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Abstract

Forthcoming broadband wireless systems are to provide a multitude of services,
offering large amounts of data to be delivered within short periods of time. As
the demand for wireless data is expected to increase, sustained by data com-
munication networks and the Internet, strategies for managing the scarce radio
resources become necessary. Emerging wireless services will require different
quality of service (QoS), e.g., data rate, delay etc., making the objective of radio
resource management extensive. Due to the necessity of sharing the radio re-
sources, mutual interference among the users may limit system capacity. Trans-
mitter power control based on signal-to-interference ratio (SIR), has shown to
be an essential method for successfully balancing signal and interference powers
and minimizing any unnecessary interference.

In this work, transmission schemes based on power control, applicable for pro-
viding different QoS are developed. Rate of convergence and energy conservation
constitute important properties of the schemes, reflecting their ability to rapidly
find energy-efficient solutions. For that purpose, we first suggest a general iter-
ative SIR based power control algorithm which can handle congested situations
by removing radio links during power control updates. This algorithm is then
extended with a greedy admission control procedure for a multi-rate CDMA
system where the transmission rates are limited to a number of discrete levels.
The scheme is used for maximizing throughput for a best effort type of service
and this thesis includes its convergence properties and shows possible gains in
throughput and energy saving.

For supporting non-real time data services, where an average data rate is
required, the possibility of joint power control and transmission scheduling is
investigated for the CDMA downlink. A distributed power control algorithm
which induces time division to avoid intra-cell interference is suggested. This
thesis shows that the algorithm exhibits a fast rate of convergence and that a
capacity gain as compared to pure CDMA transmission can be obtained.

Finally, in a system where short data packets may arrive irregularly, SIR
based power control is difficult to execute. Therefore, power control based on
path gain is investigated as a means of increasing system throughput. This thesis
shows a tradeoff between throughput, energy consumption and requirements on
transmitter power dynamic range.

iii



iv Abstract



Preface

This thesis consists of work that has been conducted during the first two and a
half years of my doctoral studies at the Royal Institute of Technology. The work
covers power control based transmission schemes for wireless cellular systems.

The work presented herein is composed as a monograph based on published and
submitted papers.
Chapter 4 is based on a paper [21] written with Riku Jäntti and Seong-Lyun
Kim.
Chapter 5 is based on a paper [22] written with Seong-Lyun Kim.
Chapter 6 is based on papers [20, 23] written with Seong-Lyun Kim, Riku Jäntti
and Jens Zander.
Chapter 7 is based on a paper [19] written with Jens Zander.
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Chapter 1

Introduction

Recent years tremendous success and sky-rocketing growth of wireless personal
communications have necessitated careful management of the radio resources.
Mainly due to the scarcity in available spectrum, some form of sharing of the
resources must be considered. As the demand for wireless speech- and wireless
data services is likely to grow, developing transmission schemes that utilize the
radio resources efficiently is of major importance. In practice, all sharing meth-
ods introduce some form of interference, impairing the ability to communicate.
A key technique to combat and reduce unnecessary interference is transmitter
power control. By adjusting the transmit powers, a better balance between
the desired signal and the interference can be achieved at the receiver. As a
consequence, the capacity of the system may increase so that more users can
be accommodated and more data be transmitted while reducing the energy con-
sumption of the transmitter. As wireless data requires different quality of service
(QoS) as compared to pure speech services, a larger freedom in allocating the
system resources arises. Nevertheless, the problem of supporting the respective
QoS becomes complex.

In this thesis, we put focus on interference management for cellular systems
and develop schemes for providing wireless data delivery using distributed power
control as a building block. To further exploit the sharing possibilities, the power
control functions are combined with schemes for transmission rate allocation and
transmission scheduling, in order to provision the different QoS in a suitable way.

