optimal water-filling
(WF) solution for the ideal Shannon capacity based throughput calculation.
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Figure 2.8: Channel information capacity vs. SNR for different modulation schemes
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Throughput Maximization as Constrained Optimization Task (Thesis 1.3)
In this work, we evaluate the throughput maximization problem (also known as the capacity problem) which consists of maximizing the total throughput of the system subject to a predefined power
budget. We address this problem as constrained optimization task. Using the throughput metric
introduced in (2.34), the constrained maximization problem (Thesis 1.3) is formulated as
max
p

Nk X
Lk
K X
X

Rkc (1 − PERc ({p}k , M c ))LA({p}k , M c )

(2.35)

k=1 nk =1 q=1

subject to the following constraints:
Nk
K X
X

Pkn ≤ PT ,

(2.36)

k=1 n=1

Pkn ≥ 0, ∀k, ∀n,

(2.37)

Tk ≤ F · Tl , ∀k, ∀l,

(2.38)

where p is the power loading vector whose kth element equals to {p}k = {Pk1 , . . . , PkNk }. The
constraint in (2.38) sets the maximum allowed relative difference in per user throughputs (Tk , k =
1, . . . , K) and thereby enforces a certain level of fairness among users.
Summary
In this section, we have discussed our system throughput evaluation approach as a constrained
optimization task. The proposed problem employs the more realistic, modulation dependent link
adaptation (i.e., SNR to information bits) function instead of the idealistic Shannon curve (see
Figure 2.8) and the constraints incorporate a tunable fairness parameter as well which is heavily
used in Section 2.3.4 to evaluate different level of fairness among users.

2.3.3

Solution Approach Using a Lagrangian Penalty Function

The throughput optimization problem addressed in Section 2.3.2 is a constrained non-convex optimization. Therefore, the Augmented Lagrangian Penalty Function (ALPF) can be advantageously
used to solve it [72, Chapter 9]. In this section, we discuss the exact application of the optimization
method to the constrained maximization problem introduced in Section 2.3.2. In order to employ
the ALPF optimization method, we have to fulfil the continuously differentiable requirement for
the objective function. In Equation (2.35), this requirement is violated by the SNR to PER and
SNR to information bits functions, since they are expressed in the forms of tables (see Table 2.3
and Figure 2.8, respectively). Therefore, in the following subsection we propose approximation
functions for the SNR to PER and SNR to information bits functions and evaluate their accuracy
by means of comparing their outputs in figures.
Objective Function in the Function of Power
For ALPF it is convenient to use continuously differentiable functions rather than tables for the
mapping of SNR to PER as well as to information bits. Thus, we introduce the following approximation function for the PER vs. SNR function
f (x) =

1
.
1 + ea(x−b)

(2.39)
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Table 2.4: Parameters for the approximation of PER vs. SNR function for different MCS
4-QAM 16-QAM
a
2.9
2.9
b
1.12
10.12

The exact values of the parameters (a, b) in (2.39) are summarized in Table 2.4 for 4-QAM and
16-QAM modulation schemes.
In Figure 2.9, we plot the comparison of the table based PER vs. SNR function and its
approximation function given by Equation (2.39).
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16-QAM - analytical
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Figure 2.9: Packet error rate vs. SNR curve and its analytical approximation for 4-QAM and
16-QAM modulation schemes are shown where the parameters a and b are set according to Table
2.4
Although the table based PER vs. SNR curves for 4-QAM and 16-QAM (based on Table 2.3) are
plotted only up to 4 and 13 dB, respectively (see Figure 2.9), this does not result in any limitation
regarding the PER mapping, since we use the analytical approximations during the evaluation of
the system throughput. We note, that the curves show good matching within the available region,
thus we will apply Equation (2.39) to map the SNR to PER in the evaluation of the optimization
problem in Section 2.3.4.
Since the information bits vs. SNR (i.e., link adaptation) function is available also in a form of
table similarly to PER vs. SNR mapping, we need to find a differentiable function which can be
applied in the optimization method. We propose the following analytical function for this purpose
f (x) =

ax
+ c,
x+b

(2.40)

where the values of the parameters (a, b, c) are given in Table 2.5. Similarly to PER vs. SNR
Table 2.5: Parameters of the approximation of the information bits vs. SNR function for different
MCS
4-QAM 16-QAM
a
2
4
b
0.99
3.3
c
0.026
0.05
function, we compare the information bits vs. SNR function and its approximation and show the
results in Figure 2.10. Since the respective curves fit well, we will use Equation (2.40) to map SNR
to information bits in the numerical results of Section 2.3.4.
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Figure 2.10: Information bits per symbol vs. SNR curve and its analytical approximation are shown
where the parameters a, b, c are set according to Table 2.5
Application of ALPF
In this subsection, we describe how ALPF can be employed to solve the optimization problem of
Section 2.3.2 and provide a table (Table 2.6) where the parameters of our maximization problem
is transformed into ALPF parameters detailed in Appendix 7.A.
Unfortunately, adaptive MCS selection cannot be incorporated conveniently in the ALPF objective function. This is because the SNR is expressed as the function of the transmission power and
choosing the throughput optimal modulation and coding scheme would result in a “max” function
within the objective function rendering it non-continuous. For the sake of tractability of the model,
we consider the coding rate constant for each user and apply only adaptive modulation selection.
Thus, by evaluating the objective function for all combinations of modulation schemes for all users
and choosing the most favorable modulation scheme we obtain the optimal joint modulation and
power settings as expressed in (2.35). With this in mind, Table 2.6 maps the ALPF parameters to
our optimization problem (see Appendix 7.A for the meaning of the ALPF parameters).
Table 2.6: Mapping of ALPF parameters to the proposed optimization problem for the downlink
of a single-user system
ALPF
Optimization problems
x
p
P
P Nk P L k c
minp − K
nk =1
q=1 Rk ·
k=1
f (x)
·(1 − PERk ({p}k , Mk ))LA({p}k , Mk )
hi (x)
0 (no equality constraints considered)
gi (x)
(2.36), (2.37) and (2.38)
νi and ui
initially set to 0
µ
initially set to 10
Scale factor to
2
increase µ

Summary
This section has described the application of the ALPF method to our optimization problem. We
have introduced analytical approximation of two functions given in the forms of tables in order
to fulfil the necessary requirements of the ALPF method and be able to apply it for solving the
optimization. We have shown good matching of the original table based representations and the
proposed analytical approximations of the functions. Furthermore, the application of the optimization method to our specific problem expressed in Equations (2.35)-(2.38) has been discussed and
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Figure 2.11: Example simulation scenarios are illustrated when the users are placed around the
same distance from the serving base station (a), therefore the pathloss unbalance is low (∼ 0 dB)
and when the terminals are dropped at different distances from the base station (b) resulting in
high pathloss unbalance (∼ 8 dB).
the results have been summarized in Table 2.6. We note that all the necessary details of the ALPF
method are discussed in Appendix 7.A.

2.3.4

Numerical Results (Thesis 1.4)

In this section we evaluate the proposed optimization problem in different system configurations,
e.g., without/with the application of adaptive MCS, with equal power allocation or OPC as well
as with different level of per user fairness guaranteed. Table 2.7 contains the numerical settings of
our model. For the sake of easy interpretation of the results, we set the number of subcarriers per
user to one. We calculate the modulation scheme per stream which results in per stream packet
error rate and user throughput calculation. In this case, equation (2.34) simplifies to
T =

Lk
K X
X

Rkc (1 − PERqk )LA(γkq , Mkq ).

(2.41)

k=1 q=1

The channel transfer matrix of user k, Ĥk , is a zero-mean and unit-variance i.i.d. complex Gaussian
random matrix for the uncorrelated MIMO Rayleigh fading channel.
We have evaluated the results as the function of fairness, total transmission power as well as
different channel conditions in terms of unbalance (difference) in the channel coefficients. In case
of multiple transmit and receive antennas, the channel coefficients are measured per antenna pair,
therefore we focus only on the pathloss difference (which is calculated per user) to express the
channel unbalance. An example simulation scenario is illustrated in Figure 2.11. When the users
are dropped around the same distance from the serving base station (Figure 2.11(a)), the channel
unbalance is low. Figure 2.11(b) shows the case when channel unbalance is high, since the users
are placed at different distances from their base station.
The Reference Case: Equal Power Allocation without/with Adaptive MCS
First, we are interested in comparing the Alamouti and spatial multiplexing schemes when equal
power allocation is used. We examine the impact of the unbalance in channel conditions and
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Table 2.7: Model parameters of a single-user MIMO system
Number of users
K=2
Nr. of transmit antennas
NT = 2
at the base station (BS)
Nr. of receive antennas per user
NR,k = 2, ∀k
Inter-site distance (ISD)
ISD = 400 m
Number of base stations
NBS = 1
Nr. of subcarriers
N =2
Nr. of subcarriers per user
Nk = 1, ∀k
Code rate
Rkc = 0.5, ∀k
Total transmission power
PT = 5 − 50 W
Pathloss exponent
ρ = 3.07
Shadow fading
νi,j = 1.0, ∀i, j
Fast fading model
Rayleigh flat
Gaussian noise standard deviation σkn = 10−3 , ∀k
Fairness constraint in (2.38)
F = 1.2 − ∞
Antenna configuration
2x2 MIMO
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Figure 2.12: System throughput of Alamouti STBC (green) and spatial multiplexing (blue) are
shown in the functions of the total transmission power budget and the unbalance in the users’
channel conditions without (a) and with (b) adaptive MCS when equal power allocation is applied
at the transmitter, K = 2, NT = 2 and NR,k = 2, ∀k

the total transmission power on the maximum system throughput achieved by Alamouti and SM
schemes. First, the case of no adaptive MCS is examined in Figure 2.12(a) (i.e., only 4-QAM
modulation is used for all streams of all users).2 According to Figure 2.12(a), Alamouti coding is
more beneficial only at very low total transmission power regardless of the channel unbalance, while
with adaptive MCS (when each user can use either 4-QAM or 16-QAM modulation scheme on its
stream(s) depending on which modulation combination results in the highest system throughput),
the region where Alamouti performs better than SM increased considerably especially at low power
and high channel unbalance (see Figure 2.12(b)).
Since the equal power allocation does not consider fairness, it is interesting to investigate how
stringent fairness it can achieve. To this end, we apply the Jain’s fairness index [88] to evaluate

2

Linear interpolation is used among the evaluated points in order to visualize the results as 3D surfaces.
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Jain's fairness index for Alamouti STBC HgreenL and SM HblueL
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Figure 2.13: Jain’s fairness index for Alamouti STBC (green) and spatial multiplexing (blue) are
shown in the functions of the total transmission power budget and the unbalance in the users’
channel conditions without (a) and with (b) adaptive MCS when equal power allocation is applied
at the transmitter, K = 2, NT = 2 and NR,k = 2, ∀k
fairness among users regarding the per user throughput. The fairness measure is given by [88]
P
2
( K
i=1 ti )
,
fairness =
P
2
K· K
i=1 ti

(2.42)

where K denotes the number of users in the system and ti is the throughput of user i. This measure
rates the fairness from the range of K1 (worst fairness) to 1 (best fairness, i.e., all users perceive the
same throughput). We illustrate the results of (2.42) without and with adaptive MCS in Figure
2.13(a) and 2.13(b), respectively. When only 4-QAM modulation is applied, Alamouti coding
always achieves better fairness than SM, while the adaptive MCS somewhat decreases the fairness
of both the Alamouti and SM schemes, since the transmitter can switch to higher modulation
sometimes only for one user due to power limitations resulting in higher throughput for that user,
which reduces the per user fairness. At high unbalance and low transmission power the fairness
drops to ∼ 0.5 (worst fairness), this is because the equal portion of transmission power is enough
only for small throughput achievement for the user having bad channel conditions.
OPC without/with Adaptive MCS
In this subsection, we examine the performance of OPC in terms of system throughput for different
total transmission power and channel unbalance values for both the Alamouti and SM schemes
(without any restriction on the fairness, i.e., F is set to ∞ in (2.38)). This means that we solve
the optimization problem of Section 2.3.2, but instead of (2.35) we use (2.41) as the objective
function as discussed in the beginning of Section 2.3.4. When adaptive MCS is not applied, SM
yields superior throughput (see Figure 2.14(a)) irrespectively of the total transmission power or the
channel unbalance. On the other hand, with adaptive MCS, Alamouti results in more favorable
performance at high unbalance and low power regime as shown in Figure 2.14(b).
We are interested in to evaluate the fairness of OPC similarly as we did in case of equal power
allocation. Thus, we investigate how stringent fairness OPC can achieve without fairness extension.
When adaptive MCS is not employed, Alamouti yields near the best fairness (∼ 1.0) everywhere
(Figure 2.15(a)), since the SNR of the user with good channel can achieve the “upper flat” part of
the link adaptation curve, and thus it is more beneficial to allocate more power to the user having
less favorable channel, which results in approximately the same throughput for both users (more
detailed examination will be addressed in the next section). In case of SM (Figure 2.15(b)), there
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is no enough transmission power to allocate for the bad user, therefore the dominant part of the
power is assigned for the good user achieving high system throughput (see in Figure 2.14(a)). When
adaptive MCS is applied at the transmitter, the fairness somewhat decreases for both transmission
schemes, since, sometimes only one user can switch to higher modulation order due to power
limitations and can achieve higher throughput than the other user.
The SNR ranges covered by the throughput evaluation figures (Figure 2.14(a) and 2.14(b)) are
relevant from practical perspective (regarding 4-QAM and 16-QAM modulations), since they range
from about -5 to 18 dB as illustrated in Figure 2.16(a) and 2.16(b) in the function of the pathloss
unbalance for 5 W and 50 W total transmission power, respectively. It is interesting to note, that
with low total transmission power (5 W), the SNR values of the user with bad channel (User 2) in
SM mode drop to −∞ at pathloss unbalance ≥ 4 dB due to lack of power, since the fairness is not
a concern in this case and all the power is allocated to the user with favorable channel. In case of
high transmission power (50 W) the user with less favorable channel gets substantial portion from
the power budget, which is in line with the behavior of the WF power allocation, that is, the more
transmission power available, the more fair the throughput achievement is. These figures (Figure
2.16(a) and 2.16(b)) contain the applied optimal modulation schemes in the marked points of the
curves as well. At PT = 5W the optimal modulation scheme are 4-QAM for all cases since the
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system operates in the low SNR regime. It can be observed in Figure 2.16(b) that the user of a
deteriorating channel tends to switch back to lower modulation scheme in order to let the system
achieve the maximum throughput.
OPC together with Fairness without/with Adaptive MCS
Motivated by the results presented in the previous subsections, we examine the impact of different
fairness constraints on the performance of OPC. Figure 2.17 shows the result of the optimization
as the function of fairness when fixed (4-QAM) modulation is considered for all subchannels (i.e.,
for all streams of all users) and the level of unbalance is set to 5 dB in both the Alamouti and the
SM cases. Recall from Section 2.3.2, that fairness is ensured by a constraint in the optimization
with respect to the per user throughput difference. The first point of the abscissa (“UC”) belongs
to the solution of the unconstrained (UC) problem (F = ∞ in (2.38)). Figure 2.17(a) illustrates
the power distribution over the subchannels and the total transmission power (set to 10 W) which
is the sum of the power of all streams of all users. The power distribution of Alamouti scheme does
not vary in the function of the fairness constraint, which is in line with the fairness results from
the previous section, since the Alamouti was completely fair without applying fairness extension.
With SM, more transmission power is allocated for the user having less favorable channel as the
fairness requirement is tightened.
To see why Alamouti can achieve better fairness than SM, we plot the optimal stream wise SNR
as the function of fairness in Figure 2.17(b). Users employing Alamouti STBC experience higher
SNR values, this is because all the transmission power of a user is allocated to a single stream, while
with SM, the user has to share its power (uniformly) between its two streams. Since the SNRs are
high with Alamouti STBC and 4-QAM modulation is used for each subchannel, both users are able
to achieve the “upper flat” part of the link adaptation curve. According to Figure 2.17(c), which
shows the optimal throughput achieved by each user as well as the sum-user throughput, the SM
scheme yields higher system throughput, but it decreases as tighter fairness constraint is set and
gets equal to that of Alamouti at F = 1.2.
For the adaptive (throughput optimal) MCS case, the results are illustrated in Figure 2.18,
where each user can use either 4-QAM or 16-QAM modulation scheme on its stream(s). We see in
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Figure 2.17: System throughput maximization without adaptive MCS : The optimal power allocation
per stream and total transmission power (a), the optimal per stream SNR perceived by each user
(b), and the achieved user and sum throughput are shown (c) in the function of fairness constraints
regarding the user throughputs (F in (2.38)) in case of Alamouti (A) and SM schemes when 4-QAM
modulation is applied for each subchannel and the unbalance in pathloss coefficients is set to 5 dB,
PT = 10 W, K = 2, NT = 2 and NR,k = 2, ∀k
Figure 2.18(c) that Alamouti makes use of the high SNR values and switches to higher modulation,
which results in significantly higher system throughput compared to the case with no modulation
selection, outperforming the total throughput of SM.
In Figure 2.19, we plot the system throughput versus the total power budget and the unbalance
measure while keeping the fairness constraint constant tightly at F = 1.5. Without adaptive MCS
(Figure 2.19(a)), at high unbalance and low transmit power settings the Alamouti scheme performs
considerably better than SM. On the other hand, optimal MCS increases the “dominant area” of
the Alamouti coding as shown in Figure 2.19(b). This is because the Alamouti scheme exploits
the advantage of higher modulation order even at high unbalance or low SNR regime, whereas
the SM is unable to take advantage of the adaptive MCS and can use only 4-QAM. Thus, in the
region of high unbalance and low total transmission power, the application of the simple Alamouti
coding for transmission scheme is more advantageous in terms of system throughput than SM while
achieving the same fairness among users as well. Furthermore, we can also observe that at high
unbalance, spatial multiplexing is more sensitive to fairness than Alamouti regarding the achieved
system throughput, since SM performs worse when fairness must be ensured compared to the case
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Figure 2.18: System throughput maximization with adaptive MCS : The optimal power allocation
per stream and total transmission power (a), the optimal per stream SNR perceived by each user
(b), and the achieved user and sum throughput are shown (c) in the function of fairness constraints
regarding the user throughputs (F in (2.38)) in case of Alamouti (A) and SM schemes when optimal
modulation is selected for each subchannel and the unbalance in pathloss coefficients is set to 5 dB,
PT = 10 W, K = 2, NT = 2 and NR,k = 2, ∀k
when there is no fairness requirement (see e.g., Figure 2.14(a) and 2.19(a)).
In order to show that this operating point is relevant from practical systems point of view, we
plot the achieved SNR values in the function of pathloss unbalance for low (5 W) and high (50 W)
total transmission power budget in Figure 2.20(a) and 2.20(b), respectively. Unlike the case of OPC
SM without fairness and with low transmission power, the SNR values of the bad user do not drop
to −∞ in this case due to the tight fairness requirement (F = 1.5). In high power regime, the SNR
values are similar to that of OPC without fairness, which indicates that the required throughput
difference among users is fulfilled without introducing an extra constraint for that purpose (except
the highest unbalance case, where the fairness constraints changes the SNR values to some extent
in order to achieve the desired relative throughput difference).
The OPC Gain
When fairness is not a concern, then spatial multiplexing along with OPC yields the highest system
throughput at low or moderate channel unbalance as shown in Figure 2.21, where the system
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throughput is plotted with equal power allocation as well as with OPC (F = ∞) and adaptive
MCS is enabled for both types of power control (this figure is only the combination of Figure
2.12(b) and 2.14(b) for the easier observation of the relations among these cases). Figure 2.21
indicates the achievable gain of the opportunistic power control approach. However, fairness must
be taken into account when employing OPC, because otherwise some of the users can be completely
suppressed as illustrated in Figure 2.16.
In order to manage the fairness, we can simply apply Alamouti STBC which helps achieving
better fairness practically in all cases (with EPC or OPC and with without or with adaptive MCS)
as confirmed by Figures 2.13 and 2.15, but may not be optimal in terms of system throughput at
low channel unbalance. If guaranteed fairness is required then OPC (with fairness, i.e., F = 1.5
in (2.38)) does not yield substantial throughput improvement compared to the simple equal power
allocation case as illustrated in Figure 2.22 for the SM scheme when adaptive MCS is employed.
It is interesting to note, that equal power allocation achieves better throughput at high channel
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Figure 2.22: System throughputs of spatial multiplexing with equal power allocation (green) and
OPC with fairness constraint (F = 1.5) (blue) are shown in the functions of the total transmission
power budget and the unbalance in the users’ channel conditions when adaptive MCS is applied at
the transmitter, K = 2, NT = 2 and NR,k = 2, ∀k
unbalance, this is because no fairness must be ensured as opposed to the case of OPC with fairness.

2.3.5

Conclusion

The main question we addressed in this section is how large the OPC gain in MIMO systems
employing Alamouti STBC and SM is. We found that this gain depends on whether the system
employs adaptive modulation and coding and how stringent the imposed fairness constraints are.
We showed that equal power allocation achieves ∼90 % of the capacity of OPC when tight fairness
(F = 1.5 in (2.38)) is required and adaptive MCS is applied at the transmitter. The numerical
results confirmed that without fairness requirement, spatial multiplexing along with OPC yields
superior system throughput at low or moderate channel unbalance compared to the case of equal
power allocation. During the course of this study, we have also found that the simple Alamouti
STBC is a promising multi-antenna transmission approach to provide high system throughput when
there is a large unbalance in the channel gains and/or only a low total transmission power budget
is available. Moreover, as the numerical results have shown, Alamouti achieves better fairness than
SM both with equal power allocation and OPC without fairness constraint. Spatial multiplexing
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is more sensitive to fairness than Alamouti at high unbalance in channel conditions, since SM
yields substantial throughput loss when fairness must be ensured. Finally, we have also shown that
Alamouti exploits the advantage of higher modulation schemes even at high unbalance in channel
conditions or in the low SNR region achieving higher system throughput than SM.

2.4

Summary of the Chapter

This chapter has addressed the problem of optimal radio resource allocation assuming different
MIMO channels (e.g., multi-user broadcast and single-user), different MIMO transmission modes
(transmit diversity and spatial multiplexing) and employing different power control schemes. The
most important effects of these aspects on system capacity and fairness are also presented.
In Section 2.2, the gains of opportunistic SINR target setting for the SINR target following
power control have been analyzed. We have formulated both the capacity and power control
problems as constrained optimization tasks and solved them employing the augmented Lagrangian
penalty method. Numerical results have confirmed that limiting the maximum difference in per
stream SINR values is an efficient means to control fairness among users. We have shown that
the introduction of SINR targets as optimization variables increases the degree of freedom of the
optimization concerning capacity maximization and power minimization. The settings of these
targets have a great impact on the performance characteristics of the system.
In Section 2.3, we have investigated the performance of optimal power allocation in single-user
MIMO systems from different perspectives. We have shown that the gain of OPC in terms of overall
throughput practically vanishes compared to equal power allocation when tight fairness is required
and adaptive MCS is applied at the transmitter. The numerical results confirmed that Alamouti
achieves better fairness than SM regardless of the power control scheme and exploits the advantage
of higher order modulation even at high unbalance or in the low SNR region.
While these theoretical works provide useful insight into the maximum gain that can be achieved
by optimal power settings and selecting the best transmission modes, their complexity limits their
direct application in system design. Therefore, realistic system simulations are needed for the fast
RRM system design which I investigate in Section 3 (Thesis 2).

Chapter 3

Inter-cell Interference Coordination in
OFDM based Cellular Systems
[BC1, CO1, CO2, C5, J4]
Inter-cell interference coordination (ICIC) is inherently a multi-cell RRM function and has the task
to manage radio resources such that inter-cell interference is reduced and can take into account
the resource usage status and traffic load situation of multiple cells. The reduction of inter-cell
interference for multi-cell wireless systems including the GSM, the EGPRS, the EDGE and the
UTRA systems has been the topic of research ever since these systems started to gain popularity.
In order to study the inter-cell interference problem in a realistic way, we need to consider all of
the fast RRM functions, as well as, the typical packet data traffic characteristics. Therefore, in
this chapter, I have studied the gains of the inter-cell interference coordination for the uplink in
a multi-cell system that extensively rely on fast radio resource management functions and reuse-1
frequency allocation, which is the case, for instance, in the 3GPP LTE system, in which scheduling,
link adaptation, fast packet retransmission by means of hybrid automatic repeat request (HARQ)
and power control are also employed. I have also proposed and evaluated several ICIC algorithms
that aim to reduce inter-cell interference by coordinating the assignments of radio resources to
users.