The following of this chapter briefly recaptures radio resource management,
the concepts of cellular radio systems and highlights the most relevant previous
work. The scope and contributions of this thesis are listed at the end of the
chapter.
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2 Chapter 1. Introduction

1.1 Wireless Data

To capture the attention of users satisfied with current speech services, more
attractive options or improved services have to be marketed and supported in
future wireless systems. Multimedia, i.e., simultaneous transmission of several
types of information (e.g., voice, data and video) is such a direction that has
given an impetus to wireless in general. Typically a user could be interested in
making a video or speech call, which requires that the time relation between the
information entities of the data stream must be preserved, or non-real time data
services such as file retrieval and email delivery, where the user receives band-
width when available, i.e., in a best effort fashion. Music and images, which
can be characterized as some form of retrieval-type of service, have rather differ-
ent requirements as compared to the conversational-type, like video-telephony,
which has interaction between several end users. For such a service where the
delay requirement is looser, longer delays allows for longer interleaving, more re-
transmissions and therefore lower signal-to-interference ratio (SIR) that in turn
could increase capacity. Since these different type of services will generate traffic
with varying data rate, the network control must consider and take advantage
of the traffic properties for maximum spectral efficiency.

A recent example is the universal mobile telecommunications system (UMTS)
standard, where a layered architecture for QoS support is outlined. The QoS
support structure relies on layered bearer services which are involved to compose
the end-to-end bearer service. To each bearer service, QoS attributes are defined.
These attributes serve to map the end-to-end QoS requirements to appropriate
requirements for each bearer service. The attributes typically describe require-
ments on bit rates, delays and priorities. To classify the services, the traffic is
divided into the classes conversational real time, streaming real time, interactive
best effort and background best effort [31]. Problems in multi-rate schemes are
both related to the bearer mapping, i.e., how to choose rates and schedule the
transmission for obtaining the QoS and more physical layer type of issues such
as; how to map the bit rates into the given bandwidth and how to inform the
receiver about the characteristics of the signal.

Fueled by the growth of Internet use, applications for higher data rates and
advanced multimedia services are demanded. Thus the network should provide
different transmission rates and/or QoS requirements, sharing the capacity in
the most proper way [2]. In contrast to speech services where the QoS metrics
usually considered are call dropping rate and blocking probability, other measures
are more valid for multimedia services. Throughput, delay and service outage
probability are typical such measures commonly used in that respect. Clearly,
they may reflect the “speed” of the bits and therefore are naturally coupled to
the perceived quality. However, in this thesis we will additionally consider the
transmission power as part of the QoS metric. For example, portable devices
rely upon a limited source of energy, the battery. Thus, the network control
must consider judicious management of the energy resources, while taking into
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account the QoS requirements and the ever changing wireless environment. In
the future, energy consumption issues will become even more evident to the
regular mobile terminal user as he or she can transmit larger amount of data
more rapidly, experiencing faster battery drain. For such data service users, it is
likely that they will literally perceive the battery as a black box “containing” a
limited amount of bits rather than seeing it as an energy source having a certain
operational time. Albeit the research in more efficient batteries and low-power
electronics will result in products that can cope with such a situation, a relevant
criteria for the network control is to successfully deliver the data bits with as
little energy as possible. Thus, clever resource allocation will help to “put” more
bits into the battery and make the system energy-efficient.

Energy-efficient wireless communications is a topic that appears more and
more in the research literature of today. The research focus is wide and typically
spans from; how to design protocols that minimize energy consumption but also
can drain the maximum energy out of the battery; to efficient signal processing
implementation. Issues that are of concern in the lower layers include dynamic
power management, modulation- and error control schemes and operation/sleep
mode transitions of the receiver. In the higher layers, an objective is to schedule
the data flow in order to minimize the time the radio needs to be powered. Also
there is a tradeoff and close relation between throughput and energy consump-
tion for the error recovery scheme in the transport protocols. That includes
questions whether it would be beneficial with many low power retransmissions
or fewer with higher power. Not only should energy conservation be considered
at each single layer but also jointly for the whole system. In this thesis the
aspect of energy efficiency will be limited to the transmitter power control part.
Interestingly it has been argued that a key issue and fundamental barrier for the
success of wireless data is low data rate, high energy consumption and high cost
per transmitted bit [107].