3.1

Introduction

In this section we give an overview of the LTE Radio Access Network (RAN) architecture. Subsequently, we present an introduction of inter-cell interference coordination and discuss the related
literature. For a comprehensive overview and detailed description of the overall LTE system, the
reader is referred to [89].

3.1.1

The LTE Architecture

Recently, the 3GPP has completed the technical specifications for the Long Term Evolution (LTE)
of third generation (3G) cellular systems. The technical targets of LTE include peak data rates in
excess of 100 Mbps, delay and latencies of less than 10 ms and manifold gains in spectrum efficiency.
Unlike the previous generations, LTE uses orthogonal frequency division multiplexing (OFDM) and
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orthogonal frequency division multiple access (OFDMA) as the baseline for modulation and multiple
access scheme, respectively [80–82, 89].
In addition to having a new radio interface, LTE is built around a flat architecture in which radio
base stations operate in a distributed fashion rather than being controlled by a central entity such
as a base station controller or a radio network controller (RNC). The radio related functionality
such as control functions (admission control, handover control, etc.) and user plane functions
(Radio Link Control (RLC) and Medium Access Control (MAC) protocols) are terminated in the
base station [C6]. Therefore, there is no central coordination entity in the system which makes the
realization of all kinds of inter-cell radio resource coordination, such as the ICIC more challenging.
As already pointed out in the introduction part of the dissertation (Section 1.1), this architectural change follows the general trends in radio link technology development, that is, the radio
resource control related functions are more and more located close to the radio interface where instantaneous radio link quality information is readily available. This is because the most important
challenge in any radio system is to combat the randomly changing radio link conditions by adapting
the transmission and reception parameters to the actual link conditions (channel state). The better
the transmitter can follow the fluctuations of the radio link quality and adapt its transmission accordingly (modulation and coding, power allocation, scheduling), the better it will utilize the radio
channel capacity. The radio link quality can change rapidly and with large variations, which are
primarily due to the fast fading fluctuations on the radio link but other factors such as mobility
and interference fluctuations also contribute to these. As a consequence, the various radio resource
management functions have to operate on a time scale matching that of the radio link fluctuations.
The LTE requirements on high (peak and average) data rates, low latency and high spectrum
efficiency are achieved partly due to the radio resource control functions are being located close to
the radio interface where such instantaneous link quality information is available. Beside the fast
changing radio link quality, the bursty nature of typical packet data traffic also imposes a challenge
on the radio resource assignment and requires a dynamic and fast resource allocation taking into
account the instantaneous packet arrivals as well.
The LTE architecture is often referred to as a two-node architecture as logically there are only
two nodes involved - both in the user and control plane paths - between the user equipment and
the core network. These two nodes are (1) the base station, called eNode B and (2) the Serving
Gateway (S-GW) in the user plane and the Mobility Management Entity (MME) in the control
plane, respectively. The MME and the GW belong to the core network, called Evolved Packet
Core (EPC) in 3GPP terminology. The GW executes generic packet processing functions similar
to router functions, including packet filtering and classification. The MME terminates the so
called non-access stratum signaling protocols with the User Equipment (UE) and maintains the
UE context including the established bearers, the security context as well as the location of the
UE. In order to provide the required services to the UE, the MME talks to the eNode Bs to request
resources for the UE. It is important to note, however, that the radio resources are owned and
controlled solely by the eNode B and the MME has no control over the eNode B radio resources.
Although the MME and the GW are LTE specific nodes they are radio agnostic.
The LTE architecture is depicted in Figure 3.1, showing both the control plane and user plane
protocol stacks between the UE and the network. As it can be seen in the figure, the radio link
specific protocols, including radio link control (RLC) [90] and medium access control (MAC) [91]
protocols are terminated in the eNode B. The Packet Data Convergence Protocol (PDCP) layer [92],
which is responsible for header compression and ciphering, is also located in the eNode B. In the
control plane, the eNode B uses the radio resource control (RRC) protocol [93] to execute the longer
time scale radio resource control toward the UE. For example, the establishment of radio bearers
with certain Quality of Service (QoS) characteristics, the control of UE measurements or the control
of handovers are supported by RRC. Other short time scale radio resource control toward the UE
is implemented via the MAC layer or the physical layer control signaling (e.g., the signaling of
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Figure 3.1: The 3GPP Long Term Evolution (LTE) RAN architecture
assigned resources and transport formats via physical layer control channels).
The aggressive performance targets, the new physical layer and the novel flat (“no RNC”)
architecture of LTE has triggered a new wave of studies - both within the academia and the
industry - for radio resource management in general and interference coordination in particular.

3.1.2

State of the Art on Inter-Cell Interference Coordination

ICIC has the fundamental task to manage radio resources such that inter-cell interference is kept
under control. The preferred ICIC method may be different in the uplink and in the downlink. The ICIC techniques for multi-cell OFDMA systems has been intensively studied, see for
instance [16,19–30,94–99] for a list of recent papers. Most of these papers focus on the downlink; exceptions include [27] and [16]. The objective of ICIC is often formulated as an optimization task with
the objective to maximize some system wide utility function (such as the overall system throughput)
subject to inter-cell communication, fairness or other types of constraints [16, 19, 24, 26, 94, 95, 97].
While these works provide useful insight into the maximum gain that can be achieved by centralized
or distributed ICIC techniques, they typically assume extensive inter-cell communication, channel
state information by the base stations (at least in the own cell, but sometimes, as in [19], also in
neighboring base stations) and frequency selective power control. Furthermore, implementing ICIC
as an ideal optimization mechanism would not be feasible in real systems due to the high computation burden and due to the non-available (global) knowledge. Therefore, these optimizations do
not provide direct input to system design; indeed the ICIC techniques investigated by, for instance,
3GPP center around simpler and more feasible heuristics (including techniques with and without
inter-cell communication).
Along another line, a series of papers have developed so called collision models that quantify (1)
the probabilities of two or more OFDMA subcarriers or resource blocks colliding in the time and
frequency domains and (2) the impact of such collisions in terms of SINR (and consequently bit error
rate (BER) performance and throughput) degradations [20, 27, 28, 30]. These papers provide useful
methodology to analyze the overall system throughput (assuming random subcarrier allocation or
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subcarrier allocation based on own channel state information, but no inter-cell coordination), and
therefore they do not evaluate the “gain” of intuitively appealing and feasible ICIC mechanisms that
would be directly applicable in, for instance, the 3GPP Long Term Evolution (LTE) system [100].
Modern cellular systems employ fast retransmission of lost packets, powerful error correction
coding with incremental redundancy and fine granularity link adaptation including adaptive modulation and coding rate selection [100]. When these techniques are employed for packet data and
packet voice traffic, the impact of ICIC must be analyzed in conjunction with these algorithms,
otherwise the performance results cannot be used by system designers. We state that in order to
fully grasp the usefulness and achievable gains of potential ICIC mechanisms, we must investigate
the so called “compensation effect” that characterizes the throughput gain of avoiding a collision
compared to the case when a collision occurs and the system resorts to retransmission and dynamic
link adaptation.
Definition 3.1.1 (Link adaptation). Link adaptation has the task to select the proper modulation
and coding scheme (MCS) corresponding to the calculated SINR and then to set the transport format
of the transmission accordingly.
The contribution of our work is that we quantify the ICIC gains in a realistic system setting
that accurately models the operation of uplink scheduling, link adaptation, fast retransmissions
and channel state information reporting. We propose several ICIC algorithms that are able to
exploit the achievable gains and works without multi-cell communication and without imposing
extra requirements and load on the system. Equally importantly, we categorize traffic models
in four categories and demonstrate that different traffic sources experience different ICIC gains
in multi-cell systems. Motivated by the simulation results that (depending on the traffic model)
point to lower ICIC gains than expected based on the available literature, we analyze the so called
compensation effect that helps to understand the limitations of ICIC mechanisms in practical
systems.

3.2

Inter-Cell Interference in LTE and the Compensation Effect

In this section, first we define and introduce the notion of radio resource and discuss the basic
consideration regarding its allocation (Section 3.2.1). Subsequently, in Section 3.2.2, we present
the problem of inter-cell interference in LTE. Then, in Section 3.2.3 we introduce the proposed
Compensation Effect in order to characterize the limitations of the ICIC mechanisms in practical
systems (Sections 3.2.4 and 3.2.5).

3.2.1

Basic Considerations

In Figure 3.2 we illustrate the time-frequency resource grid of the OFDM based radio interface of
LTE, in which a Physical Resource Block (PRB) or simply Resource Block (RB), corresponding to
one “cubical” in the figure, aggregates a certain number of OFDM symbols on a given number of
carriers. (Specifically, a RB holds 7 OFDM symbols on 12 subcarriers [101].) The three dimensional
picture illustrates the time domain on the x axis, the frequency domain on the y axis and the multicell domain along the third axis.

3.2.2

Problem of Inter-Cell Interference in LTE

As mentioned above, reuse-1 frequency allocation is employed in LTE, which allows each cell to use
the same available spectrum. Consequently, every RB is available for use in each cell, which means
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Figure 3.2: The 3D domain of OFDM resource block allocations in multicell systems including the
time, frequency and the cell domain. Introducing the cell as a 3rd domain turns out to be useful
for the modeling of inter-cell collisions.
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Figure 3.3: The illustration of the ICI problem is shown in LTE where, for instance, the transmission
of User A is interfered at Base station A by the transmissions of User B and C in the adjacent cells,
because they use the same RB. The high level of interference may reduce the received SINR and
thus, the achieved throughput as well.
that transmissions on the same RB may be scheduled by neighbor cells causing a RB collision. The
problem of inter-cell interference (ICI) in LTE is depicted in Figure 3.3.
An additional aspect that needs to be considered in case of LTE regarding the air interface is that
in the LTE uplink the single carrier frequency division multiple access (SC-FDMA) technique [101]
is used instead of classical OFDMA. The SC-FDMA modulation can be seen as a precoded OFDM,
which has the ICIC related implication that the subcarriers allocated to one UE has to be adjacent,
which obviously restricts the freedom of ICIC.
Considering the interplay between various RRM algorithms, the result of such a collision can
be that
• fewer number of data bits can be carried by a RB (due to link adaptation),
• fewer number of RBs can be allocated to the UE in a transmission time interval (TTI) because
of the UE’s power limitation and
• more retransmissions may be necessary for successful data delivery, because link adaptation
may fail in setting the appropriate modulation scheme and code rate.
In the following subsection we propose a simple measure to capture the aggregate effects of these
mechanisms that will be useful in understanding the numerical results.
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3.2.3

The Compensation Effect (Thesis 2.1)

We consider two RB allocation strategies; one corresponding to a worst-case uncoordinated allocation and the other to a best case coordinated allocation in a two-cell system assuming a single
user per cell. We use the two-cell system due to its simplicity to explain the basic fundamentals
of the compensation effect. Then, later in Section 3.3, we consider the impacts of multi-cell and
multi-user configurations and we investigate such scenarios in the simulations as well.
In the worst case uncoordinated allocation each cell starts the assignment of RBs at the beginning
of the frequency space, which means that RBs always collide. In the coordinated case the first cell
starts allocating RBs from the bottom of the frequency space, while the other starts from the top
and thereby collisions are avoided as long as there are non-colliding RB pairs available (see also
Figure 3.4 and recall that we consider a reuse-1 system).
Assume that a block of data of size D [bits] is waiting for transmission at the UE at the beginning
c
of the TTI. We denote the number of bits that can be carried in a colliding RB with CRB
and the
nc
number of carried bits by a collision free RB with CRB (assuming perfect channel knowledge and
proper link adaptation).
In the case of a collision-free allocation, a RB is allocated for transmission in the first cell and
a different RB is used by the second cell. At this time instant, two RBs (one in each cell) must not
be used in order to avoid collision. In contrast, in the non-coordinated case, both RBs may be used
in both cells (that is in total, four RBs are used). Then it follows intuitively that if two times the
number of bits carried by colliding RBs is greater than or equal to the number of bits carried by a
non-colliding RB, i.e.,
nc
c
≤ 2 · CRB
,
CRB

(3.1)

then no capacity loss occurs under uncoordinated allocation. Whether this compensation criterion
holds depends on whether the SINR improvement of avoiding a collision yields a twofold increase of
the resource block capacity or not. In what follows we study this condition under different (uplink)
power constraints.

3.2.4

Non-Power Limited Case (Thesis 2.1)

In the non-power limited case we assume no limitation on the power that can be allocated for the
transmission thereby there is no limitation on the number of RBs that can be allocated per TTI.
We need to distinguish low load and high load situations, where low load means that the number
of used RBs is such that collisions can be completely avoided. Under high load, collisions occur
even with coordinated allocation. Let us denote the total number of RBs available
l
min the frequency
D
domain during one TTI with F . For two cells, the condition for low load is C nc ≤ ⌊F/2⌋.
RB
The frequency domain allocation of the RBs in the coordinated and uncoordinated cases for the
low and high load scenarios are illustrated in Figure 3.4. Under low load, as long as the condition
nc ≤ 2 · C c
CRB
RB holds, the loss in terms of carried bits per RB due to a collision is compensated with
the transmission on one additional RB. Since the load does not exceed the number of bits that can
be carried on ⌊F/2⌋ number of RBs in the non-collided case, i.e., k ≤ ⌊F/2⌋, there is room for one
more RB per colliding RB to compensate the loss due to the collision, i.e., to use l number of RBs
(l ≤ 2k ≤ F ) in the colliding case to transmit the same amount of data.
Under high load, there are k number of RBs (k > ⌊F/2⌋) occupied in each cell in the coordinated
case, out of which (2k − F ) number of RBs collide (see Figure 3.4). If we allocate k number of RBs
in the non-coordinated case as well, all of which now collide, there remains (F − k) RBs available
for compensation. Note that also in the coordinated case (2k − F ) out of the k number of occupied
RBs suffer collision as well, i.e., the amount of bits carried on these RBs is equal to the one carried
in the uncoordinated case. This means that there are only (F − k) number of more RB collisions

49
Low load
Cell-1

Cell-2

Uncoordinated

Coordinated
Cell-1

k #RB available for
compensation

l ≤ 2k
k

Cell-1

Cell-2
k

frequency domain

Uncoordinated

High load
Cell-2

Coordinated
Cell-1

Cell-2

(F-k)
available for
compensation

(2k-F)

(F-k) to be
compensated

k

Figure 3.4: The compensation effect - non-power limited case. For illustration purposes it is shown
for the equal cell load case but the analysis remains valid for uneven cell load as well.
in the uncoordinated case, which need to be compensated and there are exactly (F − k) number of
RBs available for compensation. That is, if the same condition as in the low load case holds i.e., if
nc ≤ 2 · C c
CRB
RB then no capacity loss can be expected from an uncoordinated allocation.

3.2.5

Power Limited Case (Thesis 2.1)

In the power limited case we assume a transmit power limitation of Pmax at the UE. This means
that the power may limit the number of RBs that can be allocated for the UE in one TTI, assuming
that the link adaptation allocates power for each RB based on the estimated interference on that
c
nc when that
RB. Let us denote the power that needs to be allocated for a RB with PRB
and PRB
RB is hit by a collision and when it is collision free, respectively. Then the maximum number
c
c ⌋) · C c
of bits that can be carried per TTI for the two cases become Dmax
= (⌊Pmax /PRB
RB and
nc
nc
nc
Dmax = (⌊Pmax /PRB ⌋) · CRB , respectively.
c
It can be easily seen that as long as it holds for the load D that D < Dmax
, the maximum
power is not limiting in the allocation, hence the system is equivalent with the one studied under
the non-power limited case. This means that it has the same condition for the compensation effect
to hold as in the non-power limited case.
c
For system loads D > Dmax
, the coordinated allocation can achieve gains in system capacity and
cell edge capacity, where the maximum gain that can be achieved with the coordinated allocation
nc ,F/2·C nc )
min(Dmax
RB
is g =
. In strongly power limited cases, i.e., when the maximum power allows
c
Dmax
to allocate only less than half of the total number of RBs with the uncoordinated allocation, i.e.,
c
nc
nc
nc , the maximum capacity gain becomes g = PRB · CRB . Intuitively, the gain is
Dmax
< F/2 · CRB
nc
c
PRB
CRB
proportional with the number of bits carried per RB in the no-collision case vs. the collision case
and it is inversely proportional with the power that needs to be allocated per RB in the no-collision
vs. collision case.

3.3

Multiple Cells - Many Users and the Impact of the Traffic
Model

3.3.1

Multiple Cells and Many Users

If there are M neighbor cells, in which there can be concurrent transmissions on the same RB, then
the compensation criterion changes to:
nc
′c
CRB
≤ M · CRB
.
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Figure 3.5: The main four traffic type categories
This condition is the generalization of (3.1) such that in the case of M number of cells the per
RB capacity of a non-colliding RB should be at least M times higher than that of a colliding RB
(possibly colliding with (M − 1) other transmissions) in order to break even the capacity gains of
′c denotes the capacity per RB in case of collision with(M −1)
coordinated allocation. (Note that CRB
other transmissions.) Again intuitively, the likelihood that an M times capacity increase is achieved
with the improvement of the SINR gets smaller with increasing M .
Having multiple users in the cell is another factor that increases the room for compensation by
opening up the possibility for time domain compensation, which is especially important for power
limited cases. Although the number of RBs that can be allocated for power limited UEs (suffering
from collisions) is smaller in an uncoordinated allocation, the RBs left unused in a TTI by the
power limited UEs can be used to schedule other UEs. Note that these other UEs would also have
to be scheduled anyway at some point. The power limited UEs can be scheduled again in the
next TTI(s), thereby compensating the collision in time. Comparing the scheduling behavior in
the coordinated and uncoordinated allocations, the difference is that in the uncoordinated case the
UEs are scheduled on smaller bandwidths but more often in time but the transmitted amount of
data can be the same. In order the compensation to be possible without loss of system capacity, it
is sufficient if the original compensation criterion (3.1) holds.

3.3.2

Traffic Model Impact

In order to discuss the impacts of the traffic types on the expected gain of ICIC, it is useful to
differentiate the generic traffic categories shown in Figure 3.5. We differentiate full buffer and
non-full buffer traffic types, each of which can be further classified as peak rate limited or non
peak rate limited. The full buffer assumption means that there is an unlimited amount of data
waiting for transmission (assuming a greedy traffic source), while peak rate limitation indicates
that the number of bits or RBs that can be assigned for the UE within a TTI is constrained by
some upper limit (due to some scheduling policy, power limitation, specific service characteristics or
other reasons). What needs to be investigated is the relation of each of the above traffic categories
to the compensation effect, more specifically to investigate for which of the traffic categories the
compensation effect can be utilized. In those cases no significant capacity gains can be expected
with coordinated allocations.
In the Full Buffer - Peak rate limited scenario the compensation effect cannot be utilized, since
there are equal amount of RBs, equal to the peak rate, occupied in each TTI both in the coordinated
and uncoordinated cases due to the full buffer property. As there is no idle period in the traffic, all
RBs (up to the peak rate limit) are continuously utilized, which leaves no room for compensation
of lost traffic due to collisions. Thereby the difference in the per RB capacity of a colliding RB
c ) and a non-colliding RB (C nc ) has a direct effect on the user throughput.
(CRB
RB
The Full Buffer - Non peak rate limited scenario is less interesting both from an ICIC point
of view and from practical reasons. Since both the traffic and the peak rate are unlimited, the
allocation in this case will result in a continuous full cell load where basically all RBs (up to the
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power limit) are in constant use in each TTI in all cells, resulting in continuous collisions for both
coordinated and uncoordinated allocations, i.e., no gains can be expected from coordination.
The Non-full buffer scenarios, either with or without peak rate limitation, are realistic cases
that best match the properties of typical packet data traffic sources (e.g., best effort TCP traffic),
where bursts of packets arrive with certain inter-arrival times. In this respect the most important
property is the burstiness of the traffic and the presence of idle resources both in time and in
frequency, which enables to utilize the compensation effect, i.e., to exploit such idle resources to
compensate the potential loss of carried information bits per RB due to collisions. This means that
if the compensation criteria (3.1) is fulfilled, then no significant cell-edge and capacity gains can be
expected with coordinated allocation for such traffic types.

3.3.3

Proactive and Reactive ICIC Approaches

ICIC approaches can operate either proactively or reactively depending on how the triggering
criteria are defined. Proactive methods avoid harmful collisions by scheduling resource blocks that
are either not used by the neighbor cell, or are not sensitive to interferers (e.g. used by interior
UEs). In contrast, reactive schemes are triggered by an “overload” situation, i.e., when there is too
much interference on a resource block that is sensitive to such neighbor cell interference (since it is
used by an exterior UE).
Rather than promoting either approaches, the 3GPP has decided to provide support for both
proactive and reactive schemes and allow equipment vendors and network operators to configure a
wide range of (non-standardized) ICIC algorithms. According to the standard, a pro-active High
Interference Indicator (HII) as well as a reactive Overload Indicator (OI) can be exchanged between
base stations using the standardized X2 interface [CO1]. The granularity of both indicators is the
OFDM resource block, that is the same entity as the basic unit for scheduling [89].

3.3.4

ICIC Algorithms Enabled by the Standard (Thesis 2.2)

In particular cases, characterized by Section 3.3.2, we can expect considerable capacity gain from the
realistic ICIC methods. Therefore, it is a great of interest to develop algorithms aiming to reduce
inter-cell interference by coordinating the assignments of resource blocks to UEs. The simplest
example supported by the standard is one that does not use inter-base station communication,
that is either the HII or the OI.
The packet scheduler has the task to determine for each TTI which UEs will get scheduled and
how many RBs they will get based on the fairness and QoS criteria as shown in Figure 3.6. Then
depending on the ICIC scheme it will be selected which particular RB in the frequency domain will
be assigned to the UE.
In this section, we propose five proactive ICIC algorithms that do not require communications
between the base stations. These ICIC schemes differ in selecting UEs to be scheduled in a given
TTI. All of the algorithms apply restrictions on the usage of resource blocks in order not to collide
with the same RB in the neighbor cell. To realize the potential gain from avoiding such resource
block collisions, there is a need to distinguish UEs residing in the interior and exterior parts of
the cell. This is because typically only collisions between cell edge (exterior) UEs cause noticeable
SINR degradation. The descriptions of the proposed ICIC schemes are as follows.
• No ICIC (Reference case): In this case the eNB scheduler does not employ restrictions
on the schedulable resource blocks. That is, the scheduler in each cell works independently
of the used resource blocks in the neighboring cells.
• ICIC start index: This scheme there is a “start index”. The scheduler schedules UEs
starting from the resource block identified by the start index. Being the simplest ICIC

52
CQI reports from UEs

Fairness

CQI report from UE-4

Weights

.
.
.

Y2

CQI report from UE-12
Y1
X2

X1

Weighted and
ordered Priority list

Weighted and
ordered CQI list

Internet (0)

PRB-12 (30)

VoIP (10)

PRB-11 (30)

Rate-share

VoIP priority weights

OFDM Channel Quality Weights
Weights

PRB-13 (32)

Weights

.
.
.

Y2

Y2

PRB-2 (40)
Y1

Y1
X2

X1

X2

Max delay

X1

SIR

+
Weighted UE list
UE-3 (41)
UE-9 (44)

.
.
.