1.2 Radio Resource Management

As was already mentioned, when having different QoS requirements, controlling
the radio resources may not be as straightforward. However, we can identify
resource management tools that can be the basic foundation. Typical such tools
previously suggested and successfully used for single-rate systems are admission-
, congestion- and power control. Therefore, they will naturally be connected to
the case of multi-rate systems too. Furthermore, for wireless data, by exploiting
the delay tolerance of certain services, the area of transmission scheduling be-
comes a possible interference management method to be incorporated. It should
be pointed out here, that there exist other components which would improve
the energy efficiency such as diversity schemes, multi-user detection and smart
antennas but those are excluded in this work as we try to limit this work to the
radio resource management view.
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1.2.1 Transmitter Power Control

One controllable radio resource highly related to the network capacity is the
transmitter power. For example, delay sensitive users with stringent bit error
rate (BER) requirements can be accommodated by increasing their transmit
powers so as to increase their SIR resulting in a lower bit error rate. However,
this causes an increase in the interference seen by the other users, in turn in-
creasing their bit error rates. Consider for example a DS-CDMA system, which
is known to be interference limited [100]. The system resource in terms of gen-
erated interference spectral density level to others, is generally proportional to
the data rate and received power level. Consequently, a larger received, and
thus transmitted power, implies that the mobile occupies a larger portion of the
system resources. With this in mind, we will in this work try to increase the
understanding of efficient resource allocations by the use of transmitter power
control as a common ingredient. Power control is an active area of research and
much work has been performed already for the so called fixed rate system. How-
ever, as variable transmission rates are introduced in the network, the dimension
of rate allocation is added to the power control.

In a real system, the effective transmission rate is closely coupled to the
SIR and power control has shown to be an efficient instrument for controlling
the SIRs. Hence, it becomes intriguing and natural to investigate joint power
and rate control schemes. The problem formulation for the classical fixed rate
power control problem is usually considered to be; to find the minimum power
assignment that supports as many users as fast as possible. Due to the different
services in next generation personal communication systems (PCSs) mentioned
before, finding a general power control problem definition is not as straightfor-
ward and perhaps not that meaningful in the multi-rate system. Certain users
may perhaps accept a varying data rate as long as the average rate is satisfactory.
Other users may primarily be interested in delivering their data with minimum
energy while sacrificing throughput and allowing large delays. Caused by the
different purposes and performance measures, developing a generic power control
algorithm seems to be cumbersome. The areas of fixed- and variable-rate power
control are not disjoint. If we specify some quality requirements dependent on,
e.g., the SIR, we can perform SIR based power control with those. When certain
quantities like the SIR-targets, link gains, noise etc., are known or can some-
how be estimated, we will see that the fixed rate power control problem can be
written as a linear programming problem. For a given instant, it can be shown
that there exists a unique optimal solution, in terms of finding the componen-
twise smallest power vector, to which convergence can occur. A vast number
of distributed and centralized algorithms have been developed for solving that
problem; consequently we may revisit them, or rather the principles upon which
they rely, when the transmission rates have been assigned. Thus at this stage,
we envisage that the problem of assigning transmitter powers for multi-rate sys-
tems is as much a transmission rate assignment problem, since when the rates
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R

SIR

Figure 1.1: An example illustrating a continuous linear and discrete transmission
rate and SIR relation.

are assigned it is clear what power control problem to solve.

1.2.2 Transmission Rate Control

In order to assign the data rates, one possibility is to relate them to SIR-targets.
We may then for example assume access to infinitely many SIR-targets, resulting
in a continuous relation between rate and SIR. If instead the number is limited, it
becomes a discrete relation. In Figure 1.1, an example of one linear continuous
and one discrete relation between the feasible data rate and SIR is depicted.
The immediate interpretation of the assumption of a relation between rate and
SIR-target, is a guaranteed maximum bit error probability. If the connection is
established at a certain SIR, say the predetermined target, it is often assumed
that there exists a one-to-one relation to a corresponding bit error probability.
Thus by choosing the proper SIR-targets, the data rate can be offered with
a pre-specified bit error probability. In particular for a DS-CDMA system, a
high SIR-target compensates for the low processing gain when using a high data
rate. To design algorithms that assign the proper SIR-targets to the users is
a key issue. Of practical interest in a wireless system are algorithms of fully
distributed or semi-distributed form; relying on limited information, e.g., the
link gains within the cell.