Scheduler

UE-5 (50)

Resource assignment
UE-5

UE-7

UE-5

PRB-1 PRB-2 PRB-3

PRB-2

UE-11

UE-11 UE-4

…

PRB-n
Recalculating weights and
continuing assignment

Figure 3.6: Illustration of potential operation of the scheduler in the downlink of LTE
scheme, this approach does not distinguish between exterior (cell edge) and interior (non cell
edge) UEs.
• ICIC start index + cell edge / non edge: This scheme is similar to the ICIC start index
scheme, but now the scheduler schedules first the exterior UEs starting from the resource
block identified by the start index and after all the exterior UEs have been scheduled, it
continues scheduling the interior UEs.
• ICIC randomized + cell edge / non edge: This scheme is similar to the ICIC start index
+ cell edge / non edge scheme, except that the start indexes are defined without cell-wise
coordination using random variable with discrete uniform distribution. This scheme is a fully
distributed scheme in the sense that there is no need for a central entity that assigns the start
indexes. Another random variable with an arbitrary distribution describes how often in time
this offset is reselected by the scheduler. This is necessary, due to the situation when the
schedulers in neighbor cells selected an offset close to each other and if these offsets were not
changed during the simulation then it would result in increased number of exterior-exterior
RB collisions, i.e., loss in the improvement of the ICIC algorithm in terms of system capacity.
• ICIC geometry: This scheme is similar to ICIC start index + cell edge / non edge but uses
a continuous measure based on the path loss differences to neighbor cells in order to sort the
UEs (rather than distinguishing exteriors and interiors). The path loss value between the
UE and the serving base station, as well as between the UE and the neighbor base station
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i is denoted by PL and PLi determined for each neighbors, respectively. The algorithm
maintains a sorted list in each cell in ascending order that contains min∀i PL − PLi value
(called geometry weight) determined for each UE. Thereafter the scheduling algorithm is
similar to that of the ICIC start index + cell edge / non edge scheme, except that now the
scheduler schedules the “most exterior UEs” first starting from a pre-set “start-index” and
proceeds towards the interior UEs.
• ICIC hard restriction: In this scheme, there is a “start index” and a “stop index” associated
with the set of available resource blocks. The scheduler uses the resource blocks between the
start and stop indexes for exterior UEs. If this pool of resource blocks is depleted, some
exterior UEs will not get scheduled within a specific TTI. If there are remaining resource
blocks in this pool after exterior UEs have been scheduled, they can be utilized by interior
UEs. Using disjoint subsets of resource blocks (defined by the start and stop indexes) in
neighboring cells, exterior collisions can be completely avoided. Interior UEs are scheduled
on the remaining resource blocks (that is after whatever resource blocks are allocated to the
exterior UEs).
Algorithm 1: ICIC capable scheduling algorithm
Input: Ml is the set of users served by cell l.
Output: Assignment of RBs to UEs
1. Phase I (default scheduling process):
(a) Get channel quality indicator (CQI) report (per RB) for all UEs in Ml
(b) Get service priority weights for all UEs in Ml
(c) Get fairness weights for all UEs in Ml
(d) Compose a weighted UE list for each UE in Ml from the CQI reports, fairness and service
quality weights
(e) Assign RB to the UE having the highest weight
(f) Recalculate weights and go to Step 1a (i.e., continue assignment)
2. Phase II (ICIC aware reassignment):
(a) Set start and stop indices (if needed) Ilstart = 1 . . . NlRB , Ilstop = 1 . . . NlRB according to the
selected ICIC algorithm, where NlRB is the number of available RB in cell-l.
(b) Determine the new scheduling order of users Ol = {UE − 1i1 , . . . , UE − nin }, where UE − kj
denotes that UE-k is the jth UE to schedule in cell-l according to the selected ICIC scheme
and n is the number of scheduled UEs in Phase I.
(c) i = 1
(d) Select UE-ki from Ol and start the allocation from Ilstart or the next available RB and assign
consecutively the same number of RBs as in Phase I.
(e) i = i + 1 and go to Step 2d

In order to implement and evaluate the proposed algorithms in a modern wireless systems (such
as 3GPP LTE and LTE-Advanced systems), there is a need for a solution on how to introduce ICIC
aware resource allocation into the scheduler. Therefore, we have proposed a scheduling scheme that
is able to incorporate the above ICIC schemes and can reduce inter-cell interference preserving the
characteristics of the existing scheduler (default scheduler characteristics in LTE) regarding fairness
and quality of service. The scheduling algorithm takes into account the single carrier property of
the uplink scheduler, since in LTE, single carrier frequency division multiple access (SC-FDMA)
and OFDMA scheduler is applied for the uplink and the downlink, respectively.
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Figure 3.7: Illustration of the proposed two-phase scheduling algorithm when ICIC start index +
cell edge/non edge scheme is applied

The proposed ICIC aware scheduling has two phases. In the first phase, the default scheduling
decision is evaluated according to the quality of service, fairness, etc. requirements, then in the
second phase, the scheduled users are reordered and reassigned to resource blocks (which implies the
recalculation of the corresponding transport formats as well) as required by the employed specific
ICIC method. An example illustration of the proposed two-phase scheduling algorithm is shown in
Figure 3.7 when ICIC start index + cell edge/non edge scheme is applied.
The pseudo code of the proposed scheduling algorithm incorporating the ICIC schemes are
described by Algorithm 1. This algorithm uses some parameters that are ICIC algorithm dependent.
Table 3.1 defines the values of these parameters for the proposed ICIC schemes.
We note that this solution does not require twice as much computational capacity as the original
scheduling scheme, since scheduling weights do not need to be recalculated in the second phase,
only link adaptation and power control should be executed again. The detail analysis of the possible
integration solutions of ICIC algorithms into the simulator is out of scope of this dissertation.
Table 3.1: Scheduling parameters for the proposed ICIC schemes
Istart
l
pre-conf.

Istop
l
not used

pre-conf.

not used

Rnd(1, . . . , NlRB )

not used

ICIC geometry

pre-conf.

not used

ICIC hard
restriction

pre-conf.

pre-conf.

ICIC start index
ICIC start index+
cell edge/non edge
ICIC randomized+
cell edge/non edge

Ol
the same as in Phase I
{{UE−ji , ∀j : UE−j is ext.}, {UE−km , ∀k : UE−k is int.}};
i = 1, . . . , ne ; m = ne + 1, . . . , n; where ne is the nr. of ext. UEs
{{UE−ji , ∀j : UE−j is ext.}, {UE−km , ∀k : UE−k is int.}};
i = 1, . . . , ne ; m = ne + 1, . . . , n; where ne is the nr. of ext. UEs
{UE−j1 , . . . , UE−kn };
where UE−j1 , . . . , UE−kn is the ascending order of
min∀neighb {path lossj − path lossneighb }, ∀j
{{UE−ji , ∀j : UE − j is ext.}, {UE−km , ∀k : UE−k is int.}};
i = 1, . . . , ne ; m = ne + 1, . . . , n; where ne is the nr. of ext. UEs
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Figure 3.8: ICIC simulation results of the two user case

3.4
3.4.1

Simulation Results
Simulation Environment

For our simulations we use a system level, dynamic simulator, which implements detailed channel
propagation models as well as higher layer link protocols and functions, such as HARQ, ARQ, link
adaptation and scheduling. Network layer protocols such as TCP/IP are also implemented. The
basic version of the simulator has been developed at Ericsson Research, though the proposed ICIC
algorithms and all of the ICIC related features were implemented by the author. Further details
about the simulation tool can be found in [O3, Section 5]. The channel propagation models are
according to the ones defined by the 3GPP channel models in [102], from which we use the typical
urban channel for our simulations.
The scheduler selects users according to a weight function where the channel quality and the
QoS metrics are weighed depending on the parametrization of the algorithm. This parametrization
takes into account service specific QoS requirements, such as the current delay of voice packets and
the past throughput for TCP/IP users. In our investigations, the scheduler takes into account the
QoS metric and the channel quality with equal weights.
After the scheduler has selected the UE(s) and their assigned RB(s) for uplink transmission in
the next TTI, the link adaptation needs to select modulation (QPSK, 16QAM, 64QAM) and coding
rate. First of all, it estimates the interference that can be expected on the given RB(s) in the next
TTI, which can be estimated based on the interference measured in past TTI(s). Subsequently,
it tries to allocate power on the RBs such that a target SINR is reached. The target SINR is set
such that a given Block Error Rate (BLER) is reached (0.1) assuming the desired, i.e., the highest
possible modulation and coding rate. If the target SINR cannot be reached due to lack of power
then the SINR achieved with the maximum power is used and the modulation and coding rate is
scaled down accordingly.

3.4.2

Numerical Results (Thesis 2.2)

First we concentrate on the simple case of two UEs, located in two different cells and moving along
the cell edge and thereby causing the worst interference to each other. (The cell radius was set to
100 m.) This simple scenario enables us to obtain statistics on the fraction of collisions when the
compensation criteria, given by (3.1), is met. In this scenario both UEs generate 1600 bits amount
of data at every TTI.
In Figure 3.8(a) we plot the number of bits carried per RB in the coordinated and uncoordinated
c
nc measures
allocation cases (defined by Section 3.2.3), i.e., corresponding to the CRB
and CRB
introduced in Section 3.2. We note also that the plotted scenario corresponds to the non-power
limited - low load scenario according to the classification in Section 3.2.
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Figure 3.9: CDF curves of the consumed UE power with and without inter-cell interference coordination in the two-user case
The histogram gives us some hints on how many times the compensation effect can be utilized.
Basically the first three columns in the histogram contain the cases where the number of carried
bits per RB in the uncoordinated case (140-180 bits) is less than half of the number of bits carried
per RB in the typical and best case of the coordinated allocation (320-380 bits). These are the cases
nc ≤ 2 · C c ) are not fulfilled, i.e., approximately 10% of the
in which the compensation criteria (CRB
RB
cases. Thus, we can say that in about 90% of the collisions the compensation effect holds, which
means that the collision can be compensated without a capacity loss. Recall that this scenario
corresponds to the worst case, in which all collisions are the most ”harmful”, cell-edge collisions.
In a more realistic scenario we expect the compensation effect to hold for an even higher fraction
of the collisions.
In Figure 3.8(b) we plot the histogram of the measured SINR values. We can see that with
the coordinated allocation the measured SINR closely matches the target SINR (12 dB) with a
small spread around the target. The situation is similar when using uncoordinated allocation
as well, although the SINR occasionally falls below the target in this case. The primary reason
why the target SINR can be kept quite accurately in both cases is the fast link adaptation (power
allocation) and the accurate interference estimation, which can adjust the allocated power according
to the higher interference (due to collision). Moreover, the frequency selectivity of the channel also
provides a diversity gain which can be exploited in the link adaptation. This means that as long as
the channel gains on the different RBs in the frequency domain, are weakly correlated, the SINR
on weaker RBs are averaged out with the SINR on stronger RB. Thereby the effective SINR for the
given radio frame, spanning through multiple RBs in frequency, will include the frequency diversity
gain.
Finally, in Figure 3.8(c), we show the histogram of the number of RBs allocated per UE per
TTI. The higher number of RBs used in the uncoordinated case are spent on the compensation of
collisions. Due to the higher number of used RBs and to the higher power that needs to be allocated
per colliding RB, the overall UE consumption power increases significantly in the uncoordinated
case, as it is shown in Figure 3.9. This result suggests that even if we do not have to expect
significant capacity and throughput degradation with an uncoordinated allocation, thanks to the
compensation effect, power saving and prolonged UE battery life can be still important motivations
to employ a coordinated allocation.
Next we present simulation results for multi-user and multi-cell scenarios with different traffic
types. We note that the allocation order based coordination method used for the two cell case has
been generalized for multiple cells by designating three possible allocation starting positions in the
frequency domain (distributed uniformly) and assigning one of these starting positions to each cell
in a reuse-3 pattern. (Note that the frequency reuse still remains reuse-1.)
First, Figure 3.10(a) and 3.10(b) show the cell edge (i.e., 5th percentile) user throughput and
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Figure 3.10: ICIC simulation results in the multi-user and multi-cell scenario

Number of bits per symbol

the mean cell throughput for the full buffer - peak rate limited traffic scenario. The UEs were
distributed uniformly within the three neighboring cells (cell radius was set to 500 m). In this
scenario the peak rate limitation means that the number of RBs that can be assigned to the UE
within a TTI was set to two. Recall from Section 3.3.2 that this is one of the traffic types where
the compensation effect cannot be utilized, which means that the negative effect of collisions will
appear both in the cell-edge and also in the cell/system capacity, as it can be seen in the figure.
Therefore at low loads when the collisions can be avoided with a coordinated allocation there will
be throughput gains with a coordinated allocation.
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Figure 3.11: Channel information capacity vs. SINR
To explain why the gains ”disappear” at high loads, we plot the effective information bits of
the channel vs. the SINR for different modulation schemes in Figure 3.11. Then what needs to be
observed is that at high loads all the RBs are in use, which means that collisions are unavoidable.
The only difference is that the coordinated allocation will try to avoid the most harmful exteriorexterior UE (i.e., cell-edge) collisions. In other words, the coordinated allocation turns an exteriorexterior and an interior-interior collision into two exterior-interior collisions, which is a gain from
the exterior UE point of view but a loss from the interior UE point of view. Since the loss and
the gain in terms of raw channel information bit capacity are roughly the same, as can be read out
from the figure, the overall cell/system capacity will remain the same.
Finally, in Figure 3.10(c) we plot the cell-edge user throughput for the Non full buffer - Non
peak rate limited traffic scenario, where each UE generates 400 bits amount of data at every 20th
TTI. As the compensation effect can be utilized for such traffic types no significant capacity gains
can be expected, as it is visible from the figure as well.
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Figure 3.12: Simulation results of different ICIC algorithms

3.4.3

Evaluation of the Proposed ICIC Algorithms

In Figure 3.12, we show the achieved cell-edge throughput for different ICIC algorithms and for two
cases of traffic models assumed. In scenario (a) we have used a full buffer traffic model and employed
a ”circuit switched” type of reservation for the UEs, meaning that 2 RBs per TTI was reserved
for each UE. In scenario (b) a non-full buffer traffic model was assumed with TCP traffic sources
uploading fixed size data objects with random idle times in between two uploads, where we use the
object bit rate as the primary performance measure. The important difference between these two
cases is that with the full buffer traffic model there is no possibility to utilize the compensation
effect as the number of RBs allocated per UE is fixed, i.e., no way to compensate a collision with
an additional allocation. That is why, we see significant gains with ICIC schemes. In the non-full
buffer case the compensation criteria is in effect, i.e., a collision can be compensated with a further
transmission without noticeable impact on UE perceived performance. Hence, there will be no
significant gains with an ICIC scheme. This observation emphasizes again the importance of traffic
models and performance measures in any ICIC performance evaluation.
In Figure 3.13 we plot the results of simulations with VoIP traffic sources, where we use the
percentage of satisfied VoIP users as the key performance measure. A user is considered to be
satisfied if less than 2% of its VoIP packets suffer a delay more than a pre-defined threshold.
In Figure 3.13(a) we have assumed a delay threshold of 50 ms, while in Figure 3.13(b) we used a
threshold of 60 ms. As we can see, there is a more significant difference between the algorithms with
the 50 ms delay threshold, where all of the ICIC schemes perform significantly above the reference
case (“No ICIC”). At a slightly higher delay threshold the difference compared to the reference case
becomes smaller and any of the investigated ICIC schemes can achieve a user satisfaction ratio of
100% even at the highest load.
In order to understand the large sensitivity of the results to the selected delay threshold, we
plot the CDF of the VoIP packet delays in Figure 3.14 for the highest simulated load (200 users per
cell). The step-wise shape of the delay distribution explains the sensitivity to the selection of the
delay threshold on the “x” axis. Note that each step in the delay distribution basically corresponds
to the round trip time of one HARQ retransmission.
A further important observation from our simulations is that in scenarios where there are potential ICIC gains, even simple cell-autonomous ICIC schemes could achieve significant improvements.
For example, the “ICIC randomized” scheme, using randomized starting indexes for the allocation achieves quite good improvement and when continuous geometry weights of the UEs are used
in combination with starting indices (“ICIC geometry”) the gains can be improved even further.
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Figure 3.13: Simulation results of different ICIC algorithms for VoIP traffic
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Figure 3.14: CDF of VoIP packet delay at high load applying different ICIC algorithms
Schemes based on hard restrictions (“ICIC hard restriction”) perform even worse than the allocation without any ICIC support (“No ICIC”). Note also that gains of these ICIC algorithms can be
expected only at low or medium loads as we have already discussed based on Figure 3.11.

3.5

Conclusion

The decision of whether a particular RB collision shall be avoided or not, would ideally come as
the result of a complex optimization operation, which decision depends, among others, on the
particular radio conditions, traffic type and user performance requirements. However, to realize
such an idealistic optimization in practice is both infeasible and also unnecessary. Furthermore,
the improvement from any inter-cell interference coordination is dependent on the efficiency of
other radio link management algorithms, such as scheduling, power control, fast retransmission,
fine granularity link adaptation and multi-antenna signal processing, as these algorithms can also
compensate or mitigate the impact of inter-cell interference to some extent.
During the standardization process, the 3GPP has extensively studied a range of intuitively
appealing and feasible ICIC techniques, most of which center around lower complexity heuristics
with or without inter-cell communication. Our analysis has shown that the capacity gains achievable
with realistic ICIC methods largely depend on the possibility of utilizing the so called compensation
effect. The traffic type and the SINR degradation due to a collision are the two most important

60
system properties that determine whether the results of a collision can be compensated by utilizing
advanced link and system state adaptive resource management methods, such that no loss in system
and cell-edge capacity, as perceived by higher layers occurs. We have found that for most typical
bursty traffic types, such as best effort TCP, the compensation effect can be utilized. Moreover,
the SINR degradation typically stays within the limits given by the compensation criterion. In
scenarios where there are potential gains in inter-cell interference coordination, e.g., at low or
medium loads, these gains can be exploited with simple cell autonomous ICIC mechanisms, which
try to avoid collisions in a best effort manner, e.g., via allocation priorities. In scenarios where no
or only limited gains have been found, e.g., at higher loads and for traffic types less sensitive to
collisions, no extra gains can be expected even with inter-cell communication based schemes either.
These results altogether suggest that we should not expect significant capacity and throughput
improvements from high complexity ICIC mechanisms with excessive inter-cell communication as
compared to simple allocation-order based, cell autonomous methods. Therefore, it is of great
interest to find other alternatives that can increase the spectrum efficiency. Such alternatives are
given in Chapter 4 (Thesis 3).

Chapter 4

Scheduling and Power Control in
OFDM based Multi-Cell Coordinated
Cellular System [C4]
Recently, tight network coordination in cellular systems has been demonstrated to improve the
spectrum efficiency by means of signal processing methods. When employing signal processing
methods, all base station antennas act together as a single network antenna array, and each user
may receive useful signals from nearby base stations. Furthermore, the antenna outputs are chosen
such that inter-cell interference is reduced, and hence the system capacity is improved. However,
the performance of signal processing based multi-cell coordination is sensitive to backhaul delays,
channel estimation errors and imperfections in fast link control. That is, for the coordination to
work, there is a need for a high data rate multi-site communication on the time scale of milliseconds
or even less [31, 32].
On the other hand, such multi-cell coordination infrastructure also enables tight coordination of
radio resource management functions as a complement or alternative to multi-cell signal processing.
Unlike the signal processing based coordination methods where both transmitted data and channel
state information need to be exchanged among multiple base stations, fast RRM coordination
requires only channel state information to be exchanged. In fact, fast RRM coordination may be
an efficient complement to coherent signal processing methods by allowing a more accurate control
of channel variations and inter-cell interference and thereby improving the SINR regime in which
signal processing algorithms have to operate, as it has been pointed out, for instance, in [31].
Therefore, in the following, we investigate tight network coordination for fast radio resource
management (RRM) including packet scheduling, power control and modulation and coding scheme
selection. We use a system level simulator to analyze the uplink performance of a multi-cell coordinated system that is built around a fast backhaul transport infrastructure for the purpose of
enabling coordinated RRM rather than coordinated signal processing. We find that coordinated
RRM alone can provide significant performance gains, up to 50% for cell edge and cell capacity
as compared to traditional single-cell configurations and that multi-cell fast power control and
modulation and coding scheme selection can significantly improve the accuracy of link adaptation
in terms of signal-to-interference-and-noise (SINR) distribution, while imposing lower demands on
the capacities of backhaul links compared to coordinated signal processing. Therefore RRM coordination can be an efficient complement to coordinated signal processing in multi-cell coordinated
clusters.
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4.1

Related Works on Network Coordination

Network coordination as a means to provide high spectrum efficiency for the downlink of cellular
networks is on its way from theoretical studies to practical implementations, see for instance [31,
33, 34, 103]. For the uplink, Venkatesan showed that the spectral efficiency can be doubled or even
quadrupled when the network has several coordination clusters [36, 37]. These promising results
have triggered the interest of standardization bodies and industry players [35,102] to investigate the
system design aspects of such tightly coordinated systems. Coherent multi-site transmit antenna
coordination requires a high capacity backhaul infrastructure that allows for the exchange of large
amount of data corresponding to the “raw” receive/transmit (rx/tx) signals (also referred to as IQ
samples) on the time scale of the packet scheduler [103].
Although we intuitively expect that coordinated RRM may improve the system performance
of coordinated clusters, it is not evident which of the fast RRM link control techniques among
power control, link adaptation and scheduling would benefit the most from coordinated execution.
Therefore, there is an interest in investigating the performance of multi-cell coordinated clusters
that exploit the broadband backhaul infrastructure for fast RRM coordination. Indeed, fast multicell MIMO power control and precoding have been studied in [15], while multi-cell scheduling is
considered in [32]. These works indicate the potential of fast multi-cell RRM techniques in isolation,
but do not provide a reliable performance estimate for real systems that employ scheduling, power
control, adaptive modulation and coding, fast packet retransmission jointly. Moreover, results
obtained with ideal assumptions on channel knowledge and link control algorithm impairments
without considering practical limitations may not be directly applicable for system design, as also
pointed out in [35]. Realistic simulation results have provided new insights and proved to be useful
for traditional cellular systems [C5].
The purpose of this work is to evaluate the performance of the uplink of an OFDM based
system employing the multi-cell coordinated clustering concept that makes use of a fast backhaul
infrastructure for multi-cell RRM. A simulation based investigation on the achievable gains with
multi-cell coordinated clusters is presented in a modern cellular system that extensively rely on fast
radio link control, where we model the link layer characteristics and fast RRM algorithms in detail,
including fast retransmission of lost packets by hybrid automatic repeat request (HARQ), link
adaptation, frequency dependent scheduling and power control. The main contribution of this work
is to evaluate the performance gains of fast multi-cell RRM enabled by backhaul communication
in a realistic setting in terms of
• taking into account fast fading in the multi-cell RRM optimization,
• using non-ideal link adaptation, channel dependent scheduling, fast retransmissions by HARQ
and power control in the simulations, as opposed to the ideal Shannon capacity based approximations,
• using the true inter-cell interference conditions in the simulation model, taking into account
the user position dependent channel gains with fast fading, and
• investigating multi cell scenarios as opposed to the often used ideal two-cell scenario.
The proposed multi-cell coordinated RRM algorithms are feasible to be realized also in a practical
system, as opposed to schemes formulated as a global optimization task [16, 26], which would be
unrealistic to execute on a scheduling time scale and for many coordinated cells.
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4.2
4.2.1

Multi-Cell Radio Resource Assignment
System Considerations

We consider a cellular system in which multiple cells are assigned a common central node that
is responsible for the coordination of the radio resource allocation in each of the connected cells.
The set of cells that are under the coordination of the same central entity is called a coordination
cluster. There can be multiple number of transmission and reception antennas at the different cell
sites, connected to the central node via high capacity transport links. Such a network layout is
presented in Figure 4.1, where three cells are connected to the central entity.