1.2.3 Admission Control

The purpose of admission control is to preserve the quality of ongoing connec-
tions while admitting new ones. The data rate assignment may be viewed upon
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as a more general form of connection admission, where each link now has sev-
eral SIR-targets to choose from. A very common type of problem definition for
multi-rate systems is system throughput maximization. An approach for that
problem is to admit as much data rate into the system as possible while meeting
constraints of quality, data rate, maximum power etc. To use admission control
for such a purpose, it is necessary to find constraints such that an admitted rate
combination is feasible within the dynamic power range. For analyzing CDMA
systems, an often used and reasonable simplification is to focus on a single cell
only, while approximating interference coming from outside the cell to be con-
stant. The single cell approach gives that closed form admission constraints can
often be found rather straightforwardly, which will be dealt with in Chapter
5. Several issues arise here though, since there must somehow be a decision of
which user should be admitted to transmit and at what data rate.

1.2.4 Congestion Control

When a system is highly congested, there might occur situations where a sub-
group of users cannot be supported with their required data rate. Most power
control algorithm would react to such a situation by increasing the powers. The
result will be very high interference and lower system performance. The notion
of “power warfare” has been used to characterize that phenomenon [43]. One
cure for such an infeasible situation is to remove connections, or in a multi-rate
system decrease the data rate, of certain links. How to deal with such issues will
be very important in a multi-rate system. As for admission control, congestion
control can be used for throughput maximization by filling up the system with
data rate and remove until feasibility occurs. Yet from whom data rate is to
be removed is an open problem. One important issue in congestion control is
also to detect infeasible situations as fast as possible so that actions can quickly
be taken. Having only limited channel information of the users in the network
makes the problem difficult though.

1.2.5 Transmission Scheduling

Scheduling user’s transmissions in time can be used to differentiate between ser-
vice classes or to increase fairness among users. In this work, the purpose of
the scheduling will be interference management for CDMA. In a CDMA cellu-
lar system, interference can divided into intra-cell, originating from simultane-
ous transmissions within the cell and inter-cell interference caused by terminals
transmitting in other cells. If some services do not require an instantaneous
data rate but rather an average rate, i.e., that an amount of data is delivered
over a certain time interval, more flexible use of the spectrum can be consid-
ered. In addition to power control, utilizing the possibility of scheduling the
transmissions within the cell, intra-cell interference can be efficiently mitigated.
Scheduling is highly related to the rate control previously described and is ac-
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tually a special case of it, since setting the data rate and power to zero can be
regarded equivalent to scheduling. Predictions suggest that future traffic will
be highly asymmetric with the downlink carrying the most load. For such a
scenario, scheduling downlink traffic locally in each cell might be a simple and
attractive candidate scheme for supporting non-real time data services.

1.3 Wireless Communications

By establishing a wireless connection, data from a transmitter can be delivered
to a receiver by means of an information-bearing signal. The flexibility of setting
up a non-wired link between the communicators has become the driving force of
wireless information distribution and its widespread deployment. Early appli-
cations for which wireless technology became synonymous of, were broadcasting
services such as radio and TV. These services mainly relied upon continuous
time and amplitude varying signaling, also known as analogue communication
systems. Much later, by the advent of more sophisticated transmission schemes
processing the signals digitally, the PCSs as we know them today, were getting
a reality. Driven by competition between service providers and supervised by
government regulations, a great deal of interest has focused on enhancing the
use of common radio resources.

1.3.1 Multiple Access

When several users wish to access a common channel, some form of separation
of their waveforms must exist to distinguish between them at the receiver. The
basis for any air interface design is to determine how to share the common
medium among users, i.e., the multiple access scheme. Depending on if the
signaling bandwidth is chosen to be small or large compared to the channel
coherence bandwidth, different narrowband or wideband techniques find their
applications.