User A
Antenna site A
Cell A

User B

Central scheduler

Antenna site B
Cell B

User C
Antenna site C
Cell C

Coordination
cluster

Figure 4.1: Coordination cluster example for modern cellular system
In the studied system, the scheduler is assumed to assign resources in units of time-frequency
Resource Blocks (RB) in a reuse-1 manner, which implies that parallel transmissions on the same
RB may be scheduled by neighbor cells causing inter-cell interference (i.e., RB collision [27,C5]). In
this study we focus only on the single cluster configuration, since with reasonably large clusters, the
dominant part of the interference is caused by intra-cluster interference. We further assume that
both the user equipment (UE) and the antenna site (AS) have one transmitter and two receiver
antennas and the UE is able to transmit to or receive from one cell at the same time (i.e., no spatial
multiplexing is considered).
In such a coordinated cluster based system, the central node is assumed to have access to the
following information to be used for multi-cell scheduling and RRM coordination:
• channel state information with certain accuracy (i.e., channel gains between all coordinated
cells and all UEs)
• quality of service (QoS) requirements of UEs
• buffer status of UEs.
The channel state information (CSI) contains both the long term (distance dependent path
gain and shadow fading) and the short term (multipath fading) channel gains in order for the
central scheduler to be able to make benefit from the instantaneous channel conditions and perform
channel dependent scheduling. In the uplink the CSI is obtained from measurements performed by
the antenna sites on the transmission of the UEs. These measurements are reported to the central
scheduler via a high speed transport network between the antenna sites and the central scheduler.
To enable the antenna site to measure CSI on a RB, reference signals are transmitted by the UE
in each RB. Note, that CSI can be measured on RBs that the scheduler has assigned to the UE
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for transmission. When a UE is not scheduled for user data transmission, it may still transmit
reference signals with some periodicity in order to enable channel estimation at the antenna site.
Since the CSI values measured by the AS need to be transferred to the central entity, they
necessarily suffer some delay and will not be fully accurate when used in the next resource allocation
decision. Moreover, the processing and the signaling of the uplink assignment to the UE would
also take time and introduce inaccuracy in the resource management. These delays are accurately
modeled in our simulations.
The signal-to-interference-and-noise ratio (SINR) is calculated for each transmission and it is
used to determine the quality of the reception, i.e., whether the decoding was successful or not given
the modulation scheme and coding rate. Since the multipath fading is also taken into account, the
channel gain may be different on each RB and on each antenna. It follows that assuming maximum
ratio combining (MRC) receiver [27], the SINR value experienced by UE m on RB f for the uplink
can be estimated by the following formula:


gm,l(m),f,2
gm,l(m),f,1
+
SINRm,f = pm,f
,
(4.1)
I1
I2
where
Ia =

X X

2
yi,f · pi,f · gi,l(m),f,a + σRB
,

(4.2)

l6=l(m) i∈Ml

and gm,l,f,a contains the long and short term channel gain of UE m towards cell l on RB f and on
receiver antenna port a ∈ {1, 2}. Let pm,f denote the transmission power employed by UE m on
RB f and let the indicator variable ym,f take the value of 1 whenever RB f is assigned to UE m
avg
and zero otherwise. The cell that serves UE m is denoted by l(m), where l(m) = argmaxl {gm,l
},
avg
in which gm,l is the channel gain without multipath fading between UE m and cell l. Ml denotes
2 .
the set of users served by cell l. The constant noise power on a RB is denoted by σRB
Multi-cell RRM functions, including scheduling, fast link adaptation and power control algorithms should tightly interplay with each other in order for the central scheduler to be able to fully
exploit the advantages of the multi-cell channel information knowledge. In the following subsections
we present these RRM control functions.

4.2.2

Central Scheduling (Thesis 3.2)

The main idea behind the central scheduler is to control the interference caused and suffered by
UEs scheduled on the same resource in different cells by properly selecting the UEs that can be
scheduled concurrently. Utilizing the channel information available in the central node for all UEs
and antenna site pairs, the scheduler can estimate the interference that would be caused to neighbor
sites if a given UE were scheduled. Then, it is possible to recalculate the optimal transmit power
setting corresponding to the new source of interference and obtain the achievable SINR, after which
the link adaptation (LA) can choose a corresponding modulation and coding scheme (MCS), which
gives the number of bits that can be transferred on the given connection. Obviously, adding a
new concurrent UE transmission to an existing schedule decreases the amount of bits that can be
carried by the already scheduled connections but it increases the number of parallel transmissions,
which is a trade-off that needs to be evaluated by the scheduler.
To decide which UE should be scheduled, basically three factors need to be considered, namely
(1) the quality of service requirements of UEs, (2) the channel quality and (3) the UEs’ interference
impact on each other. The simplest way to model all these effects is to apply a weight based
scheduling scheme, which selects users according to a complex weight function, which includes
components for all the above three factors.
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The first component of the weight function (QoS weight) is calculated per UE and expresses
how urgent the transmission of the packets is. The QoS weight function ensures fairness as well,
since a UE will get an increasing weight as the time spent in the buffer increases. The UE channel
quality and the interference impact of UEs on each other are jointly taken into account in the RB
weight component, in which the multi-cell channel knowledge of the central scheduler is exploited.
We propose a RB weight measure that expresses the loss in terms of carried number of bits
suffered by already scheduled UEs when the UE in question, i.e., the one for which the RB weight is
just being calculated, is to be scheduled on the same RB in another cell of the coordination cluster.
The UE that causes the minimum loss of bits to other UEs should be selected for scheduling. We
call this measure the relative link rate loss (Thesis 3.2) and define it according to the following
expression when UE k is about to be scheduled in cell l on RB f ,

∆r =

X

j∈Cf

rj −
X

j∈Cf

X

j∈Cf

rj

r̂j

X

r̂j

j∈Cf

=1− X

rj

,

(4.3)

j∈Cf

where Cf denotes the set of UEs that are already scheduled on RB f in other cells (i.e., in all cells
except cell l), rj is the number of information bits of UE j ∈ Cf when UE k is not scheduled on
RB f , and r̂j denotes the number of information bits of UE j, when UE k is also scheduled on
RB f . The term ∆r expresses the normalized link rate loss of UEs in Cf , when UE k would be
scheduled on RB f . In order to obtain a weight factor, we map the value of ∆r to a scheduling
weight via a corresponding weight function. An example for such a weight function is illustrated in
the top right corner of Figure 4.2. Intuitively, the RB weight of a UE (the willingness to schedule
this UE on that RB) decreases with increasing value of ∆r. In practice, when a threshold θ, is
exceeded the RB weight of the UE tends to minus infinity, i.e., the UE is practically banned from
scheduling on that RB. This means that the UE would so badly interfere with other UEs that it
is more beneficial to restrict the scheduling rather than letting the transmissions collide. Based on
the results of previous studies on inter-cell interference coordination (ICIC) [C5] we use θ = 0.5.
The proposed scheduling algorithm executed by the central processing entity is described by
Algorithm 2 (see also Figure 4.2 for a schematic illustration).
We note that the resource allocation for HARQ retransmission of lost packets is executed before
scheduling, such that the original RBs and transport formats are retained for retransmissions. The
illustration of the weight calculation and the scheduling algorithm is shown in Figure 4.2.

4.2.3

Multi-Cell Power Control and Link Adaptation (Thesis 3.1)

The goal of the power control algorithm is to set the transmit power levels of all UEs in the coordination cluster such that a desired target SINR is achieved at the receiving site for all transmissions.
Note, however, that as the SINR experienced on a given UE transmission changes (via the change
of interference) when any of the other UEs adjust their power value, no closed form expression can
be given for the transmit power setting. In order to overcome this problem we propose an iterative
power allocation algorithm based on the solution in [39], where we repeat the power recalculation
until the SINR converges or one or more UEs reach the maximum transmission power. Let Sf denote the set of UEs scheduled on RB f in the entire coordination cluster. The proposed algorithm
is described by Algorithm 3 that executes the power allocation for each RB f .
We note that the recalculation of power according to the algorithm presented above is executed
after the scheduling has finished in a cell.
After the scheduler has selected a UE and its assigned RB(s), as well as, the multi-cell power
control has calculated the transmission power for that UE, the link adaptation needs to select the
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Algorithm 2: Multi-cell scheduling algorithm (Thesis 3.2)
1. Take the next cell l and start the allocation of RBs in that cell (cells can be chosen in arbitrary
order).
2. Calculate the QoS weight for all UEs ∈ Ml and the RB weight for all UEs ∈ Ml and for all RBs in
cell l.
3. Take the next UE which has the highest aggregated weight (i.e., the sum of the QoS and the RB
weight) on the RB adjacent to the last allocated RB.
(a) Keep scheduling this UE onto subsequent RBs as long as the UE has the highest weight on the
given RB and has data in the buffer and remaining transmission power.
(b) The transmission power given to UE j on RB f is calculated according to
pj,f =

ρ(j) · I1 · I2
,
gj,l(j),f,1 · I2 + gj,l(j),f,2 · I1

(4.4)

where ρ(j) denotes the target SINR of UE j. Other notations are the same as in (4.1) and
(4.2). Note that since the scheduling may not have finished at this point yet in all the cells, Ia
is only the current best estimate of the interference experienced by cell l so far. (A recalculation
of the transmission powers and interference levels are done at a later step of the algorithm.)
(c) If the UE has negative infinity weight on the RB, then the UE is stopped to be scheduled.
(d) Repeat Step 3 until there are UEs and free RBs in the cell.
4. Apply the multi-cell power control algorithm to recalculate transmission powers and execute the link
adaptation to recalculate transport formats for all scheduled UEs in all the cells as described in
Section 4.2.3.
5. Select the next cell and go to Step 2

Algorithm 3: Multi-cell power control algorithm (Thesis 3.1)
2
1. Initially assume only the thermal noise (σRB
in (4.1)) and no interference on RB f and assume that
UE j ∈ Sf has a target SINR of ρ(j).

2. The power allocation vector in iteration step i is denoted by pi = [pik , pil , . . . , pim ], where pij is the
transmission power of UE j ∈ Sf in iteration step i and |pi | = |Sf |.
3. The transmission power of UE j in iteration step i is calculated according to the following function
(note that pi−1
is available for each UE j ∈ Sf )
j
pij =

ρ(j) · I1i−1 · I2i−1
,
gj,l(j),f,1 · I2i−1 + gj,l(j),f,2 · I1i−1

(4.5)

where
Iai−1 =

X X

2
yu,f · pi−1
· gu,l(j),f,a + σRB
,
u

(4.6)

l6=l(j) u∈Ml

and other notations are the same as in (4.1).
4. Increase the iteration counter by one and apply Step 2 until the power converges (i.e., the difference
between the power vector obtained at step i and i+1 is below some threshold) or the maximum
power is reached for one or more UEs.

67
QoS weight function

RB weight function

Weight

Weight

Θ

∆r

Time spent in the buffer
determining the
QoS weight per UE

UE k

determining the RB
weight per UE per RB

ArgMaxj { QoS weight of UE j + RB weight of UE j on RB f }

RB 1

RB 2

RB 3

RB 4

RB n

Assign one consecutive RB
Recalculate UE weight after each RB assigned to UE
If UE still has the highest weight and has remaining power
Otherwise, take the next UE

Figure 4.2: Weight calculation and scheduling for multi-cell coordinated clusters.
proper modulation and coding scheme (MCS) corresponding to the calculated SINR and set the
transport format accordingly.

4.3
4.3.1

Simulation Results
Simulation Environment

For our simulations we use the same system level, dynamic simulator as in Section 3.4. Further
information about the simulation tool can be found in 3.4.1 and [O3, Section 5]. The channel
propagation models are according to the ones defined in [102], from which we use the typical
urban channel for our simulations. We have implemented all the features of the investigated multicell coordinated system, including central scheduler, multi-cell power control algorithm and link
adaptation into the simulation tool.

4.3.2

Numerical Results (Thesis 3.2)

We summarize the simulation parameters in Table 4.1. The configuration that we investigate
comprises one coordination cluster with 7 antenna sites, in which the users are distributed uniformly.
In the simulations we compare four scenarios which were found to be the most relevant and feasible
combinations from practical implementation point of view. The Single cell - open loop PC scenario
is used as a reference case, in which each antenna site has its own scheduler without any multi-cell
channel knowledge. In this solution there is neither CSI nor scheduling information from neighbor
cells available, and therefore it is not possible to accurately estimate the interference that would hit
a scheduled transmission. The interference needs to be estimated using a moving average filtering
of the interference measured in past transmission time intervals (TTIs). Then the power control
algorithm adjusts the transmission power based on the estimated interference and on the large scale
path gain of the channel (i.e., without considering multipath effects), which scheme is here referred
to as open loop power control.
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Table 4.1: Simulation parameters for the multi-cell coordinated clusters
Cellular layout
1 coordination cluster
with 7 antenna sites
Average number of UEs per cell
between 2 and 16
Inter-site distance
866 m (500 m cell radius)
Velocity of UEs
10 m/s
Direction
Uplink
Receiver type
MRC (2 receive antennas)
Bandwidth
5 MHz
Number of RBs in uplink
25
Total UE transmission power
250 mW
Max. antenna site transmission power 20 W
Distance-dependent path gain
−29.03 − 35.2 log 10 (R),
R in meters
Target SINR for all UEs
11 dB
Channel propagation model
3GPP typical urban
Processing delay
1-4 TTI
(1 TTI = 1 ms)
Handover hysteresis threshold
3 dB
Handover hysteresis time
100 ms
Traffic model
TCP based traffic source
Uploaded object size
50 kbyte
Simulation time
100 sec
The Single cell - closed loop PC scheme extends the default scheme with closed loop power
control where multipath is also taken into account in power setting. That is, the transmit power is
set according to
pj,f =

ρ(j) · I est
,
gj,l(j),f,1 + gj,l(j),f,2

(4.7)

where I est is the interference estimated with the moving average filtering in the same way as in the
previous scheme, while the rest of the notations are the same as used before. Note that as the fast
fading is now taken into account, the channel gains towards the two receiver antennas of the cell
are different, hence there are two different gain factors in (4.7).
The Multi-cell - PC/LA scenario covers multi-cell power control and link adaptation as described
in Section 4.2 but it does not include coordinated scheduling, i.e., the UEs are selected for scheduling
solely based on their QoS weights without considering the impact they might have on other UEs
scheduled on the same RB in other cells of the coordination set. That is, the RB specific weight
factor is not used in the UE weight calculation and in the selection for scheduling.
Finally, the Multi-cell - PC/LA/Scheduling scheme includes the coordinated scheduling feature
as well, by employing the RB specific weight factor in the UE weight calculation, in addition to all
the rest of the features already included in the Multi-cell - PC/LA scheme.
For the simulations we employ TCP based traffic sources, which are uploading fixed size data
objects to the network, where the object bit rate, i.e., the size of the object divided by the upload
time is used as the primary performance measure. In Figure 4.3(a) the cumulative distribution
function (CDF) of the object bit rate is shown at a medium traffic load (∼ 35% load, corresponds
to 4 UEs per cell) for the different schemes. The results indicate that employing closed loop power
control alone without exploiting any multi-cell knowledge can already improve the performance
significantly (with ∼ 30% at the median). Then adding the multi-cell PC and LA features can
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Figure 4.3: Numerical results on user perceived performance measures are shown using multi-cell
coordination cluster. Employing closed loop power control alone improves the object bit rate significantly with ∼ 30% at the median. The multi-cell PC and LA features provide further improvements
in the same order, though adding coordinated scheduling on top of multi-cell PC and LA brings
only a small additional improvement.
provide further improvements in the same order. However, adding coordinated scheduling on top
of multi-cell PC and LA can bring only a relatively smaller additional improvement.
Figure 4.3(b) and 4.3(c) show the 5th percentile of the mean UE object bit rate (i.e., the average
bit rate achieved by at least 95% of the UEs) and the mean object bit rate versus the average number
of users per cell, respectively. Note, that the maximum number of users per cell was chosen such
that the system capacity goes to saturation (i.e. it is not originating from scalability limitations of
the algorithms). The 5th percentile of the mean UE object bit rate is an indication for the possible
link rates achievable on the cell edge. These figures also confirm the high gains (up to 50%) with
multi-cell coordinated RRM schemes both in terms of cell edge bit rate and cell capacity, especially
at low and medium loads, which are approximately in the same order as the gains of coordinated
signal processing based techniques, see for instance, [35].
In Figure 4.4(a) we plot the CDF of the expected SINR, as calculated by LA and PC at the time
of scheduling and the CDF of the actually received SINR at the time of transmission in case of the
different schemes. In the Multi-cell - PC/LA/Scheduling scheme the expected SINR reaches exactly
the target SINR of 11 dB in the majority of the cases, i.e.., in approximately 80% of the cases.
In the remaining cases the expected SINR falls below the target due to the lack of transmission
power. For the Single cell - open loop PC scheme the expected SINR basically never matches the
target SINR, it is either below or above the target, which is mainly due to the lack of sufficiently
accurate channel knowledge. It can also be read out from the CDF that in the majority of the cases
the received SINR is higher for the Multi-cell - PC/LA/Scheduling scheme than for the single cell
scheme, approximately with 3 dB.
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Figure 4.4: Numerical results on physical layer measures with a processing delay of 1 TTI are
shown in the multi-cell coordinated cluster. The expected SINR reaches exactly the target SINR
of 11 dB in approximately 80% of the cases with Multi-cell - PC/LA/Scheduling scheme. For the
Single cell - open loop PC scheme the expected SINR basically never matches the target SINR,
which is due to the lack of accurate channel knowledge.
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Figure 4.5: 5th percentile of the mean UE object bit rate with a processing delay of 4 TTIs is
shown. The relative throughput improvements of the algorithms remain approximately the same
(i.e., up to 50%), similarly as in the 1 TTI case, although the achieved nominal throughput values
slightly decrease (see Figure 4.3(b)).
In order to see how close the expected and received SINR samples match each other we plot
the received SINR versus the expected SINR for the Multi-cell - PC/LA/Scheduling and the Single cell - open loop PC schemes in Figure 4.4(b) and 4.4(c), respectively. In the Multi-cell PC/LA/Scheduling case the values gather around a line with a gradient of 45 degrees, as it can be
expected for ideal radio link control. In the Single cell - open loop PC case the points are spread
much more widely on the SINR surface, which indicates low correlation between the received and
the expected SINR values, meaning that the received SINR can be very different from the expected
one. See the calculated correlation values in the lower left corner of the figures. The main reason for
the large difference in the SINR correlation is that in the single cell case, the PC and the LA have
neither channel knowledge of the interfering transmissions nor information about the interfering
UEs. Moreover, with the open loop power control there is not even exact channel knowledge about
the own channel either. In the multi-cell scheduling case, however, the central controller knows
both the interfering UEs and their channel gains, which allows to estimate the expected interference
with sufficient accuracy and set the transmit power according to the expected interference and to
the own channel conditions.
Note, however, that also in the multi-cell scheduling case there can be a certain mismatch
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Figure 4.6: Numerical results on physical layer measures with a processing delay of 4 TTIs are
shown. The increased delay results in lower correlation between the expected and the received
SINR but the decrease is more significant for the single cell algorithm.
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Figure 4.7: The correlation between the expected and the received SINR is shown in the function
of the delay between the scheduling and the actual transmission. The multi-cell coordinated algorithms show good resistance against increased (processing or backhaul) delays, i.e., against channel
knowledge imperfections.
between the expected and the received SINR mainly due to the changes that may occur in the
channel during the time between the scheduling decision and the actual transmission, which is
determined by signaling and processing delays. The simulation results in Figure 4.4 corresponds
to a processing delay of one TTI (i.e., 1 ms). In order to explore the impact of increased delays on
the accuracy of the proposed algorithms, we performed simulations with the processing delay set
to four TTIs (i.e., 4 ms) as well. We plot the 5th percentile of the mean UE object bit rate with the
4 TTI processing delay in case of the different algorithms in Figure 4.5. As we can see, the relative
throughput advantages of the multi-cell coordinated algorithms remain approximately the same i.e.,
up to 50%, similarly as in the 1 TTI case, although the achieved nominal throughput values slightly
decrease. The results for the spread of the SINR are shown in Figure 4.6. As it can be expected,
the increased delay results in lower correlation between the expected and the received SINR but
the decrease is more significant for the single cell algorithm with the correlation approaching to
zero. We compare the correlation of the two SINRs in the function of the processing delay for
the single cell and the multi-cell coordinated algorithms in Figure 4.7. The result confirms that
the multi-cell coordinated schemes show good resistance against channel knowledge imperfections,
which may result either from increased processing delays or from backhaul transmission delays.
In Figure 4.8 we introduce the measure of power efficiency, which is defined as the transmitted
number of bytes per unit transmit power. This measure can be used as an indicator for the “power
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Figure 4.8: Power efficiency is shown in multi-cell coordinated cluster. The multi-cell coordinated
algorithms can provide significantly improved user bit rates at no or marginal power cost increase.
The Single cell - closed loop PC scheme has low power efficiency, but improves the user bit rates
significantly.
cost” of delivering user data. We can see that the power efficiency is slightly higher for the Single
cell - open loop PC than for the multi-cell coordinated schemes. It is important to note, however,
that the “price” that we pay for the slightly higher power efficiency of the Single cell - open loop
PC scheme is the significantly degraded user perceived bit rates (Figure 4.3). Therefore we can
say that the multi-cell coordinated schemes can provide significantly improved user bit rates at no
or marginal power cost increase. It is worth to note that the Single cell - closed loop PC scheme
has the worst power efficiency, although it also improves the user bit rates quite significantly as
compared to closed loop PC. However, the relative improvement in carried number of bits is smaller
than the relative increase of required transmit power, hence the lower power efficiency.

4.4

Conclusions

In our analysis we have shown that multi-cell coordinated RRM functions can provide considerable
performance benefits without imposing strong requirements on the backhaul infrastructure. The
combined multi-cell power control, link adaptation and scheduling algorithms, proposed in this
work require only the exchange of channel state information as additional signaling data on the
backhaul links, while user plane data needs to be transferred only from one site at a time, meaning
that parallel data transfer with more significant transport network implications can be avoided.
Moreover, coordinated fast RRM schemes have demonstrated low sensitivity to backhaul delays
during the simulations. As the numerical results have shown, multi-cell coordinated fast RRM
not only increases the received SINR but it also provides a more accurate matching between the
expected and the received SINR in link adaptation, which altogether result in significantly higher
cell edge and cell throughput values as compared to single cell RRM. High accuracy link adaptation
and power control can be expected to provide additional benefits also for signal processing based
multi-cell coordination schemes when they are used in combination.

Chapter 5

Cellular Network Assisted
Device-to-Device
Communications [C1, J1, J2]
Device-to-device (D2D) communications on top of a cellular infrastructure has recently been proposed as a means of increasing the resource utilization, improving the user throughput and extending the battery lifetime of user equipments. In this chapter, we propose a low complexity mode
selection algorithm that uses readily available channel state information as its input and allows the
base station to change the communication mode between cellular (via the base station) and D2D
(direct link) for two communicating UEs. We also propose a distributed power control algorithm
that relies on the measured total power covariance and allocates transmit powers such that the
overall power consumption is minimized subject to a sum-rate constraint in a mixed cellular and
D2D environment. We show that the joint mode selection and power control algorithms clearly
outperforms the classical cellular mode of operation.

5.1

Introduction

Device-to-device (D2D) communications in cellular spectrum supported by a cellular infrastructure
holds the promise of three types of gains. The reuse gain implies that radio resources may be
simultaneously used by cellular as well as D2D links thereby tightening the reuse factor even
of a reuse-1 system [104–106]. Secondly, the proximity of user equipments (UE) may allow for
extreme high bit rates, low delays and low power consumption [45]. Finally, the hop gain refers to
using a single link in the D2D mode rather than using an uplink and a downlink resource when
communicating via the access point in the cellular mode. Additionally, D2D communications may
increase the reliability of cellular communications [107] and also facilitate new types of wireless
peer-to-peer [106, 108, 109] and multicast services [110].
Although the idea of enabling D2D communications as a means of relaying in cellular networks
was proposed by some early works on ad hoc networks [111, 112], the concept of allowing local
D2D communications to (re)use cellular spectrum resources simultaneously with ongoing cellular
traffic is relatively new [105, 106, 113, 114]. Because the non-orthogonal resource sharing between
the cellular and the D2D layers has the potential of the reuse gain, proximity gain and hop gain
and at the same time increasing the resource utilization [115–117], D2D communications on top of
cellular networks has received considerable interest in the recent years.
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A series of papers analyzes and evaluates the single (isolated) cell scenario in a single-inputsingle-output (SISO) system to provide some basic insight into the impact of power control and
resource (e.g. OFDM resource block) allocation [42, 118–120]. The multi-cell problem scenario
is considered in, for example [44], that assumes that the base station (BS) has all the involved
channel state information (CSI) to select the optimal resource sharing mode (D2D mode reusing
cellular resources, D2D mode using orthogonal resources and cellular mode in which the D2D pair
communicates through the cellular BS). The heuristic mode selection algorithm proposed in [44]
uses probing signals between the D2D transmitter and receiver to estimate the interference plus
noise power and the base station has the task to estimate the transmit power, SINR and throughput
in each possible communication modes on a small time scale matching with that of the transmission
time interval. As stated by the authors of [44], their proposed method has significant signaling load
though it is expected to be feasible in low mobility scenarios. In other papers dealing with mode
selection [42, 117, 118], the problem is addressed as finding the optimal mode for communication
in terms of highest achieved rate, which requires the evaluation of the rate in all of the considered
communication modes.
Since the main motivation and justification of allowing D2D communications in cellular spectrum is ultimately to harvest some capacity, sum-rate or sum-power gain, many papers apply
optimization techniques to explore the potential of cellular D2D communications [42,116,117,120].
These works provide important reference cases when the assumption can be made that the BS is
aware of the CSI not only between transmitter-receiver pairs, but also of the interference links,
such as, for example the state of the link between the D2D transmitter and the cellular receiver
(BS) and/or the cellular transmitter (e.g. cellular user equipment, UE) and the D2D receiver.
Typically, state of the art works give priority to the cellular users or avoids or constraints
the interference caused by the D2D users to the cellular layer, see for example [40, 42, 43, 117,
118, 121–123]. However, it can be argued that D2D traffic should be treated near equally to the
cellular traffic as long as fairness between all cellular spectrum users (i.e. cellular and D2D users)
are handled [124, 125], since they all use cellular spectrum under operator controlled charging
conditions.
In this chapter, our purpose is to propose and study the joint performance of a practically viable
mode selection and power control algorithms applicable in multi-cell cellular systems supporting
D2D communications, such that the algorithms use only limited CSI. To this end, we propose a
practical mode selection algorithm that only requires the CSI (specifically the large scale fading)
information of the useful and interfering links in the own cell. We also propose a distributed power
control scheme assuming that the receiver nodes can estimate (measure) the covariance of the total
received signal and noise, and feed it back to their respective transmitters. This piece of information
is then used by the transmitters in a distributed fashion to adjust their respective transmit powers
such that some predefined SINR targets are reached. This algorithm can be optionally combined
with an SINR target setting algorithm that allows to minimize the overall used power subject to
some sum rate target such that a minimum link quality is also guaranteed for both the cellular and
the D2D transmission links.
To gain insight into the behavior of the iterative distributed power control scheme, we study a
small system in which we calculate the local optimum power setting assuming full channel knowledge
and compare the performance of the heuristic iterative method relying on the D2D geometry (i.e.
large scale fading information) with that of the scheme that provides the local optimum. We are
also interested in gaining insight in the potential gains of using the direct D2D link as compared to
using cellular links between two communicating UEs (Tx UE - Rx UE) when employing such power
control in both (i.e. cellular and D2D) operational modes. In particular, we focus on scenarios
in which the same PRB may be used simultaneously for a cellular and a D2D link tightening the
reuse factor below 1 (as in Figure 5.1). For a particular UE pair, this sum power minimizing
scheme may be combined with mode selection that determines whether a particular UE pair – the
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D2D candidate: Tx UE - Rx UE of Figure 5.1 – should use the direct D2D link or they should
communicate via the cellular access point [126]. Therefore, we compare the performance of these
two communications modes when the positions of both the D2D pair and the interfering cellular
UE vary within the cell.