• Frequency Division Multiple Access (FDMA)
The separation is performed by dividing the radio spectrum into orthogonal
channels. Each user is assigned a unique frequency channel upon request,
which is not used by others when idle.

• Time Division Multiple Access (TDMA)
The separation is performed by dividing the radio spectrum into time slots.
In each slot, only one user may transmit at a time.

By reusing the frequencies and time slots in geographical locations separated
sufficiently apart, more users can be accommodated. In spread spectrum multiple
access, the information bearing signal is spread over a larger bandwidth than the
signal itself. Not being spectrally efficient for one single user, spread spectrum
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systems become bandwidth efficient in the multiple user case since it is possible
to share the same spreading bandwidth.

• Code Division Multiple Access (CDMA)
The separation is performed by unique codes assigned to the users. The
codes are used for either modulating the signal or changing the carrier
frequency.

Usually FDMA is used together with TDMA or CDMA to separate the spectrum
into smaller bands, which are then divided in a time- or code division fashion.
Utilizing the geographical separation of the receiver, spatial multiple access can
be considered.

• Space Division Multiple Access (SDMA)
The separation is performed by directing the emitted energy directly to-
wards the receiver. Directional antennas support spatial separation.

Various hybrid schemes that consist of the above mentioned fundamental tech-
niques also exist. In practice all these schemes require some form of “orthogo-
nality” coordination, e.g., frequency/time/code allocation, if the communication
should be successful. Another approach is to minimize the overhead information
exchange by connection-free resource sharing. Schemes in this class, often re-
ferred to as packet data, offer more flexible use for shorter data deliveries but risk
that the transmission fails due to simultaneous transmissions, which necessitates
retransmission policies. Various schemes exist and they are usually divided into
random, scheduled and hybrid access. In particular, the following methods have
drawn much attention.

• ALOHA
A user transmits its data with a certain probability as soon as there is any
data packet to transmit.

• Carrier Sense Multiple Access (CSMA)
A user listens if the channel is idle before transmitting its information.

• Packet Reservation Multiple Access (PRMA)
ALOHA and TDMA are combined so that a user may acquire contention
free transmission slots by reservation.

For moderate load, these type of access schemes are well suited for packet data
since a rather low delay can be offered. Increasing the load though, can make
them collapse.

1.3.2 Cellular Radio Systems

Inherent from the fact that the permitted spectrum to use is limited, the problem
of supporting a larger population wireless communications arises. The concept
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Figure 1.2: A cellular system with centrally located base stations using omni-
directional antennas. The uniformly dispersed mobiles are displayed by dots.

of cellular radio, which dates back to the 1960s [32], allows channels to be reused
over the geographical area having sufficient spatial separation. These systems are
mostly interference limited so that the capacity is limited even in the absence
of maximum power constraints. Dividing the area into cells, provides system
planning with higher spectral efficiency. To plan such a system, a common
way of breaking the area up, is to consider cells shaped as hexagons which will
tessellate the area. In each cell a portion of the available channels are allocated
and neighboring cells are assigned different channels. In that way the spectrum
can be reused as many times as necessary if the interference can be kept below
acceptable levels. For CDMA systems though, frequency planning is unnecessary
and a reuse of unity can be used. Let us henceforth denote by mobile or user, a
member of the collective group that can communicate using some form of radio
terminal. The radio access for a mobile is served by base stations, which usually
are located in the middle or the corner of a cell, see Figure 1.1. While the
user is roaming around over the area, base station selection, or a handover, is
performed so that a mobile usually is connected to one single serving base station
at a time. F/TDMA schemes usually perform hard handover to a neighboring
cell if its signal strength plus some threshold exceeds the current cell’s signal
strength. In CDMA, due to the unity reuse, two or more base stations can
receive the same signal so that a soft handover can be performed. In the CDMA
downlink, macro diversity can be obtained by combining signals from different
base stations, since they can be regarded as additional multi-path components at
the receiver. The gain of soft handover in the downlink is thus highly dependent
on the ability of the receiver to resolve the multi-path components.
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1.4 Previous Work

The work in this thesis touches upon different areas of power control and trans-
mission schemes, therefore this section is divided into parts. As the work in
these areas has been extensive, we limit this section to the most representative
works in the respective direction.