UE2 = Tx UE
AP2

AP1

UE1
UE3
Rx UE

Figure 5.1: Illustration of D2D communications, when a user equipment (UE1) and a D2D pair
(Tx UE - Rx UE) may use the same OFDM PRB. Due to the D2D link, intracell interference as
well as intercell interference between D2D and cellular links (UE3 to Rx UE) can be very high. (In
this example assuming that the D2D link uses cellular UL resources.)
Our scheme does not consider the scheduling or pairing problem that is concerned with selecting
the specific cellular users and D2D pairs and allocating OFDM resource blocks or subcarriers to
them [115, 117, 124, 127–129]. Therefore, we believe that our work can be an efficient complement
to these resource allocation and pairing schemes.
We structure the chapter as follows. The next section describes the system model that we use
throughout the chapter based on the system model of [15]. In Section 5.3, the proposed mode
selection (MS) algorithm is presented that relies on single cell information and dynamically selects
between cellular and D2D communication modes. A second algorithm is presented in Section 5.4
that sets the SINR targets that help to minimize the overall used power in the system. Next, in
Section 5.5, we propose an iterative power control scheme relying on the covariance estimation of
the total power to meet the predefined SINR targets. Section 5.6 discusses numerical results and
Section 5.7 highlights our findings.
Throughout the chapter, we use the following notations. A−1 , AT and AH denote the pseudoinverse, the transpose and the conjugate transpose of matrix A, respectively. {A}(i,j) is the (i, j)th
element of matrix A, while diag(a1 , . . . , aN ) denotes a N × N diagonal matrix whose diagonal
elements are the scalars a1 , . . . , aN . The absolute value of a real or complex number z is denoted
by |z|. Furthermore, trace(·) and E(·) represent the trace and the expectation operations of matrix
A, respectively.

5.2
5.2.1

System Model
Modeling the Received Signal

We focus on the case in which a cellular and a D2D link are multiplexed on the same uplink OFDM
PRB. Due to intercell interference, cellular or D2D links in neighboring cells may cause additional
interference to the received signal. Thus, the received signal at the kth receiver (i.e. cellular AP or
the Rx UE of a D2D pair) can be modeled as [15]:
yk = αk,k Hk,k Tk xk +

P

j6=k

αk,j Hk,j Tj xj + nk ,

(5.1)
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where

q
−ρ
• αk,j = Pj dk,j k,j χk,j /Nt is a scalar coefficient depending on the total transmit power Pj for
user j, the log-normal shadow fading χk,j and distance dk,j between the k-th receiver and
the j-th transmitter with path loss exponent ρk,j . The values of ρk,j and χk,j depend on
the transmitter and receiver being a transmitter UE, a receiver UE or a cellular access point
respectively, the specific environment (e.g. indoor or outdoor deployment, femto or macro
type of access point), etc.

• Nt and Nr denote the number of transmit and receive antennas, respectively;
t ×1
• xk∈ CN
is the data vector that is assumed to be zero-mean, normalized and uncorrelated,
†
E xk xk = INt ;

• Hk,j denotes the (Nr × Nt ) channel transfer matrix; and

• Tk is the UE-k (Nt × Nt ) diagonal power loading matrix. To keep the total transmit power
constant, Tk must satisfy

 P
Nt
(i,i)
trace Tk T†k =
|Tk |2 = Nt

∀k;

i=1

• nk is a Nr × 1 additive white
noise vector at the k-th receiver with zero mean and
 Gaussian

covariance matrix Rnk = E nk n†k = σn2 INr ∀k.

We rewrite the signal model (5.1) in a compact form as

yk = αk,k Hk,k Tk xk + zk + nk ,
where zk =

P

j6=k

(5.2)

αk,j Hk,j Tj xj denotes the (Nr × 1) interference vector with covariance matrix


P 2
Rzk = E zk z†k =
αk,j Hk,j Tj T†j H†k,j .
(5.3)
j6=k

For ease of notation, we define an equivalent noise vector that accounts for both the inter-cell
interference and the background noise:
vk = zk + nk .
It is easy to show that vk is zero-mean with covariance Rvk = Rzk + Rnk .

5.2.2

MMSE Receiver Error Matrix and the Effective SINR

We assume that the received signal both at the AP and the Rx UE is filtered through a linear
MMSE receiver with weighting matrix Gk to obtain the estimate
bk = Gk yk .
x

where the (Nt × Nr ) linear MMSE weighting matrix Gk is given as:
1
1
Gk =
T†k H†k,k Hk,k Tk T†k H†k,k + 2 Rvk
αk,k
αk,k

−1
= I + T†k RHk Tk
αk,k T†k H†k,k R−1
vk ,

!−1
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where RHk = α2k,k H†k,k R−1
vk Hk,k , see e.g. [75, Chapter 12].
To derive the stream-wise SINRs at base station k, we will need the diagonal elements of the error
matrix of the MMSE filtered signal. To this end, the following proposition is useful. (The proof is
provided in Appendix 7.C.)
Proposition 1. The MMSE estimation error matrix (Nr × Nr ) for the k-th base station is:

−1
Ek = I + T†k RHk Tk
.


We are now in the position to calculate the SINR for the signal model (5.2) assuming a linear
MMSE receiver. Using the linear MMSE weighting matrix Gk , the MSE and SINR expressions can
be rewritten respectively as

−1 
†
†
M SEk,s , (Ek )(s,s) =
I + Tk RHk Tk
,
(5.4)
(s,s)

γk,s ,

5.2.3

1
− 1.
M SEk,s

(5.5)

Summary

In this section we defined the multicell MIMO received signal model (5.2) and, assuming a linear
MMSE receiver, derived the associated effective SINR (γk,s ) for each stream of the received signal.
Equations (5.4) and (5.5) are important because they capture the dependence of the SINRs on
the transmission powers of the own UE and the interfering UEs (both at an access point and at a
receiving UE of a D2D pair) through the RHk ’s and the Rvk ’s. Thus, these relations serve as the
basis for the optimization problems of the next section.

5.3

Mode Selection (Thesis 4.1)

For mode selection (MS), we assume that at most one cellular UE can be allocated on an OFDM
resource block (RB); that is without D2D communications, intra-cell orthogonality is maintained.
We also assume that at most one D2D link is allocated to a resource block that is used by a cellular
UE, meaning that on any one OFDM resource block, there are at most two links (one cellular and
one D2D) multiplexed.
It is intuitively clear that for a given D2D candidate the benefit of direct mode (”D2D mode”)
communication (as compared to communicating through the base station) depends on the geometry
of the D2D pair and the UEs in the own cell and neighbor cells using the same resource blocks.
Mode selection is a D2D specific function that allows the base station (eNB) to dynamically adjust
the characteristics of the D2D link and to change the communication mode (cellular mode: via
the base station or (direct) D2D mode: via the direct link) of two communicating UEs. Mode
selection plays a similar role for D2D communications as handover does for traditional cellular
communications in the sense that the D2D transmitter can switch its transmission between the
D2D receiver and its serving base station. Accordingly the appropriate time scale for MS is in
order of the several hundreds of millisecond [125].
Based on these considerations, we formulate the requirements for the mode selection algorithm
as follows:
• It should rely only on large scale fading information; Preferably, it should rely only on the
knowledge of the g2 and g3 links (see 5.2). Taking g2 and g3 as input, the MS algorithm
can be executed independently of the pairing algorithm that decides on the UE that uses the
same PRB as the D2D pair.

78

Tx device
g3

g1

g2
g4

Cellular UE

Rx device

Figure 5.2: A given RB can be used by at most one cellular UE and one D2D pair. For mode
selection, it is desirable to devise an algorithm that only requires knowledge of the g2 and g3
links (MS Algorithm Variant 2). However, as a reference case, we will also use an algorithm (MS
Algorithm Variant 1) that uses g1 and g4 as additional input for the MS decision.

• It should rely on information available in the own cell only rather than trying to coordinate
mode selection decisions among multiple cells. We justify this requirement by noting that
intercell interference can be addressed by proper resource allocation (scheduling) and power
control and by arguing that multicell mode selection would lead to unacceptable complexity
in real systems.
• It should preferably be executable independently of the transmit power setting to mitigate
the complexity of joint power control and mode selection.
The first requirement implies that from the perspective of channel state information, we can
distinguish the following two variants of the proposed mode selection algorithm:
• MS Algorithm Variant 1 (reference): It is assumed that a cellular UE - D2D pair matching
has been done prior to the MS algorithm and that all four links (g1, g2, g3, g4 in 5.2) are
available as inputs;
• MS Algorithm Variant 2 (proposed): MS is done independently of pairing, that is the MS
decision for a D2D pair only depends on the information that is specific to the D2D pair itself
(g2 and g3 only).
The second and third requirements above suggest that a suitable mode selection algorithm
should only require the following large scale fading (distance dependent path loss and shadowing)
values:
• gBSl ,CellUEl = d−ρ
BSl ,CellUEl · χBSl ,CellUEl : Large scale fading between the cellular UE and its
serving base station of Cell-l (see g1 link in Figure 5.2);
• gRxDl ,TxDl = d−ρ
RxDl ,TxDl · χRxDl ,TxDl : Large scale fading between the D2D transmitter and
receiver of Cell-l (see g2 link in Figure 5.2);
• gBSl ,TxDl = d−ρ
BSl ,TxDl · χBSl ,TxDl : Large scale fading between the D2D transmitter and the
base station of Cell-l (see g3 link in Figure 5.2);
• gRxDl ,CellUEl = d−ρ
RxDl ,CellUEl · χRxDl ,CellUEl : Large scale fading between the cellular UE and
the D2D receiver of Cell-l (see g4 link in Figure 5.2).
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The third requirement implies that the mode selection algorithm should rely on SNR rather
than SINR metrics, since the measured SINR at the receivers (D2D receiver or cellular base station)
depend on the transmit powers of the interferers (see also our proposed SNR metric in the pseudo
code of Algorithm 4). Finally, we note that the proposed mode selection algorithm does not
consider the hop gain that is mentioned in the Introduction. That is, the mode selection algorithm
is somewhat biased towards favoring the cellular mode, since it disregards the potential hop gain of
the D2D mode. Based on these requirements, in this section, we propose a simple mode selection
algorithm described by Algorithm 4. (Note that this algorithm description is the same for MS
Algorithm Variant 1 and 2, except for Step 5 below.)
Algorithm 4: Simple mode selection algorithm (with Variants 1 and 2) based on single-cell
large scale fading information (Thesis 4.1)
Input: ∆, ρ, σn2 , p = pmax , number of cells (L), and gk,j = d−ρ
k,j χk,j , k = 1, . . . , K, j = 1, . . . , J, as in
Equation (5.1) where K and J are the number of receivers and transmitters, respectively.
Output: Decision on which mode is preferred (D2D or Cellular) for all cells:
useD2Dl ∈ {True, False}, l = 1, . . . , L.
Notations:
BSl - the cellular base station of cell l,
CellUEl - the cellular UE in cell l,
RxDl - the D2D receiver in cell l,
TxDl - the D2D transmitter in cell l,
for l=1 to L do
1. The useful (u) signal path loss in Cellular (C) mode is gBSl ,CellUEl , hypothetical SNR
γlu,C

=

p · gBSl ,CellUEl
;
σn2

2. The useful signal path loss in D2D mode is gRxDl ,TxDl , hypothetical SNR
γlu,D2D

=

p · gRxDl ,TxDl
;
σn2

3. The interfering (i) signal path loss in Cellular mode is gBSl ,TxDl , hypothetical SNR
γli,C

=

p · gBSl ,TxDl
;
σn2

4. The interfering signal path loss in D2D mode is gRxDl ,CellUEl , hypothetical SNR
γli,D2D

=

p · gRxDl ,CellUEl
;
σn2

5. Select whether Cellular or D2D mode is beneficial to use as:
if (log2 (1 + γlu,D2D ) + log2 (1 + γlu,C ) − log2 (1 + γli,D2D ) − log2 (1 + γli,C ) > ∆)
OR: (log2 (1 + γlu,D2D ) − log2 (1 + γli,D2D ) > ∆) (Variant 2) then
useD2Dl = True
else useD2Dl = False;

(Variant 1)

end

The proposed MS algorithm is based on the geometry of the UEs in the own cell, i.e., the
geometry situations in the neighbor cells are not considered. Figure 5.2 illustrates the idea of
Algorithm 4 (Variant 1 part), where the useful and the interfering links are shown for a particular
D2D candidate pair and a cellular UE in a specific Monte Carlo drop. The useful links are denoted
with bold black arrows (g1 and g2), while the interference path loss links (g3 and g4) are marked
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with dashed blue arrows. The algorithm first calculates hypothetical SNR values for each link
according to Step 1-4. The reference algorithm selects D2D mode for the D2D candidate if the
useful links (g1 and g2) are stronger than the interfering links (g3 and g4), while Variant 2 only
considers g2 and g3. More specifically, D2D mode is selected if the hypothetical capacity values
corresponding to the useful links are higher than the hypothetical capacity values corresponding to
the interfering links plus a ∆ value (see Step 5 of Algorithm 4), which is a tunable system parameter
measured in bit/sec/Hz. The transmit power value p in Step 1) - 4) is set to an arbitrary positive
value. By increasing ∆, the mode selection algorithm becomes more conservative and selects
D2D communication more cautiously. Selecting a negative ∆ implies a more frequent D2D mode
selection. An important feature of this algorithm is that it meets the third requirement by relying
on SNR rather than SINR metrics.

5.4

A Distributed Algorithm to Set the SINR Targets

In this section, we first propose a heuristic algorithm that can iteratively adjust the SINR targets
for all transmission links. Then, we formulate the problem of optimal SINR target setting (and
solve it, see Section 5.6.2) in order to benchmark our heuristic algorithm.

5.4.1

A Heuristic SINR Target Setting Algorithm (Thesis 4.2)

The insight of previous works [130] (and as we will see the numerical section) is that setting the
SINR targets to a uniform value that is suitable for both cellular and D2D links is non-optimal
due to several reasons. First, due to the presence of D2D transmitters and receivers, the distances
between any transmitter and receiver can vary between a close proximity and the cell diameter
resulting in extremely large SINR fluctuations. Note that this observation holds for both the D2D
and the cellular traffic, since a D2D transmitter may get close to the cellular base station and a
cellular UE can get close to a D2D Rx node. Specifically, to minimize the sum power with respect to
a sum capacity target, strong (low path loss) links must be granted high SINR targets, while weak
links must be set to low target values. Second, different services (e.g., voice or video streaming)
have different quality of service (QoS) requirements, and therefore maintaining a minimum (link
specific) SINR target for each link is desirable.
Therefore, a practical SINR target setting algorithm must meet the following requirements:
• It should rely only on large scale fading information;
• It should allow for setting a minimum link quality (SINR target) value;
• It should reward the transmitters whose transmit power increase yields high capacity increase.
This requirement is justified by the intuition (confirmed and illustrated in the numerical
section) that higher SINR targets should be granted to links with low pass loss, while ”weak”
links should be set to their respective minimum SINR target.
• It should not require a central entity, but it can assume the availability of large scale fading
information to surrounding receivers.
When D2D communications is enabled in cellular spectrum, it is expected that new types of reference signals and associated measurement reporting schemes will be designed to facilitate various
RRM algorithms. Therefore, the last assumption is reasonable, since it assumes large scale fading
information only.
We propose an algorithm (Algorithm 5) that meets the above requirements by starting from a
minimum SINR target and iteratively adjusting them for all links to reach a near optimal power
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allocation subject to a sum capacity constraint. Algorithm 5 tries to successively increase the SINR
targets until a predefined C sum capacity target is reached. In each iteration it increases the SINR
target of the one user that contributes the most to the sum capacity increase by calculating a
benefit value bk . More specifically, in Step 1), it estimates a power value ∆Pk that is needed to
increase the SINR by a ∆ value for link k, and then calculates the capacity increase corresponding
to this increased SINR. The calculation of the power increase is detailed in Appendix 7.D. Next,
it computes a benefit value bk that indicates how beneficial it is to increase the power for link k
in terms of bit/sec/Hz/mW, i.e., what is the gain of the increased SINR in capacity for that link.
In Step 2), the transmitter can compose a vector b containing the benefit values for all links and
then select the link to increase its SINR target which has the highest benefit value. These steps
are repeated until the desired sum capacity target C sum is reached.
An important feature of this algorithm is that if the slow fading information (including path
loss and shadowing) is available for all links at all transmitters (gk,j , ∀k, j), i.e., if the kth cell is
aware of the slow fading channel state between its receiver and all the transmitters of the network
(gk,j , ∀j), and all cells exchange this information using slow scale BS-BS communications, then each
transmitter can execute this algorithm in a distributed fashion, since then each transmitter can
calculate the benefit vector by itself.
An additional feature of this algorithm is that a minimum SINR can be set for all links
(SINRmin ), which guarantees a minimum link quality. Setting this parameter to a higher value
for all users prevents boosting the best channel only. Later, in Section 5.6.3, we will use this
parameter to ensure that all UEs experience a certain quality of service.
The convergence of this algorithm is not analyzed in this chapter. In practice, the maximum
number of iterations would be limited and the target capacity could be adjusted. In the evaluated
scenarios, the numerical results show that the proposed method converges in all considered cases.
The computational complexity of this algorithm is examined in [J1, Section 7.3.3].

5.4.2

Determining the Optimum SINR Target

Determining the optimum SINR target is useful for benchmarking purposes. Finding the SINR
targets that minimize the overall used power involves solving the following optimization problem:
minimize
Γ,p

subject to

X

Pk

(5.6)

ck (γktgt ) ≥ cm

(5.7)

k

X
k

γktgt ≤ γ k (p), ∀k,

(5.8)

in the optimization variables Γ (SINR targets) and p (power), where ck and cm denote the capacity
of user k and the target sum rate, respectively. We propose to solve this problem through the
augmented Lagrangian penalty function (ALPF) method. For further details regarding the ALPF
method, we refer to [72, Chapter 9]. We note that the in [J1, Section 4], we provide a comprehensive
description of the optimization process including also a detailed numerical example for illustration
purposes.
It is important to realize that solving optimization problem defined by (5.6)-(5.8) by ALPF
requires a central entity with access to the full channel matrix, so it is hardly feasible in practice. However, finding the optimal SINR targets is useful for benchmarking our proposed heuristic
algorithm that we described in the previous subsection.
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Algorithm 5: Adaptive SINR target setting (Thesis 4.2)
Input: C sum , SINRmin > 0, ∆ > 1, ρ path loss exponent, ǫ > 0 and gk,j = d−ρ
k,j χk,j ,
k = 1, . . . , K, j = 1, . . . , J, as in Equation (5.1) where K and J are the number of receivers
and transmitters, respectively.
Output: Γ = diag (γk ).
(0)
(0)
(0)
(0)
(0)
Given t = 0 (iteration number), b(0) = [b1 , . . . , bK ] = 0, and γk = SINRmin , pk = γk · σn2 /gk,k ,
k = 1, . . . , K.
repeat
1. for k=1 to K do
Calculate the approximated transmit power required to increase SINR by ∆ (see Appendix
III) as:
!
J
X
(t)
(t−1)
2
γk (∆ − 1)
pj
gk,j + σn
(t)

∆Pk

j6=k

=

;

gk,k

Calculate the capacity increase achieved by the increased SINR as:

(t)
(t)
(t) 
capInck = log2 1 + γk · ∆ − log2 1 + γk ;
(t)

Calculate the benefit value bk =

(t)

capInck
(t)
∆Pk

.

end
2. Select user with the highest benefit value as:
(t)
(t)
if (|bi − bj | < ǫ, ∀i, ∀j, i 6= j) then
bestUE(t) = argmax{g1,1 , . . . , gk,k }
else bestUE(t) = argmax{b(t) }
3. Update SINR target for the user with the highest
benefit as:
(t+1)

(t)

γbestUE(t) = γbestUE(t) · ∆.
4. Calculate current sum capacity as:
C

(t+1)

=

Nt
X

(t+1)

log2 (1 + γk

).

s=1

5. t=t+1;
until C sum ≤ C (t) ;

5.5

An Iterative D2D Power Control Scheme (Thesis 4.2)

In this chapter, we look at the potential of using fast power control on the D2D link, where the
Tx UE is allowed to vary its transmit power based on (fast) covariance measurements. From the
signal model (5.1), when transmitter k uses a diagonal power loading matrix Tk ∈ C Nt ×Nt with
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P Nt

s=1

| {Tk }(s,s) |2 = Nt , the post-processing SINR of its sth stream becomes [15]:
γk,s =

Pk | {Tk }(s,s) |2
− 1,
ζk,s

(5.9)

where
ζk,s =

"


−1
X
† 
† †
2
 ·
d−ρ
Pj d−ρ
k,k χk,k Hk,k
k,j χk,j Hk,j Tj Tj Hk,j + Nt σn INr ×Nr
j6=k

·Hk,k +

1
IN ×N
Pk t t

!−1 #(s,s)

(5.10)

denotes the effective interference after MMSE processing and [·](i,j) denotes the operation of acquiring the matrix element of the ith row of the j th column. In [15], a heuristic algorithm for
distributing the transmit power over different streams was presented. By inverting equation (5.9)
for fixed SINR targets, the algorithm finds a near optimal (sum power minimizing) power loading
matrix for these given SINR targets assuming perfect knowledge of the own and cross channel
matrices Hk,j .
Unfortunately, in the mixed cellular and D2D communications scenario, the availability of the
cross channel matrices at the transmitters cannot be assumed, because that would require extensive
reference signal processing and channel quality information reporting. Therefore, in this report,
we relax the assumption on the knowledge of all the Hk,j channel matrices at all transmitters.
Our assumption instead is that Receiver-k estimates the covariance of the total received signal and
noise (Φk ) and feeds it back to its transmitter. We further assume that Transmitter-k knows its
channel to its receiver (Hk,k ), which is reasonable considering that in practice a D2D pair typically
communicates over a bidirectional channel and that the D2D link can be expected to operate in a
time division duplex (TDD) mode [106], [40].
The Φk as measured by Receiver-k and fed back to the transmitter can then be expressed as:
Φk =

K
X

† †
2
Pj d−ρ
k,j χk,j Hk,j Tj Tj Hk,j + Nt σn INr xNr ;

(5.11)

j=1

from which Transmitter-k simply needs to subtract its own contribution, i.e.
† †
Pk d−ρ
k,k χk,k Hk,k Tk Tk Hk,k .