1.4.1 Fixed-Rate Power Control

The major concern in this thesis is quality based power control. Early work on
quality based power control for combating co-channel interference was performed
by Bock and Ebstein [24] already in 1964. They found that the power assign-
ment problem can be formulated as a linear programming problem. Aein [3]
investigated power assignment to mitigate co-channel interference in both noise-
less and noisy satellite systems. It was found that the problem of SIR-balancing
in noiseless systems, i.e., to obtain the same quality on all links, was reduced
to an eigenvalue problem for non-negative matrices. Existence and uniqueness
of a feasible power solution associated with a link gain matrix were found as a
consequence of Perron-Frobenius theorem. Nettleton and Alavi [5, 75], extended
the concept of SIR-balancing to spread spectrum systems without background
noise. Capacity improvements were also reported based on simulations by Na-
gatsu et al., [73]. The above concepts were further enhanced when applied by
Zander to narrow-band systems [111]. Therein, the optimum power assignment
for minimizing the outage probability in terms of finding the maximum achiev-
able SIR that all links can simultaneously reach, is derived. If reciprocity in
link gains can be assumed, it follows straightforwardly that downlink and uplink
maximum achievable SIR are the same [5, 114]. Grandhi et al., show that for
a noiseless system, there exists only one common balanced SIR and only one
positive power eigenvector, which also yields the maximum achievable SIR [38].
Recently, Wu [102] investigated balancing for heterogeneous SIR-targets. Differ-
ing from the noisy case, these targets cannot be chosen individually, rather they
are dependent on the quote with the minimum required SIRs. In [113], Zan-
der extends the noiseless case to include non-zero background noise and show
that the same SIR can be achieved arbitrarily close if there are no constraints
on transmitter power. In [40], Grandhi et al., introduce maximum transmitter
power constraints which imply that in the noisy case, there will always be at
least one user utilizing the maximum power.

Focus has also been on developing practical algorithms for solving the above
problems, without the excessive effort of collecting necessary information to a
centralized controller. With respect to that, more appealing and simple dis-
tributed schemes have drawn some attention. Based on Aein’s work, Meyerhoff
[70] suggested an iterative procedure for finding the power vector. Moreover, it
was shown that equalizing the SIRs is equivalent to maximizing the minimum
SIR. In Zander’s companion paper [112], the distributed balancing algorithm
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(DB), which only requires that local measurements are available, is introduced
and shown to converge to the power solution that gives the maximum achievable
SIR. Simulations indicated faster convergence by the distributed power control
algorithm (DPC), suggested by Grandhi et al., in [39]. Common for both these
algorithms is the exclusion of background noise which makes scaling of the power
vector necessary. Lee and Lin [65] proposed an algorithm not using any central-
ized normalization. The convergence rate of the distributed schemes for noiseless
systems depends on the magnitude of the quote between the second largest and
the largest eigenvalue. In the works [62, 63, 67], the technique of linear coor-
dinate transformation was used to further improve the rate of convergence of
SIR-balancing algorithms for noiseless systems.

The power control problem was extended to include preset SIR-targets and
non-zero background noise by Foschini and Miljanic [33]. Their distributed algo-
rithm (FM) was shown to converge to the preset target conditioned on that it is
less than the maximum achievable SIR. Furthermore, their algorithm can include
user dependent targets, background noise and proportionality factors. In fact,
the DPC algorithm can be considered as a special case of Foschini and Miljanic’s
algorithm in the noisy case. Although derived from another context, the algo-
rithm of Foschini and Miljanic fits nicely into the numerical linear algebra area
since it is equivalent to the simultaneous Jacobi over-relaxation method (JOR),
cf., [108]. It was conjectured that setting the proportionality factor (relaxation
parameter) to unity gave the fastest convergence. This was later strictly proven
by Jäntti [50].