(5.12)

Transmitter-k can then calculate the effective interference ζ after the MMSE processing based on
(5.10).
The covariance estimation based iterative power control algorithm is summarized by the pseudo
code of Algorithm 6. In practice, the receiver can estimate the covariance matrix of the received
interference-plus-noise and calculate the reduced covariance matrix Φred
as defined in Algorithm
k
6, as well as the effective interference (5.10) and feed back Tk and Pk .
Algorithm 6 iteratively adjusts the power loading matrix Tk such that the MIMO streams that
suffer from higher effective
 interference
 ζ are allocated higher transmit power, since the given fixed
tgt
tgt
SINR target Γ , diag γ1 , . . . , γK where γktgt is the assumed given SINR target at Receiver-k
is set equal to all streams of Transmitter-k. Without unequal power loading, when the “weakest”
stream’s SINR is raised to the target, the stronger streams tend to overshoot the SINR target and
thereby to waist transmit power. The transmit power itself (Pk ) is determined by the MIMO stream
that requires the highest transmit power (proportional to the effective interference and target SINR
(γktgt )).
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Algorithm 6: Iterative distributed transmit power and power loading optimization (Thesis
4.2)
(0)

Given t = 0 (iteration number), Ptot , εgap and Tk = INt ∀ k. {·}(i,j) denotes the operation of
acquiring the matrix element of the ith row
of the j th column.
tgt 
(0)
Initialize SINR targets Γ = diag γk , where γktgt is the assumed given SINR target at Receiver-k,
and initial transmit powers p(0) .
repeat
1. t = t + 1.
2. for k=1 to K do
Receiver-k measures the Φk as:
(t)

Φk =

K
X

(t−1) −ρ
(t−1) (t−1)† †
dk,j χk,j Hk,j Tj
Tj
Hk,j

Pj

+ Nt σn2 INr xNr ;

(5.13)

j=1

Receiver-k feeds the estimated (measured) Φk back to Transmitter-k;
Transmitter-k calculates the reduced Φred
as:
k
red,(t)

(t)

(t−1)

(t−1)

(t−1)†

Φk
= Φk − Pk
d−ρ
Tk
H†k,k
k,k χk,k Hk,k Tk
X (t−1) −ρ
(t−1) (t−1)† †
=
Pj
dk,j χk,j Hk,j Tj
Tj
Hk,j + Nt σn2 INr xNr ;

(5.14)

j6=k

Transmitter-k calculates the effective interference ζk,s as:
(t)

ζk,s =






−1
red,(t)
†
d−ρ
χ
H
Φ
Hk,k +
k,k
k,k
k,k
k

1

I
(t−1) Nt xNt

Pk
(t)

Transmitter-k calculates the optimum loading matrix Tk and Pk as:
v

(s,s) u
(t)
u ζk,s
Nt
(t)
t
, ∀s ∈ [1, Nt ];
Tk
= PN
(t)
t
w=1 ζk,w
(t)

Pk = maxs

n

(t)

ζk,s
(t)

{Tk }(s,s)

2

o
(γktgt + 1) ;

!−1 (s,s)



;

(5.15)

(5.16)

end
until

(t)

(t−1)

| Pk − Pk

|≤ εgap ,

∀ k;

In a practical implementation, Algorithm 6 could be executed on a slower time scale relaxing
the requirement on the receiver feedback. Studying the impact of the time scale for this algorithm
as well as modeling delays and measurement errors are actually interesting future research topics.
However, we have evaluated the performance of Algorithm 6 in one example scenario with tree
transmitters and receivers (illustrated in Figure 5.3 when Gaussian measurement error is added
(t)′
(t)
(t)
(t)
to the covariance matrix estimation in (5.13) as Φk = Φk + ENr ×Nr , where {ENr ×Nr }(i,j) ∼
(t)

N(0, cerr · |{Φk }(i,j) |). Figure 5.3 shows the impact of the measurement error on the performance
of Algorithm 6 in the function of the number of iterations when cerr is set to 0.2. The terms with
(t)
“+ E” correspond to the cases when the measurement error is added to Φk . These curves show
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fluctuations around the curves with no error, but they still converge to the optimal values in this
case. The convergence of Algorithm 6 is not analyzed in this report although the numerical results
indicate that the algorithm converges within less than 10 iterations when the problem is feasible
(see Sections 5.6.2 and 5.6.3) even if measurement error is also considered (see Figure 5.3).
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Figure 5.3: Erroneous covariance estimation: the performance of Algorithm 6 is shown in the
function of the number of iterations when Gaussian measurement error is added to the estimation
of the covariance matrix. The terms with “+ E” correspond to the cases where erroneous covariance
matrix is applied (cerr = 0.2).

5.6

Numerical Results

In this section, we first discuss how the proposed algorithms can be deployed and executed in a real
network. Then, we examine a 2-cell system (that primarily serves the purpose of benchmarking
the target setting heuristic) and a 7-cell system (that more realistically represents a multi-cell
system) in which cellular UEs and D2D candidates are dropped in a series of Monte Carlo (MC)
experiments. We use the solution of the optimization problem of Section 5.4.2 as a reference case
which uses full channel knowledge including fast fading (Rayleigh) information. For each MC drop,
Algorithms 4 and 5 are used to select mode for the D2D candidates and set the SINR targets,
respectively. Subsequently, Algorithm 6 is used to adjust the power values where the total received
interference and noise covariance is exploited as detailed in Section 5.5. See Table 5.1 for the values
of the simulation parameters.

5.6.1

System Operation

In a practical system, the proposed distributed mode selection and power control algorithms should
be executed in the following order.
1. Run the mode selection algorithm (Algorithm 4) in each cell to select between the cellular
and D2D communication modes (i.e, to select the links for transmission) on the time scale
of few hundred milliseconds based on large scale fading (distance dependent path loss and
shadowing) information of the own cell.
2. Execute the adaptive SINR target setting algorithm (Algorithm 5) on the transmission links
(selected by mode selection) to minimize the sum transmit power. The time scale is the same
as that of the mode selection.
3. Run the distributed power control scheme (Algorithm 6) to set the transmit power for each
link in each transmission slot taking into account fast fading information as well.

86
The above operation of the system is reasonable, since mode selection should decide first which
links are going to transmit in the next few transmission slots. As discussed, for instance, in [125],
the time scale of mode selection should match that of handover and should rely on large scale
fading information only (see also the requirements in Section 5.3). The execution of the SINR
target setting algorithm is optional, though significant power can be saved by tuning the SINR
target according to the large scale channel conditions while maintaining some fairness criterion
as well (see the numerical results of Sections 5.6.2 and 5.6.3). Finally, the proposed distributed
power control scheme combats against fast fading by measuring the covariance of the total received
interference and noise in each transmission slot.

5.6.2

2-cell system results

We consider two sets of numerical results. The first set focuses on the performance of Algorithm 6
given a fixed set of SINR targets. The second set shows the gains when setting the SINR targets
in an optimal or heuristic fashion.
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Figure 5.4: Simulation scenarios. In Scenario 1 (left) the D2D pair is randomly dropped in an area
that is ”on the other side” of the access point than UE1. In Scenario 2, the D2D pair is randomly
dropped in an area close to UE1. In both scenarios, UE1 moves from the cell center to the cell
edge (Position 1...Position 10). UE2 is the transmitting UE of the D2D pair. UE3 is a stationary
interfering UE in the neighbor cell.

We consider two simulation scenarios as shown in Figure 5.4 (Scenario 1 and 2 are illustrated
on the left and right part of Figure 5.4, respectively), which are basically two instances of the
scenario shown in Figure 5.1. We denote with UE1 the user equipment transmitting to its serving
base station. We let UE1 move from a position close to the base station (UE1 Position 1) towards
the cell edge (UE1 Position 10). We use the UE1 position along the x axis of most of our plots.
UE2 denotes the transmitting user equipment (Tx UE) of the D2D pair. Finally, UE3 denotes
an interfering user equipment with fixed position in a neighbor cell served by access point AP2.
The D2D pair is dropped within the half circle areas denoted in Figure 5.4 according to a surface
uniform distribution in 40000 Monte Carlo experiments. The D2D pair can communicate in two
modes:
1. D2D mode: The two UEs of the D2D pair communicate via a direct link. In this mode,
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the D2D link uses the same OFDM resource blocks as the UE1 uses to communicate with its
serving AP.
2. Cellular mode: The two UEs of the D2D pair communicate via the serving AP. In this case
the UE1 and UE2 use orthogonal uplink resources (either in the time or in the frequency
domain). For example, assuming a time domain separation, during the first period only UE1
transmits to AP1 followed by a period when only UE2 transmits to AP1.
The two performance measures of interest are the sum power for a given sum capacity target
(UE1+UE2+UE3) and the probability that the (fixed or set) SINR targets are infeasible. An SINR
target (and the corresponding Monte Carlo drop) is considered to be infeasible if the transmit
power required to reach the target is higher than the maximum transmit power of the respective
UE (defined in Table 5.1). The sum power performance measure contains only the feasible power
levels. Some of the simulation parameters are listed in Table 5.1. Recall that for the SINR target
optimization, fast fading is taken into account in the reference (centralized) case, whereas only
distance dependent path loss and shadowing are considered in the distributed approach.
Table 5.1: Input parameters for simulating D2D communications
Input parameters
Inter Site Distance (ISD)
500 m
Number of access points
2 − 14
Path loss exponent
3.07
Shadow fading
Lognormal; st. dev: 5 dB
Fast fading model
Rayleigh flat
AWGN noise power
−60 dBm
Max. per user transmit power
250 mW
Antenna configurations
1x2 SIMO and 2x4 MIMO
Nr. of Monte Carlo experiments
40000

Results for Predefined SINR Targets (Thesis 4.2)
Figures 5.5(a) and 5.5(b) present results for the fixed SINR target case and compare the performance
of D2D mode and cellular mode between the D2D pair in terms of the performance measures of
tgt
interest. The SINR target for D2D mode is set to γD2D
= 4 dB for all 3 links (UE1, UE2 and UE3).
For the cellular mode, the SINR target is set such that the total capacity be the same as in the
D2D mode. Since in cellular mode there is only one communication link (apart from the interfering
tgt
tgt
neighbor, UE3) at a time, the SINR target is set such that 3 · log2 (γD2D
+ 1) = 2 · log2 (γCell
+ 1)
tgt
(that is: γCell
= 7.47 dB).
The upper graph of Figure 5.5(a) shows the sum power results for the 1x2 SIMO case. As
UE1 moves from its cell center position towards the cell edge, the average sum power (on the 3
links) required to reach their respective SINR targets gradually increases both when the D2D pair
communicates in D2D mode and when they communicate in cellular mode. Recall that in cellular
mode, we first assume that only UE1 transmits and then only UE2 transmits to the AP (when only
UE2 transmits, the required power is obviously independent from the UE1 position, since UE1 does
not transmit). What is important to notice here is that the sum power is always lower (roughly
30% of the average power used in cellular mode) in the D2D mode than in cellular mode due to
the reuse and proximity gains in D2D mode.
The lower graph of Figure 5.5(a) shows the probability that in a Monte Carlo experiment the
SINR targets are infeasible. As expected, the probability of infeasibility increases as UE1 moves
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Figure 5.5: Required sum power and probability of infeasibility with fixed SINR targets in 1x2 SIMO
(a) and 2x4 MIMO (b) antenna configurations in Scenario 1. When the D2D pair communicates
in D2D mode, the average sum power is significantly lower than the average sum power in cellular
mode. The SINR targets are also more often feasible in D2D mode than in cellular mode. In 2x4
MIMO case, the SINR targets are typically not feasible except when the UE1 is in the cell center.
towards the cell edge, but this probability is significantly lower (typically half or less) in D2D mode.
Figure 5.5(b) shows the sum power and the probability of infeasibility for the 2x4 MIMO case
and setting the SINR target per stream to 4 dB (that is setting the sum capacity target to twice of
that required in Figure 5.5(a)). This high SINR per stream target is basically only feasible when
UE1 is in the cell center. Similarly to the 1x2 case, the D2D mode between UE2 and its D2D pair
is clearly superior to the cellular mode both in terms of sum power and feasibility.
Results for Optimal and Heuristic SINR Targets (Thesis 4.2)
We discuss the results when the SINR targets are not fixed, but set optimally or by means of the
proposed heuristic SINR target setting algorithm such that the sum rate capacity is the same as in
the fixed SINR target case of the previous section (that is 5.44 bps/Hz in the 1x2 SIMO case and
2x5.44 bps/Hz in the 2x4 MIMO case).
First, we consider the results for the 1x2 SIMO case (Figure 5.6(a)). In this case, the required
sum power is drastically lower than in the fixed SINR target case. For example, when UE1 is at
the cell edge, the required sum power in D2D mode is only around 30 mW (with optimal SINR
targets) and around 40 mW (with heuristic SINR targets) as compared to 125 mW with the fixed
SINR targets (of Figure 5.5(a)). We also notice that virtually all drops turn out to be feasible,
both with optimal SINR targets and with the proposed SINR target setting algorithm.
The results for the 2x4 MIMO case without and with power loading are shown in Figures 5.6(b)
and 5.7, respectively. Recall from Figure 5.5(b) that in this case the fixed SINR targets were
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Figure 5.6: Performance measures of interest in D2D mode with optimized and heuristically set
SINR targets in 1x2 SIMO (a) and 2x4 MIMO without power loading (b) antenna configurations in
Scenario 1. In 1x2 SIMO case, the target sum rate is the same as in Figure 5.5(a), but the required
sum power is just a fraction of that with fixed SINR targets. Using 2x4 MIMO, we notice the
dramatic decrease in the required power and the improved feasibility probability compared with
the results of Figure 5.5(b).
typically infeasible. With optimal and heuristic SINR targets, the same sum rate becomes feasible
except when UE1 is close to the cell edge. Also the sum power in the feasible drops becomes only
a fraction of what is required in the fixed SINR case. In both the 1x2 SIMO and the 2x4 MIMO
case we also notice that D2D mode provides better performance than cellular mode.

5.6.3

7-cell System Results

In this section we consider a 7-cell system as shown in Figure 5.8, where a D2D candidate pair
and a cellular UE are dropped in each cell according to a surface uniform distribution in a series of
Monte Carlo experiments. In this network, when all D2D candidates transmit directly, i.e., in D2D
mode there are 14 simultaneous transmissions. In this case, we set the fixed SINR target for all
links to 2 dB resulting in 19.18 b/s/Hz spectral efficiency. When each cell communicates in cellular
mode, we have 7 simultaneous transmissions in the whole system and the fix SINR target is set to
7.54 dB in order to achieve exactly the same sum capacity as with pure D2D mode.
Potential of D2D Communications (Thesis 4.2)
To get insight into the potential of D2D communications, we illustrate the performance measures of
interest in Scenario 3 using 1x2 SIMO system as shown in Figure 5.9. The green surface shows the
system performance in the D2D mode with fixed SINR targets, while the blue one uses the cellular
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Figure 5.7: Average sum power in D2D mode with optimized and heuristically set SINR targets
(2x4 MIMO) and with power loading optimization in Scenario 1 (upper) and Scenario 2 (lower).
Power loading helps further reduce the required power to reach the sum rate target (the feasibility
probability is roughly the same as without power loading (Fig. 5.6(b)) in both scenarios.) In
Scenario 2, the average sum power is increased since UE1 and UE3 are closer to Rx UE and thus,
the received interference is higher than in Scenario 1.

Cell-3

600

400

Access points
Cellular UEs
Rx devices
Tx devices

Cell-2

Y coordinate @mD

200

Cell-4

Cell-1

0

200

Cell-5

Cell-6

400

Cell-7

600
600

400

200
0
200
X coordinate @mD

400

600

Figure 5.8: Scenario 3: A 7-cell system used for illustrating the performance aspects of D2D
communications. The figure shows an instance of a series of Monte Carlo simulations.
mode when also fixed SINR targets are set in the system. In D2D mode, the required sum power
is sensitive not only to the D2D distance, but also to the position of the cellular UE with which
the D2D candidate reuses the RB. We see that the system performance for up to 100 m maximum
D2D distance, and especially when the cellular UE is close to the cell center is significantly better
in D2D mode, both in terms of sum power and infeasibility probability.
In Figure 5.10, the we illustrate the system performance when using the proposed adaptive
SINR target setting algorithm. As we see in the figure, adaptive SINR targets lead to a significant improvement both in D2D and cellular modes both in terms of sum power and infeasibility
probability. The reason for this is that the adaptive SINR target setting algorithm sets a higher
SINR target for links with a low path loss value thereby the algorithm encourages allocating power
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Figure 5.9: Average sum power and infeasibility probability in Scenario 3 (7-cell system) using
fixed SINR targets. When D2D candidates use D2D mode, the gain of D2D communications
heavily depends on the maximum D2D distance and also on the position of the cellular UE with
which the D2D link shares the cellular resources (uplink PRB).

on links with a high rate utility. More interestingly, D2D mode shows superior performance even
when the D2D distance is high and for all cellular UE positions. The reason for this improvement
is that adaptive SINR targets are the key to fully exploit the proximity gain and at the same time
control the interference between the D2D and the cellular layer.

Numerical Results with Mode Selection (Thesis 4.1 and 4.2)
As shown in Figures 5.9 and 5.10, the benefit of the D2D communications much depends on the
geometry of the UEs sharing the same resource block, which also indicates the need for the mode
selection mechanism. We evaluate our proposed mode selection algorithm described in Section 5.3
and present the results in Figure 5.11 where 4 other cases are compared to the performance of the
mode selection algorithm.
The upper plot of Figure 5.11 compares the average sum power in different cases in Scenario 2
when we use a 1x2 SIMO system and the D2D pair is dropped at most 100 m far away from each
other (within one fifth of the ISD). The blue curve (“Cellular- Fixed SINR”) shows the system
performance in Cellular mode, which can serve as a reference, since this curve corresponds to the
currently deployed systems. When we apply D2D mode for the D2D candidates we obtain the
dark red curve (“D2D - Fixed SINR”). We can see that there is significant gain compared to the
Cellular mode when the cellular UE is close to the cellular base station. The gain is decreasing as
the cellular UE moves toward the cell edge. If we use the heuristic SINR target settings in D2D
mode (yellow curve with rhombus symbols), we can observe that employing adaptive SINR targets
in D2D mode provides very low sum power. This large sum power reduction comes at the price
of setting very low SINR targets for some of the links, sometimes allocating close to zero power
for some links as we will show later in Figure 5.12(a) and 5.12(b). This issue can be solved by
setting a minimum SINR in the heuristic SINR target setting algorithm in order to avoid the cases
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Figure 5.10: Average sum power and infeasibility probability in Scenario 3 (7-cell system) using
adaptive SINR targets. When the SINR targets are properly set, D2D communication has the
potential to drastically reduce the average sum power as well as the probability of infeasibility over
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Figure 5.11: Comparison of the average sum power and infeasibility ratio are illustrated in different
cases when the D2D pair is dropped within ISD/5 distance from one another in Scenario 3 (7-cell
system). When a minimum SINR target is required (denoted with “+F”, F indicating fairness),
adaptive SINR target setting with mode selection (Variant 1) provides superior performance. The
average sum power and the infeasibility probability are of course much lower when no minimum
SINR is required (“lowest” curve).
when some links are in outage. An example for this is also shown in Figure 5.11 by the green curve
(“D2D - adaptive SINR + F”) when the minimum SINR is set to 1 dB for all links in D2D mode
with adaptive SINR targets. It still brings significant gain compared to the fixed SINR targets
(dark red curve).
The performance result of the mode selection (MS) algorithm (Variant 1) together with 1 dB
minimum SINR is shown by the light blue color (“Mode Selection - adaptive SINR + F”). As it
can be seen, the employment of mode selection gives some additional gains to D2D mode with
minimum SINR. This gain comes from that that the mode selection algorithm avoids using D2D
mode in such cases when, for example, a cellular UE is placed very close to a D2D receiver and
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Figure 5.12: The empirical CDF of the received SINR (a) and per UE transmit power (b) for all MC
drops is shown when operating in D2D mode with a minimum SINR of -10 dB and the D2D pair
is dropped within ISD/5 distance from one another in Scenario 3 (7-cell system). The left-hand
side plot verifies that the fixed SINR target is maintained for all UEs in the cell (i.e., both the
cellular UEs and the receiving device (RxD) of the D2D pair). The right-hand side figure shows
that the adaptive SINR setting algorithm allocates very low transmit power values to the cellular
UE, therefore it achieves very low SINR also as shown in Figure (a).
would suppress the transmission of the D2D transmitter. In Figure 5.11, it is clearly visible that
mode selection combined with adaptive SINR target setting can provide superior performance, even
when a minimum SINR target is required on all links. The gain of the mode selection algorithm
comes from the fact that it avoids using D2D mode in cases when the transmission of one layer
(D2D or cellular) would be suppressed due to the proximity of the receiver of the other layer.
Looking at the lower plot of Figure 5.11, we can observe that the infeasibility probability is in
line with the result of the average sum power results of the upper plot. These results highlight the
importance of mode selection combined with adaptive SINR target setting.
Figure 5.12(a) presents empirical cumulative distribution functions (CDF) of the received SINR
for all Monte Carlo drops (i.e., both feasible and infeasible drops) in different cases in Cell-1, which
is the cell in the middle among the 7 cells. In this figure the D2D candidate operates in D2D mode.
This cell is in the worst situation, since it receives the most interference from the neighbors. We use
a 1x2 SIMO system where the maximum D2D distance is also limited to 100 m. We focus on the
cellular UE position 5, i.e., when the cellular UE is around the same distance from the base station
as from the cell edge. We compare four different cases, where the black curve shows the CDF of
the received SINR at the receiver device of the D2D pair when fixed SINR targets are set and D2D
mode is used in the cell (Cell-1). The reason why it is hard to distinguish the black curve (”RxD
- fixed SINR - D2D”) is that all points are at exactly 2 dB as expected, verifying that the power
setting algorithm (Algorithm 6) works well. The result is similar to the SINR at the cellular base
station (red curve), since 2 dB target SINR is set for the cellular UE as well. The next two curves
(green and blue) show the same results when employing adaptive SINR targets (“RxD - Adaptive
SINR - D2D”,“Cellular BS - Adaptive SINR D2D”). In this case, we set the minimum SINR to -10
dB. The SINR of the receiver device can be in very wide range from -10 dB to 30 dB as shown by
the green curve, which also confirms that it is hard to set one single SINR target that is optimal
or “good enough” for both D2D and cellular modes.
The problem of adaptive SINR target is illustrated by the blue curve of Figure 5.12(a) (“Cellular
BS - Adaptive SINR D2D”) where in the 90% of the cases, the SINR at the cellular base station is
around or below -10 dB. This means that the algorithm puts this link into outage. There is a need
to introduce the concept of the minimum SINR to avoid situations in which one of the transmission
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Figure 5.13: The empirical CDF of the received SINR (a) and the per UE transmit power (b) is
illustrated for all MC drops when adaptive SINR target setting is used with a minimum SINR of
1 dB and the D2D pair is dropped within ISD/5 distance from one another in Scenario 3 (7-cell
system). The figure verifies that the minimum SINR target setting guarantees a received SINR
value (1 dB). Also, when using the adaptive SINR target setting algorithm, the D2D link SINR
target can be set to significantly higher values. Plot (b) shows that the cellular UE is the main
contributor of the power consumption with both the fixed and the adaptive SINR targets.
links is practically muted.
The CDFs of the UE transmit power are plotted in Figure 5.12(b). We conclude that the
cellular UE (red curve) consumes the most power to reach the 2 dB fixed SINR target. This can
be expected, since this UE is in cellular UE position 5, which is around 125 m far from its serving
base station, but the D2D pair is placed at most 100 m from each other.
In Figure 5.13(a), the same empirical CDF curves are plotted as in Figure 5.12(a) when the
minimum SINR is set to 1 dB in order to avoid causing outage. As it can be observed, all of the
SINR values are above 1 dB and for the fixed cases (black and red curves) the SINR is exactly
2 dB (“RxD - Fixed SINR - D2D” and “Cell BS - Fixed SINR D2D”). It is important to notice
that when the SINR targets are set adaptively, the D2D receiver can experience more than 2 dB
SINR (green curve, “RxD - Adaptive SINR - D2D”) in about the 20% of the cases which provides
the gain of adaptive SINR target setting together with minimum SINR compared to the predefined
SINR target case, which causes a significant performance difference (both in terms of average sum
power and infeasibility) between these two cases shown by the red and green curves of Figure 5.11.
Figure 5.13(b) shows the UE transmit power CDF curves for all (feasible and infeasible) drops
when the minimum SINR is set to 1 dB. The power of the cellular UE is increased significantly
when adaptive SINR target setting is used since it needs to increase the transmit power to improve
its SINR to 1 dB. It is interesting to note that the power consumptions of the cellular UE contribute
the most to the average sum power, which has a consequence that if we further reduce the maximum
D2D distance, we cannot expect significant reduction in the average sum power.

Comparison of Mode Selection Algorithms (Thesis 4.1)
First, we compare MS algorithm Variants 1 and 2 in terms of their impacts on the required sum
power to achieve an overall capacity target (Figure 5.14) when the maximum D2D distance is
limited to ISD/5. Recall that the advantage of Variant 2 is that it only considers the D2D link
and the link between the D2D Tx and the base station, that is, Variant 2 does not assume a
pairing decision prior to MS. First we note that the performance (in terms of average used power
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Figure 5.14: The gain of the MS algorithms (Figures (a) and (b)) as compared with blindly selecting
cellular or D2D modes is more articulated for cellular UE positions at the cell edges (the maximum
D2D distance is set to ISD/5). In Figure (c), the ratio of selecting D2D mode as a function of the
cellular UE position is shown.
in the system) of the two variants is quite similar in all cases, that is, we observe no significant
performance loss when using less input information to the MS decision. However, adaptively setting
the SINR targets (while preserving some minimum SINR even for the weakest links) pays off: the
sum power is reduced by roughly 10% when the maximum D2D distance is ISD/5 for most cellular
UE positions.
Next, we compare the two variants of the MS algorithm (Algorithm 4) in terms of the probability
of selecting D2D (direct) mode for the D2D candidates in Figure 5.14(c). As it can be seen in Figure
5.14(c), in case of Variant 2, the D2D decision is indeed independent of the cellular UE positions.
Variant 1 can take advantage of a strong cellular (i.e., cellular UE - base station link) and a weak
cellular UE - Rx UE link, but it assumes a pairing decision prior to MS and it also requires the
channel quality information of the g1 and g4 links. Therefore, we believe that Variant 2 is favorable
in a real system.

5.7

Conclusions

In this chapter we developed a distributed power control and mode selection algorithms for cellular
network assisted D2D communications. The power control algorithm consists of (1) an SINR
target setting part that aims to set the individual SINR targets such that the required sum power is
minimized with respect to a sum rate target and (2) a power allocation part that sets the power levels
and power loading matrices over multiple MIMO streams. The mode selection algorithm considers
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the geometry of the D2D candidate and the cellular UE communicating with the cellular access
point and determines whether the D2D candidate should use the direct D2D link or communicate
via the cellular access point.
Numerical results clearly indicate that in order to take advantage of the proximity and reuse
gains of D2D communications, adaptively setting the SINR targets for both the cellular and D2D
links and adaptively determining the communication mode for the D2D candidate are necessary. To
this end, we proposed low complexity power control and mode selection algorithms that rely on slow
scale information exchange between cells that can be provided by, for example, slow scale BS-BS
communications. When the proposed power control and mode selection algorithms are employed,
D2D communication is clearly superior both in terms of the required sum power and the feasibility
of a predefined sum rate target to the classical cellular mode of operation.
The numerical examples also suggest that due to the combination of the intra- and inter-cell
interference, it becomes important that the power control algorithm ensures some level of fairness
between the D2D and the cellular links. The proposed power control algorithm is therefore capable
of guaranteeing a predefined minimum SINR target to each link. This feature of the power control
algorithm along with the low complexity of the mode selection algorithm make them interesting
candidates for future networks supporting D2D communications.

Chapter 6

Theses Summary
Radio resource management has the task to assign and share radio resources to users (e.g., user
equipments, radio bearers or user sessions) of the cellular network. One of the most fundamental
radio resource management functions is power control which sets the individual transmit power
levels of users taking into account different aspects such as total and individual power budget and
quality targets. In multi antenna systems where the users may transmit using multiple data streams
imposes an extra challenge on the power control, since it has to adjust power levels on per stream
basis.
The previous works have not considered the effect of optimal power control in the form of setting
the optimal SINR targets subject to practical constraints in multi-user MIMO systems. Thus, in
Section 2.2 (Thesis 1.1 and 1.2), I have examined the optimal radio resource allocation in the form of
adjusting the SINR targets on per stream basis in the downlink of multi-user MIMO systems using
analytical evaluation. I have formulated the non-convex capacity and power control optimization
problems as finding the optimal per stream power values subject to per stream fairness constraints
using the Augmented Lagrangian Penalty Function method. I have evaluated the optimization
problems with different fairness criteria. I have shown that the opportunistic settings of the per
stream SINR targets in MU MIMO systems significantly increases the per user, as well as, the
overall system capacity, or equivalently, it reduces the required transmit power and at the same
time achieves a certain level of fairness among the users.
The transmit diversity and spatial multiplexing trade-off are widely studied and well understood
MIMO transmission schemes. However, the relationship between this trade-off and power control
have not been analyzed. Previous works have not investigated the impact of different MIMO
transmission schemes and adaptive MCS selection on the performance of OPC. Therefore, in Section
2.3 (Thesis 1.3 and 1.4) I analyzed the gain of OPC in terms of system throughput when the network
employs transmit diversity and spatial multiplexing as MIMO transmission schemes combined with
the selection of fixed or adaptive MCS. I have shown that in SU MIMO systems, employing transmit
diversity is always superior in terms of system throughput when the channel unbalance is high
and low total transmission power is available regardless of fairness and power control scheme.
Furthermore, I also showed that the simple equal power allocation achieves ∼90 % of the capacity
of OPC when tight fairness is required and adaptive MCS is applied.
While these theoretical works provide important insights into the maximum achievable gains,
their complexity limits their direct application in system design. Standardization institutes investigate techniques centered around more feasible heuristics including solutions with/without inter-cell
communication. For instance, the 3GPP standardization body examines the gain of intuitively appealing and feasible radio resource management mechanisms that would be directly applicable in,
e.g., LTE and LTE-Advanced systems. Thus, the system must be analyzed in a system model that
captures specific constraints besides power control such as the behavior of other fast radio resource
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management functions including scheduling, fast packet retransmissions by means of HARQ, and
adaptive modulation and code rate selection. Motivated by the aforementioned facts, in Chapter 3
(Thesis 2), I have investigated the gains achievable with realistic inter-cell interference coordination
methods in OFDM based cellular systems. I have shown that the capacity gains of realistic ICIC
techniques depend on whether the introduced Compensation criterion holds and on the statistical
nature of the user traffic.
Tight network coordination in cellular systems has recently been demonstrated to improve the
spectrum efficiency by means of signal processing methods. Coherent multi-site antenna coordination methods requires high capacity backhaul that supports the large amount of data that has
to be exchanged on the time scale of the scheduler. On the other hand, such multi-cell coordination infrastructure also enables tight coordination of radio resource management functions as a
complement or alternative to multi-cell signal processing. Related works indicated the potential of
fast multi-cell RRM techniques in isolation, but do not provide a reliable performance estimate for
real systems that employ scheduling, power control, adaptive modulation and coding, fast packet
retransmission jointly. Furthermore, results obtained with ideal assumptions on channel knowledge and link control algorithm impairments without considering practical limitations may not be
directly applicable for system design. Therefore, I have proposed solutions for tight multi-cell coordination of fast RRM functions in OFDM based cellular system in Chapter 4 (Thesis 3). I have
shown that they provide considerable performance gains without imposing strong requirements on
the backhaul infrastructure to support the coordination.
Since cellular networks provide ubiquitous coverage already today, cellular network assisted
direct (device-to-device) communication of mobiles has been appeared recently as a means of increasing the resource utilization, improving the user throughput and extending the battery lifetime
of user equipments that intend to communicate with each other. In order to realize the gains of
D2D communications, there is a need for proper RRM algorithms to cope with the new interference
situations between the D2D and the cellular layers. Because prior works have not proposed fully
distributed power control algorithm for D2D communications that would minimize the sum power
subject to sum rate constraint and has the advantage to maintain per user fairness, in Chapter 5
(Thesis 4) I have proposed such an algorithm requiring only slow scale fading information. Furthermore, I have also proposed a distributed mode selection algorithm based on single cell knowledge
to dynamically select between cellular and direct communication modes. I have shown that joint
power control and mode selection are key RRM functions in order to manage the new interference
situations and realize the potential gains of D2D communications.
Application of the Results
The results presented in Chapter 2 provide useful insights into the maximal gain that can be
achieved by optimal radio resource allocation both in single- and multi-user MIMO systems employing transmit diversity, as well as, spatial multiplexing. These results give important guidelines
for developments of RRM algorithms (e.g., rank adaptation, power control and mode selection)
used in today’s and future cellular systems.
In Chapter 3, 4 and 5, I have proposed several fast radio resource management algorithms
and solutions to improve the spectral efficiency in modern cellular systems, for instance, in LTE
and LTE-Advanced systems. The algorithms presented in Chapter 3, for coordinating inter-cell
interference, can be directly applied in the LTE and LTE-Advanced systems without requiring
any changes in the standards. These algorithms were direct contributions to the standardization
process of LTE (see, for instance [CO1] and [CO2]) and they are part of LTE base station (eNode
B) product implementations.
The results presented in Chapter 4 are applicable in the LTE-Advanced system, where the fast
information exchange for RRM and signal processing based coordinations among base stations are
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part of the system. The algorithms of Chapter 4 fit very well into the Coordinated Multipoint
Transmission (CoMP) feature of the LTE-Advanced system.
The results of Chapter 5 provide useful guidelines to the key design challenges and performance
aspects of future radio systems where the cellular resources in time and frequency domains are
allowed to be reused for direct device-to-device communications. In 3GPP, the D2D communication
has recently been accepted as a study item in the standardization process of the LTE-Advanced
(Release 12) system [131].

Chapter 7

Appendices
7.A

Augmented Lagrangian Penalty Function

In the available literature a large number of numerical methods are developed to solve constrained
nonlinear (convex or non-convex) problems [132], [76]. Most of them benefit from some type of
normalization, linearization or the idea of penalization. The penalty functions are popular methods
in solving nonlinear optimization problems. The basic idea of the penalty method is to define an
unconstrained problem such that the objective function incorporates constraints multiplied by a
large penalty term.
Several techniques have been developed to define the penalty terms such as the exterior, the
interior or the so-called exact penalty methods [76]. Both the interior and the exterior method
suffer from numerical difficulties in solving the unconstrained problem. One of the main drawbacks
of these methods is that the solution of the unconstrained problem actually never equals to the
exact solution of the original problem, only in the limit [76].
Therefore, to overcome these shortcomings, the method of the so-called exact penalty function
has been developed which formulate the unconstrained problem such that the exact solution of the
original problem is recovered. A method of this type that is generally considered advantageous
within its class is called Augmented Lagrangian Penalty Function (ALPF) [72].
The main idea in this approach is that the unconstrained problem is formulated by adding
the exterior penalty term to the Lagrangian function instead of only to the objective function of
the original problem. The inequality constraints are converted to equality constraints through the
addition of positive slack variables. If the original problem is stated as
Find x to minimize

f (x)

Subject to

hi (x) = 0, i = 1, 2, . . . , p and
gi (x) ≤ 0, i = 1, 2, . . . , m,

then the unconstrained augmented Lagrangian penalty function is defined as follows.

φ(x, u, v, s, µ) = f (x) +
+µ

"

p
X

νi hi (x) +

i=1

p
X
i=1

(hi (x)2 ) +

m
X

m
X

#

i=1

(gi (x + s2i ))2 ,

i=1
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ui (gi (x + s2i ))
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where ui and νi are the Lagrangian multipliers. µ and si represent the penalty parameter and the
slack variable, respectively. We note that the objective function as well as the constraints need to
be differentiable.
It can be proven that if the optimum Lagrange multipliers are known, then the solution of the
unconstrained problem equals to that of the original problem regardless of the value of the penalty
parameter. ALPF proposes an iterative procedure that is needed to reach near optimum values
of the Lagrange multipliers starting from arbitrary points [72]. As is the case for several penalty
methods, ALPF needs the setting of a feasible starting point as well. For further details regarding
the ALPF method, we refer to Chapter 9 of [72].

7.B

Received Signals with Alamouti STBC

A simple and popular transmit diversity scheme for two transmit antennas is the Alamouti spacetime block coding (STBC). Based on the seminal paper by Alamouti [5], in this appendix, we
present a brief description of this scheme widely applied in today’s wireless systems.
Two complex symbols, x1 , and x2 are considered simultaneously. They are transmitted in two
consecutive time slots such that in the first time slot x1 and x2 are transmitted from the first and
second antenna ports, respectively. While in the second time slot, −x∗2 is transmitted from the first
antenna port and x∗1 is transmitted from the second one (see Figure 2.7 for illustration).
The complex channel coefficient from the ith transmit antenna to the j th receive antenna is
denoted by hi,j , and hi,j = (HNr ×Nt )(i,j) , where HNr ×Nt is the channel transfer matrix, and Nr
and Nt denotes the number of receive and transmit antennas, respectively. We note, that Nt = 2
for the Alamouti scheme. Let yjd be the received signal on receive antenna j in the dth time slot.
The complex additive white Gaussian noise on receive antenna j and time slot d is ndj ∈ NC (0, 1).
The total transmit power on all transmit antennas (i.e., the sum transmit power allocated for
complex symbols x1 and x2 in one time slot) is denoted by Pt . Furthermore, tdk is the power loading
coefficient for the kth symbol
= 1, 2) on time slot d. Matrix Td = Diag{td1 , td2 } is the diagonal
PN(k
t
|tdi |2 = Nt . Here we further assume that
power loading matrix and i=1
• the channel remains constant over two time slots

• the channel coefficient hi,j is known at the receiver
• power loading coefficient tdi for the two symbols are the same in both time slots (i.e., tdk = tk
and Td = T)
• there are two receive antennas (i.e., Nr = 2).1
The received signals in the first time slot on the first (y11 ) and second (y21 ) receive antenna ports
are given by
r
Pt
1
y1 =
(h1,1 t1 x1 + h2,1 t2 x2 ) + n11
Nt
r
Pt
1
y2 =
(h1,2 t1 x1 + h2,2 t2 x2 ) + n12 ,
Nt
which can be expressed in matrix form as

 
    
  r
1
y
h
h2,1
t 0
x
n1
 1  = Pt  1,1
· 1
 ·  1 +  1
Nt h1,2 h2,2
y21
0 t2
x2
n12
1

The extension to more than two receive antennas is straightforward.
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The received signals in the second time slot on the first (y12 ) and second (y22 ) receive antenna
ports are then
r
Pt
2
y1 =
(−h1,1 t2 x∗2 + h2,1 t1 x∗1 ) + n21
Nt
r
Pt
2
y2 =
(−h1,2 t2 x∗2 + h2,2 t1 x∗1 ) + n22 ,
Nt
which is equivalent to
y12∗
y22∗

r

Pt
(−h∗1,1 t2 x2 + h∗2,1 t1 x1 ) + n2∗
1
Nt
r
Pt
=
(−h∗1,2 t2 x2 + h∗2,2 t1 x1 ) + n2∗
2 ,
Nt
=

where the both sides of the equations are conjugated. It can also be represented in matrix notations
as follows
  r

 
    
2∗
∗
∗
y
−h
h2,1
t 0
x
n2∗
 1  = Pt  1,1
· 1
 ·  1 +  1 
Nt −h∗
y 2∗
h∗
0 t2
x2
n2∗
2

1,2

2,2

2

Above matrix equations can be combined respect to the time slots as
 


 
1
y11
h1,1 h2,1
    n1 
  r

 
y 1 

 1
Pt 
 2
h1,2 h2,2  t1 0  x1   n2 
·
+ 
 =

·
∗ 
y 2 
n2∗ 
Nt h∗
x2
0 t2
 1
 2,1 −h1,1 
 1 
2
∗
∗
y2
h2,2 −h1,2
n2∗
2
Let us define H as



h1,1

h2,1





h

 1,2 h2,2 
H=

∗ 
h∗
 2,1 −h1,1 
h∗2,2 −h∗1,2

Assuming that the receiver has perfect knowledge of the channel state information, the receiver
can apply HH weighting matrix to the received signals which results in
 
y1
 
 1
y 1 
r
2
 1  = HH 
 =
2

r2
y1 
y22


r
N
r ×Nt 2
||F
0
Pt ||H

=
N
Nt
0
||H r ×Nt ||2F

    
t1 0
x
n′
 ·  1 +  1 ,
·
0 t2
x2
n′2

(7.1)
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where the noise terms can be expressed as
 
n1
 
 1
n1 
n′
2
 1  = HH · 
 
′
n2 
n2
 1
n22

Since the noise terms are independent Gaussian random variables, each has zero mean and a
variance of ||HNr ×Nt ||2F .
Equation (7.1) can be rewritten as
r
Pt
(|h1,1 |2 + |h1,2 |2 + |h2,1 |2 + |h2,2 |2 )t1 x1 + n′1
r1 =
Nt
r
Pt
=
||HNr ×Nt ||2F t1 x1 + n′1
(7.2)
Nt
r

Pt
(|h1,1 |2 + |h1,2 |2 + |h2,1 |2 + |h2,2 |2 )t2 x2 + n′2
Nt
r
Pt
=
||HNr ×Nt ||2F t2 x2 + n′2
Nt

r2 =

(7.3)

We note, that equations (7.2) and (7.3) simply boil down to equation (2.27), where T = INt
(i.e., the transmit power is uniformly distributed over the two transmit antennas) and ndj ∈
NC (0, (σkn )2 ), ∀j, ∀d.

7.C

Derivation of the MMSE Estimation Error Matrix in Chapter
5

By applying the standard theory on linear MMSE computation to the model (see e.g. [75, Chapter
12]), the MMSE error covariance matrix for the k-th receiver is
h
i
Ek = E (b
xk − xk )(b
xk − xk )† =
= α2k,k Gk Hk,k Tk T†k H†k,k G†k − 2αk,k Gk Hk,k Tk +
+ Gk Rzk G†k + Gk Rnk G†k =
= (αk,k Gk Hk,k Tk − I)(αk,k T†k H†k,k G†k − I) + Gk Rvk G†k .
Finally, by replacing the expression of Gk into Ek and using similar techniques as in [133] we obtain
Ek = I − αk,k T†k H†k,k ·

−1
· α2k,k Hk,k Tk T†k H†k,k + Rvk
αk,k Hk,k Tk =
= (I + T†k RHk Tk )−1 ,

where RHk = α2k,k H†k,k R−1
vk Hk,k .
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7.D

Derivation of ∆P in Algorithm 5 of Chapter 5

Derivation of ∆P in Algorithm 2:
(t)
γk

(t)

≈

pk gk,k
J
X

(t−1)

pj

gk,j + σn2

j6=k

J
X

(t)
γk
(t)
pk

(t)
γk ∆

(t−1)
pj
gk,j

+

σn2

j6=k

≈

!

(t)′

≈

pk gk,k
J
X

(t−1)

pj

gk,j + σn2

j6=k

(t)
γk ∆
(t)′

pk

(7.4)

gk,k

≈

J
X

(t−1)
pj
gk,j

j6=k

gk,k

+

σn2

!

(7.5)

The approximated transmission power needed to increase the SINR by ∆ can be calculated
(t)
(t)′
(t)
from (7.4) and (7.5) as ∆Pk = pk − pk .

Bibliography
[1] Ericsson. Traffic and Market Data Report, http://hugin.info/1061/R/1561267/483187.
pdf, November 2011.
[2] Borko Furht and Syed Ahson, editors. Handbook of Long Term Evolution of 3GPP Radio
Technology. CRC Press, Taylor & Francis Group, 2009.
[3] G. J. Foschini and M. J. Gans. On Limits of Wireless Communications in a Fading Environment When Using Multiple Antennas. Wireless Personal Communications, 6(3):311–335,
March 1998.
[4] E. Telatar. Capacity of Multi-Antenna Gaussian Channels.
Telecommunications, 10(6):585–598, November 1999.

European Transactions on

[5] S. M. Alamouti. A Simple Transmit Diversity Technique for Wireless Communications. IEEE
Journal on Selected Areas in Communications, 16(8):1451–1458, 1998.
[6] V. Tarokh, H. Jafarkhani, and A.R. Calderbank. Space-Time Block Codes from Orthogonal
Designs. IEEE Transactions on Information Theory, 45(5):1456 –1467, jul 1999.
[7] V. Tarokh, N. Seshadri, and A.R. Calderbank. Space-Time Codes for High Data Rate Wireless Communication: Performance Criterion and Code Construction. IEEE Transactions on
Information Theory, 44(2):744 –765, mar 1998.
[8] Jr. Heath, R.W. and A. Paulraj. Transmit Diversity Using Decision-Directed Antenna Hopping. In IEEE Communication Theory Mini-Conference, pages 141 –145, jun 1999.
[9] G. J. Foschini. Layered SpaceTime Architecture for Wireless Communication in a Fading
Environment when Using Multiple Antennas. Bell Labs System Technical Journal, 1:41 –59,
Autumn 1996.
[10] A. Paulraj and T. Kailath. Increasing Capacity in Wireless Broadcast Systems Using Distributed Transmission/Directional Reception (DTDR). US Patent Application, 5345599,
September 1994.
[11] S. Catreux, P.F. Driessen, and L. J. Greenstein. Simulation Results for an InterferenceLimited Multiple-Input Multiple-Output Cellular System. IEEE Communications Letters,
4(11):334–336, 2000.
[12] Wan Choi and J. G. Andrews. On Spatial Multiplexing in Cellular MIMO-CDMA Systems
with Linear Receivers. In Proceedings of IEEE International Conference on Communications
ICC 2005, volume 4, pages 2277–2281, May 2005.
[13] R.S. Blum, J.H. Winters, and N.R. Sollenberger. On the Capacity of Cellular Systems with
MIMO. IEEE Communications Letters, 6(6):242–244, 2002.
105

106
[14] H. Dai, A. F. Molisch, and H. V. Poor. Downlink Capacity of Interference-Limited MIMO
Systems with Joint Detection. IEEE Transactions on Wireless Communications, 3(2):442–
453, 2004.
[15] R. Chen, J. G. Andrews, R. W. Heath, and A. Ghosh. Uplink Power Control in Multi-Cell
Spatial Multiplexing Wireless Systems. IEEE Transactions on Wireless Communications,
6(7):2700–2711, 2007.
[16] P. Hande, S. Rangan, M. Chiang, and X. Wu. Distributed Uplink Power Control for Optimal SIR Assignment in Cellular Data Networks. IEEE/ACM Transactions on Networking,
16(6):1420–1433, 2008.
[17] J. Papandriopoulos, S. Dey, and J. Evans. Optimal and Distributed Protocols for CrossLayer Design of Physical and Transport Layers in MANETs. IEEE/ACM Transactions on
Networking (TON), 16(6):1392–1405, 2008.
[18] I. Katzela and M. Naghshineh. Channel Assignment Schemes for Cellular Mobile Telecommunication Systems: A Comprehensive Survey. IEEE Personal Communications, pages 10–31,
June 1996.
[19] G. Liu and H. Li. Downlink Dynamic Resource Allocation for Multi-cell OFDMA System. In
Proceedings of the 58th IEEE Vehicular Technology Conference, volume 3 of VTC 2003-Fall,
pages 1698–1702, October 2003.
[20] G. Fodor. Performance Analysis of a Reuse Partitioning Technique for OFDM Based Evolved
UTRA. In Proceedings of IEEE International Workshop on Quality of Service, pages 112–120,
June 2006.
[21] G. Fodor. On Scheduling and Interference Coordination Policies for Multicell OFDMA Networks. In Proceedings of IFIP Networking Conference, Springer Lectures Notes on Computer
Science, volume 4479, pages 488–499, 2007.
[22] C. Koutsimanis and G. Fodor. A Dynamic Resource Allocation Scheme for Guaranteed Bit
Rate Services in OFDMA Networks. In Proceedings of IEEE International Conference on
Communications, ICC 2008, pages 2524–2530, May 2008.
[23] A. Simonsson. Frequency Reuse and Intercell Interference Coordination in E-UTRA. In
Proceedings of the 66th IEEE Vehicular Technology Conference, pages 3091–3095, October
2007.
[24] I. Koutsopoulos and L. Tassiulas. Cross-Layer Adaptive Techniques for Throughput Enhancement in Wireless OFDM-Based Networks. IEEE/ACM Transactions on Networking,
14(5):1056–1066, October 2006.
[25] T. Thanabalasingham, S. Hanley, L. L. H. Andrew, and J. Papandriopoulos. Joint Allocation
of Subcarriers and Transmit Powers in a Multiuser OFDM Cellular Network. In Proceedings
of IEEE International Conference on Communications, ICC 2006, pages 269–274, June 2006.
[26] A. Abrardo, A. Alessio, P. Detti, and M. Moretti. Centralized Radio Resource Allocation for
OFDMA Cellular Systems. In Proceedings of IEEE International Conference on Communications, ICC 2007, pages 5738–5743, June 2007.
[27] R. Bosisio and U. Spagnolini. Collision Model for the Bit Error Rate Analysis of Multicell Multiantenna OFDMA Systems. In Proceedings of IEEE International Conference on
Communications ICC 2007, pages 5732–5737, 2007.

107
[28] R. Bosisio and U. Spagnolini. Interference Coordination Vs. Interference Randomization in
Multicell 3GPP LTE System. In Proceeding of IEEE Wireless Communications and Networking Conference WCNC 2008, pages 824–829, 2008.
[29] T. Kurt and H. Delic. Space-Frequency Coding Reduces the Collision Rate in FH-OFDMA.
IEEE Transactions on Wireless Communications, 4(5):2045–2050, 2005.
[30] S.-E. Elayoubi, B. Fourestie, and X. Auffret. On the Capacity of OFDMA 802.16 Systems. In
Proceedings of IEEE International Conference on Communications, ICC 2006, pages 1760–
1765, 2006.
[31] M. K. Karakayali, G. J. Foschini, and R. A. Valenzuela. Network Coordination for Spectrally
Efficient Communications in Cellular Systems. IEEE Wireless Communications, 13(4):56–61,
August 2006.
[32] Wan Choi and J. G. Andrews. The Capacity Gain from Base Station Cooperative Scheduling
in a MIMO DPC Cellular System. In Proceedings of IEEE International Symposium on
Information Theory, pages 1224–1228, 2006.
[33] T. Tamaki, K. Seong, and J. M. Cioffi. Downlink MIMO Systems Using Cooperation Among
Base Stations in a Slow Fading Channel. In Proceedings of IEEE International Conference
on Communications ICC 2007, pages 4728–4733, June 2007.
[34] D. Samardzija, H. Huang, R. A. Valenzuela, and T. Sizer. An Experimantal Downlink Multiuser MIMO System with Distributed and Coherently-Coordinated Transmit Antennas. In
Proceedings of IEEE International Conference on Communications ICC 2007, pages 5365–
5370, 2007.
[35] P. Komulainen, M. Boldi, et al. Initial Report on Advanced Multiple Antenna Systems. In
P. Komulainen and M. Boldi, editors, Deliverable of the Wireless World Initiative New Radio
- WINNER+, V1.0, January 2009.
[36] S. Venkatesan. Coordinating Base Stations for Greater Uplink Spectral Efficiency in a Cellular
Network. In Proceedings of the 18th IEEE International Symposium on Personal, Indoor and
Mobile Radio Communications PIMRC 2007, pages 1–5, 2007.
[37] S. Venkatesan. Coordinating Base Stations for Greater Uplink Spectral Efficiency: Proportionally Fair User Rates. In Proceedings of the 18th IEEE International Symposium on
Personal, Indoor and Mobile Radio Communications PIMRC 2007, pages 1–5, 2007.
[38] D. Gesbert, S.G. Kiani, A. Gjendemsjo, and G.E. Oien. Adaptation, Coordination, and
Distributed Resource Allocation in Interference-Limited Wireless Networks. Proceedings of
the IEEE, 95(12):2393–2409, 2007.
[39] R. D. Yates. A Framework for Uplink Power Control in Cellular Radio Systems. IEEE
Journal on Selected Areas in Communications, 13(7):1341–1347, September 1995.
[40] T. Peng, Q. Lu, H. Wang, S. Xu, and W. Wang. Interference Avoidance Mechanisms in the
Hybrid Cellular and Device-to-Device Systems. In IEEE 20th International Symposium on
Personal, Indoor and Mobile Radio Communications, pages 617–621, 2009.
[41] C.H. Yu, O. Tirkkonen, K. Doppler, and C. Ribeiro. On the Performance of Device-to-Device
Underlay Communication with Simple Power Control. In IEEE 69th Vehicular Technology
Conference VTC Spring, pages 1–5, 2009.

108
[42] C.H. Yu, O. Tirkkonen, K. Doppler, and C. Ribeiro. Power Optimization of Device-to-Device
Communication Underlaying Cellular Communication. In IEEE International Conference on
Communications ICC’09, pages 1–5, 2009.
[43] P. Janis, V. Koivunen, C.B. Ribeiro, K. Doppler, and K. Hugl. Interference-Avoiding MIMO
Schemes for Device-to-Device Radio Underlaying Cellular Networks. In IEEE 20th International Symposium on Personal, Indoor and Mobile Radio Communications, pages 2385–2389,
2009.
[44] K. Doppler, C.H. Yu, C.B. Ribeiro, and P. Janis. Mode Selection for Device-to-Device Communication Underlaying an LTE-Advanced Network. In IEEE Wireless Communications and
Networking Conference (WCNC), pages 1–6, 2010.
[45] K. Doppler and M. Xiao. Innovative Concepts in Peer-to-Peer and Network Coding. In
WINNER+/CELTIC Deliverable CELTIC/CP5-026 D1.3, 2008.
[46] J. Zander. Performance of Optimum Transmitter Power Control in Cellular Radio Systems.
IEEE Transactions on Vehicular Technology, 41(1):57–62, February 1992.
[47] N. Bambos, S. C. Chen, and G. J. Pottie. Channel Access Algorithms with Active Link Protection for Wireless Communication Networks with Power Control. IEEE/ACM Transactions
on Networking, 8(5):583–597, October 2000.
[48] G. J. Foschini and Z. Miljanic. A Simple Distributed Autonomous Power Control Algorithm
and its Convergence. IEEE Transactions on Vehicular Technology, 42(6):641–646, November
1993.
[49] K. K. Leung, C. W. Sung, W. S. Wong, and T. M. Lok. Convergence Theorem for a General
Class of Power Control Algorithms. IEEE Transactions on Communications, 52(9):1566–
1574, September 2004.
[50] C. W. Sung and W. S. Wong. A Distributed Fixed-Step Power Control Algorithm with Quantization and Active Link Quality Protection. IEEE Transactions on Vehicular Technology,
48(2):553–562, March 1999.
[51] D. Goodman and N. Mandayam. Power Control for Wireless Data. IEEE Personal Communications, 7(2):48–54, April 2000.
[52] C. U. Saraydar, N. B. Mandayam, and D. J. Goodman. Efficient Power Control via Pricing in
Wireless Data Networks. IEEE Transactions on Communications, 50(2):291–303, February
2002.
[53] T. Alpcan, T. Basar, R. Srikant, and E. Altman. CDMA Uplink Power Control as a Noncooperative Game. In Proceedings of the 40th IEEE Conference on Decision and Control,
volume 1, pages 197–202, 2001.
[54] A. J. Goldsmith and P. P. Varaiya. Capacity of Fading Channels with Channel Side Information. IEEE Transactions on Information Theory, 43(6):1986–1992, November 1997.
[55] R. Knopp and P. A. Humblet. Information Capacity and Power Control in Single-Cell Multiuser communications. In Proceedings of IEEE International Conference on Communications
ICC 1995, volume 1, pages 331–335, June 1995.
[56] K. K. Leung and C. W. Sung. An Opportunistic Power Control Algorithm for Cellular
Network. IEEE/ACM Transactions on Networking, 14(3):470–478, June 2006.

109
[57] G. Fodor, M. Johansson, and P. Soldati. Near Optimum Power Control and Precoding under
Fairness Constraints in Network MIMO Systems. International Journal of Digital Multimedia
Broadcasting, 2010.
[58] Q. H. Spencer, A. L. Swindlehurst, and M. Haardt. Zero-Forcing Methods for Downlink Spatial Multiplexing in Multi-User MIMO Channels. IEEE Transactions on Signal Processing,
52(2):461–471, February 2004.
[59] W. Yu and T. Lan. Transmitter Optimization for the Multi-Antenna Downlink With PerAntenna Power Constraints. IEEE Transactions on Signal Processing, 55(6):2646–2660, 2007.
[60] S. Vishwanath, N. Jindal, and A. Goldsmith. Duality, Achievable Rates, and Sum-Rate
Capacity of Gaussian MIMO Broadcast Channels. IEEE Transactions on Information Theory,
49(10):2658 – 2668, October 2003.
[61] N. Jindal, S. Vishwanath, and A. Goldsmith. On the Duality of Gaussian Multiple-Access
and Broadcast Channels. IEEE Transactions on Information Theory, 50(5):768 – 783, May
2004.
[62] M. Costa. Writing on Dirty Paper. IEEE Transactions on Information Theory, 29(3):439–441,
May 1983.
[63] H. Weingarten, Y. Steinberg, and S. Shamai. The Capacity Region of the Gaussian MultipleInput Multiple-Output Broadcast Channel. IEEE Transactions on Information Theory,
52(9):3936 –3964, September 2006.
[64] T. Yoo and A. Goldsmith. On the Optimality of Multiantenna Broadcast Scheduling Using
Zero-Forcing Beamforming. IEEE Journal on Selected Areas in Communications, 24(3):528–
541, 2006.
[65] G. Caire and S. Shamai. On the Achievable Throughput of a Multiantenna Gaussian Broadcast Channel. IEEE Transactions on Information Theory, 49(7):1691 – 1706, July 2003.
[66] H. Viswanathan, S. Venkatesan, and H. Huang. Downlink Capacity Evaluation of Cellular
Networks with Known-Interference Cancellation. IEEE Journal on Selected Areas in Communications, 21(5):802 – 811, June 2003.
[67] Bertrand Hochwald and Sriram Vishwanath. Space-Time Multiple Access: Linear Growth in
the Sum Rate. In in Proc. 40th Annual Allerton Conference on Communications, Control
and Computing, October 2002.
[68] Z. Shen, R. Chen, J. G. Andrews, R. W. Heath, and B.L. Evans. Sum Capacity of Multiuser
MIMO Broadcast Channels with Block Diagonalization. IEEE Transactions on Wireless
Communications, 6(6):2040–2045, 2007.
[69] Seijoon Shim, J. S. Kwak, R. W. Heath, and J. G. Andrews. Block Diagonalization for MultiUser MIMO with Other-Cell Interference. IEEE Transactions on Wireless Communications,
7(7):2671–2681, 2008.
[70] J. Zhang, R. Chen, J. G. Andrews, A. Ghosh, and R. W. Heath. Networked MIMO with
Clustered Linear Precoding. IEEE Transactions on Wireless Communications, 8(4):1910–
1921, 2009.
[71] A.D. Dabbagh and D. J. Love. Feedback Rate-Capacity Loss Tradeoff for Limited Feedback
MIMO Systems. IEEE Transactions on Information Theory, 52(5):2190–2202, May 2006.

110
[72] M. A. Bhatti. Practical Optimization Methods: With Mathematica Applications. Springer,
2000.
[73] J. S. Kwak, H. Kang, Y. Li, and G. L. Stuber. Effects of Spatial Correlation on MIMO
Adaptive Antenna System With Optimum Combining. IEEE Transactions on Wireless Communications, 6(5):1722–1731, May 2007.
[74] R. Chen, R. W. Heath, and J. G. Andrews. Transmit Selection Diversity for Unitary Precoded
Multiuser Spatial Multiplexing Systems With Linear Receivers. IEEE Transactions on Signal
Processing, 55(3):1159–1171, 2007.
[75] S. M. Kay. Fundamentals of Statistical Signal Processing: Estimation Theory. Englewood
Cliffs, NJ: Prentice-Hall, 1993.
[76] M. S. Bazaraa, H. D. Sherali, and C. M. Shetty. Nonlinear Programming: Theory and
Algorithms. John Wiley & Sons, 2006.
[77] S. Ye and R. S. Blum. Some Properties of the Capacity of MIMO Systems with Co-Channel
Interference. In Proceedings of IEEE Acoustics, Speech and Signal Processing, volume 3, pages
1153–1156, March 2005.
[78] L. Zheng and D. N. C. Tse. Diversity and Multiplexing: a Fundamental Tradeoff in MultipleAntenna Channels. IEEE Transactions on Information Theory, 49(5):1073–1096, May 2003.
[79] A. W. C. Lim and V. K. N. Lau. On the Fundamental Tradeoff of Spatial Diversity and Spatial
Multiplexing of MIMO Links with Imperfect CSIT. In Proceedings of IEEE International
Symposium on Information Theory, pages 2704–2708, 2006.
[80] R. W. Chang. Synthesis of Band-Limited Orthogonal Signals for Multi-Channel Data Transmission. Bell System Technical Journal, 46:1775–1796, 1966.
[81] R. W. Chang. Orthogonal Frequency Multiplex Data Transmission System. US Patent
Application, US 3488445 A, 1970.
[82] S. Weinstein and P. Ebert. Data Transmission by Frequency-Division Multiplexing Using the
Discrete Fourier Transform. IEEE Transactions on Communication Technology, 19(5):628–
634, 1971.
[83] I. Stupia, F. Giannetti, V. Lottici, and L. Vandendorpe. A Novel Link Performance Prediction
Method for Coded MIMO-OFDM Systems. In Proceedings of IEEE Wireless Communications
and Networking Conference WCNC 2009, pages 1–5, 2009.
[84] S. Simoens, S. Rouquette-Leveil, P. Sartori, Y. Blankenship, and B. Classom. Error Prediction
for Adaptive Modulation and Coding in Multiple-Antenna OFDM Systems. Elsevier Signal
Processing, 86(6):1911–1919, 2006.
[85] J. Proakis. Digital Communications. McGraw-Hill Press, 4th edition, 2000.
[86] K. Brueninghaus, D. Astely, T. Salzer, S. Visuri, A. Alexiou, S. Karger, and G.-A. Seraji.
Link Performance Models for System Level Simulations of Broadband Radio Access Systems.
In Proceedings of the 16th IEEE International Symposium on Personal, Indoor and Mobile
Radio Communications PIMRC 2005, volume 4, pages 2306–2311, 2005.
[87] L. Wan, S. Tsai, and M. Almgren. A Fading-Insensitive Performance Metric for a Unified Link
Quality Model. In Proceedings of IEEE Wireless Communications and Networking Conference
WCNC 2006, volume 4, pages 2110–2114, 2006.

111
[88] R. K. Jain, D.-M. W. Chiu, and W. R. Hawe. A Quantitative Measure of Fairness and
Discrimination for Resource Allocation and Shared Computer System. Technical report,
Technical Report DEC-TR-301, Digital Equipment Corporation, 1984.
[89] Stefan Parkvall, Johan Skold, Erik Dahlman, and Per Beming. 3G Evolution, HSPA and
LTE for Mobile Broadband. Academic Press, 2nd edition, 2007.
[90] 3GPP TS 36.322. E-UTRA Radio Link Control (RLC) Protocol Specification.
[91] 3GPP TS 36.321. E-UTRA Medium Access Control (MAC) Protocol Specification.
[92] 3GPP TS 36.323. E-UTRA Packet Data Convergence Protocol (PDCP) Specification.
[93] 3GPP TS 36.331. E-UTRA Radio Resource Control (RRC) Protocol Specification.
[94] S.G. Kiani and D. Gesbert. Maximizing the Capacity of Large Wireless Networks: Optimal
and Distributed Solutions. In IEEE International Symposium on Information Theory, pages
2501–2505, July 2006.
[95] Jeong woo Cho, Jeonghoon Mo, and Song Chong. Joint Network-Wide Opportunistic Scheduling and Power Control in Multi-Cell Networks. IEEE Transactions on Wireless Communications, 8(3):1520–1531, March 2009.
[96] Neung-Hyung Lee and Saewoong Bahk. Dynamic Channel Allocation Using the Interference
Range in Multi-Cell Downlink Systems. In IEEE Wireless Communications and Networking
Conference, WCNC 2007, pages 1716–1721, March 2007.
[97] S.G. Kiani, G.E. Oien, and D. Gesbert. Maximizing Multicell Capacity Using Distributed
Power Allocation and Scheduling. In IEEE Wireless Communications and Networking Conference, WCNC 2007, pages 1690–1694, March 2007.
[98] A. Pokhariyal, G. Monghal, K.I. Pedersen, P.E. Mogensen, I.Z. Kovacs, C. Rosa, and T.E.
Kolding. Frequency Domain Packet Scheduling Under Fractional Load for the UTRAN LTE
Downlink. In IEEE 65th Vehicular Technology Conference, VTC 2007 Spring, pages 699–703,
April 2007.
[99] IST-4-027756 WINNER II D4.7.2.
ist-winner.org/.

Interference Avoidance Concepts, https://www.

[100] 3GPP TS 36.300. Evolved UTRA and UTRAN: Overall Description.
[101] 3GPP TS 36.211. Evolved UTRA: Physical Channels and Modulation.
[102] 3GPP TS 25.943. Deployment Aspects, V7.0.0, June 2007.
[103] C. Hoymann, L. Falconetti, and R. Gupta. Distributed Uplink Signal Processing of Cooperating Base Stations Based on IQ Sample Exchange. In IEEE International Conference on
Communications, 2009. ICC ’09., pages 1 –5, June 2009.
[104] B. Kaufman and B. Aazhang. Cellular Networks with an Overlaid Device to Device Network.
In Proceedings of the 42nd IEEE Asilomar Conference on Signals, Systems and Computers,
pages 1537–1541, 2008.
[105] P. Janis, C.-H. Yu, K. Doppler, C. Riberio, C. Wijting, K. Hugl, O. Tirkkonen, and V. Koivonen. Device-to-Device Communication Underlaying Cellular Communications Systems. Int.
Journal Communications, Network and System Sciences (SciRes), 3:169–178, March 2009.

112
[106] K. Doppler, M. Rinne, C. Wijting, C. B. Riberio, and K. Hugl. Device-to-device communication as an underlay to LTE-advanced networks. IEEE Communications Magazine,
7(12):42–49, 2009.
[107] H. Min, W. Seo, J. Lee, S. Park, and D. Hong. Reliability Improvement Using Receive
Mode Selection in the Device-to-Device Uplink Period Underlaying Cellular Networks. IEEE
Transactions on Wireless Communications, 10(2):413–418, February 2011.
[108] F. H. Fitzek, M. Katz, and Q. Zhang. Cellular Controlled Short-Range Communication for
Cooperative P2P Networking. In Wireless World Research Forum. WWRF, November 2006.
[109] M.S. Corson, R. Laroia, J. Li, V. Park, T. Richardson, and G. Tsirtsis. Toward ProximityAware Internetworking. IEEE Wireless Comm., 17(6):26–33, 2010.
[110] J. Seppala, T. Koskela, T. Chen, and S. Hakola. Network Controlled Device-to-Device (D2D)
and Cluster Multicast Concept for LTE and LTE-A Networks. In IEEE Wireless Communications and Networking Conference (WCNC). IEEE, 2011.
[111] Y.-D. Lin and Y.-C. Hsu. Multihop cellular: A new architecture for wireless communications.
In IEEE INFOCOM, Vol. 3. IEEE, March 2000.
[112] H. Wu, C. Qiao, S. De, and O. Tonguz. Integrated cellular and ad hoc relaying systems: icar.
IEEE Journal on Selectect Areas in Communications, 19(10), October 2001.
[113] K. Doppler, C. Wijting, and R. Cassio. Methods, apparatuses and computer program products for providing coordination of device-to-device communications. In US Patent Application,
WO 2009/138820 A1, 2009.
[114] K. Doppler, T. Koskela, and C. Riberio. Enabling device-to-device communications in cellular
networks. In US Patent Application, WO 2010/082114 A1, 2010.
[115] T. Koskela, S. Hakola, T. Chen, and J. Lehtomak. Clustering Concept Using Device-to-Device
communication in Cellular System. In IEEE Wireless Communications and Networking Conference (WCNC). IEEE, 2010.
[116] S. Hakola, T. Chen, J. Lehtomaki, and T. Koskela. Device-to-Device (D2D) Communication
in Cellular Network – Performance Analysis of Optimum and Practical Communication Mode
Selection. In IEEE Wireless Communications and Networking Conference (WCNC). IEEE,
2010.
[117] C.-H. Yu, K. Doppler, C. B. Riberio, and O. Tirkkonen. Resource Sharing Optimization
for Device-to-Device Communication Underlaying Cellular Networks. IEEE Transactions on
Wireless Communications, 10(8):2752–2763, August 2011.
[118] C.-H. Yu, K. Doppler, C. Riberio, and O. Tirkkonen. Performance Impact of Fading Interference to Device-to-Device Communication Underlaying Cellular Networks. In IEEE Personal
Indoor and Mobile Radio Communications Symposium (PIMRC). IEEE, September 2009.
[119] X. Xiao, X. Tao, and J. Lu. A QoS-Aware Power Optimization Scheme in OFDMA Systems
with Integrated Device-to-Device (D2D) Communications. In IEEE Vehicular Technology
Conference (VTC) Fall. IEEE, 2011.
[120] B. Wang, L. Chen, X. Chen, X. Zhang, and D. Yang. Resource Allocation Optimization
for Device-to-Device Communication Underlaying Cellular Networks. In IEEE Vehicular
Technology Conference (VTC) Spring. IEEE, 2011.

113
[121] H. Min, J. Lee, S. Park, and D. Hong. Capacity Enhancement Using an Interference Limited
Area for Device-to-Device Uplink Underlaying Cellular Networks. IEEE Transactions on
Wireless Communications, 10(12):3995–4000, December 2011.
[122] S. Xu, H. Wang, T. Chen, Q. Huang, and T. Peng. Effective Interference Cancellation Scheme
for Device-to-Device Communication Underlaying Cellular Networks. In IEEE Vehicular
Technology Conference Fall. IEEE, 2010.
[123] T. Chen, G. Charbit, and S. Hakola. Time Hopping for Device-to-Device Communication
in LTE Cellular System. In IEEE Wireless Communications and Networking Conference
(WCNC). IEEE, 2010.
[124] M. Belleschi, G. Fodor, and A. Abrardo. Performance Analysis of a Distributed Resource
Allocation Scheme for D2D Communications. In IEEE Workshop on Machine-to-Machine
Communications. IEEE, 2011.
[125] G. Fodor, E. Dahlman, S. Parkvall, G. Mildh, N. Reider, G. Miklos, and Z. Turanyi. Design
Aspects of Cellular Network Assisted Device-to-Device Communications. IEEE Communication Magazine, 50(3), 2012.
[126] K. Doppler. Apparatus and Method for Mode Selection for D2D Communications. US Patent
Application, 2010/0261469 A1, 2010.
[127] P. Janis, V. Koivunen, C. Ribeiro, J. Korhonen, K. Doppler, and K. Hugl. InterferenceAware Resource Allocation for Device-to-Device Radio Underlaying Cellular Networks. In
IEEE Vehicular Technology Conference (VTC) Spring. IEEE, April 2009.
[128] M. Zulhasnine, C. Huang, and A. Srinivasan. Efficient Resource Allocation for Device-toDevice Communication Underlaying LTE Network. In 6th IEEE International Conference on
Wireless and Mobile Computing, Networking and Communications. IEEE, 2010.
[129] H. S. Chae, J. Gu, B.-G. Choi, and M. Y. Chung. Radio Resource Allocation Scheme for
Device-to-Device Communication in Cellular Networks Using Fractional Frequency Reuse.
In 17th Asia-Pacific Conference on Communications (APCC). IEEE, October 2011.
[130] G. Fodor and N. Reider. A Distributed Power Control and Mode Selection Scheme for Deviceto-Device Communications. In IEEE Globecom. IEEE, December 2011.
[131] 3GPP TSG SA WG1. Study on Proximity Based Services (Study item), http://www.3gpp.
org/ftp/tsg_sa/TSG_SA/TSGS_53/docs/SP-110638.zip.
[132] S. Boyd and L. Vandenberghe. Convex Optimization. Cambridge University Press, 2004.
[133] D. P. Palomar. Convex Primal Decomposition for Multicarrier Linear MIMO Transceivers.
IEEE Transactions on Signal Processing, 53(12):4661–4674, 2005.

Publications
Journal Papers
[J1] N. Reider and G. Fodor. A Distributed Power Control and Mode Selection Algorithm for
D2D Communications. to appear in EURASIP Journal on Wireless Communications and
Networking, 2012. http://hsnlab.tmit.bme.hu/~reider/D2D.pdf
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[J5] A. Rácz, N. Reider and A. Temesváry. A call forwarding procedure in 3GPP LTE next
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