An asynchronous version of Foschini and Miljanic’s algorithm, where users
update their powers in an uncoordinated fashion with possibly outdated mea-
surements, was proven by Mitra [71] to converge to the fixed point that supports
the preset SIR-targets under stationary link gains.

An extension of the DPC algorithm to include background noise and maxi-
mum power constraints called the distributed constrained power control (DCPC)
was presented in [40]. It was shown to converge under both synchronous and
asynchronous updates. The DCPC can also be interpreted as a constrained vari-
ant of the FM algorithm with relaxation parameter unity. The algorithms so far
were of first order, i.e., they only used power values from previous iteration. In
[53], Jäntti and Kim proposed second-order iterative power control having accel-
erated asymptotic rate of convergence as compared to the first-order DCPC. A
second-order algorithm has also been suggested by putting a difference equation
obtained from a basic PI-controller on discrete form [98].

By applying iterative methods from numerical linear algebra, a general power
control algorithm was suggested by Jäntti and Kim [49]. Their block distributed
algorithm is general in the sense that it allows different degree of distributiveness
and availability and reliability of used link gains. The idea is that by including
more information about the link gains in the power control, convergence rate
is improved. From their framework, several algorithms can be deduced, e.g.,
the DCPC. Sung and Wong [93] suggested a semi-distributed algorithm for SIR-
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balancing which incorporated communication between neighboring base stations
for providing the current minimum experienced SIR. Numerical results indicate
that it can outperform both DB and DPC algorithms.

Kim considered downlink power allocation for CDMA in [56]. The algorithm
takes into account a total sum power constraint and allocates the cell powers
such that all users in the cell experience the same SIR during convergence to a
preset target. However, this may cause a whole cell to have insufficient quality
for some instances.

The above works consider a continuous power domain which is a relaxation
of the quantized levels in a real system. Andersin et al., investigated the DCPC
under discrete power levels [10]. It was found that convergence must be stated
in a weaker sense, within an envelope, and oscillations may occur. Herdtner and
Chong [45] analyze a single bit up/down power control algorithm and character-
ize its convergence region. In [92] Sung and Wong suggested, a two bit up/down
power control algorithm which also exhibits active link protection so that sup-
ported links remain supported during convergence. Power control with adaptive
step sizes has been investigated by Lee and Steele [64] and incorporated with
estimation of the tap weights in a RAKE receiver.

Another direction in power control, in particular for CDMA, are schemes
that offer constant received power at the base station [100]. It has been shown
though, that these type of schemes do not significantly have impact on co-channel
interference [34, 94].

Almgren et al., [6] and Yates et al., [106] propose algorithms that decrease
the SIR-targets when the system becomes congested in order to reduce the prob-
ability of an infeasible power control problem. The other direction for dealing
with infeasible situations is to remove users from the current channel. The
work on centralized removal algorithms was initiated by Zander’s work on SIR-
balancing [111], where a stepwise removal algorithm (SRA) was proposed. Later,
the stepwise maximum interference removal algorithm (SMIRA) was shown to
outperform the SRA [63]. Andersin et al., suggested several removal algorithms
in [8]. Among the algorithms therein, the gradual removal restricted (GRR)
algorithm allows for removing connections during power updates. The com-
bined removal/power control algorithm, GRR-DCPC, removes in each instance
a connection with a certain probability if the demanded power level exceeds
the maximum power. Thus removals can be performed in a fully distributed
way and it was shown that close to optimal performance can be obtained. The
removal problem has also been studied from an optimization point of view by
Kim and Zander using the Lagrangian relaxation technique [57]. In the paper
they propose algorithms that give the same outage performance but with faster
convergence than previous algorithms.

When new users are to access the network, admission control is required
for avoiding system congestion. To prevent that already existing connections
experience a drop in quality, the power of an admitted user has to be chosen
so that the SIR does not drop below its target. Bambos et al., [14] suggest the
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concept of active link protection, in which active links are given a SIR protection
margin while admitted users are only allowed to power up in certain fixed steps
performed by the FM algorithm. The resulting algorithm, called DPC-ALP,
guarantees the quality of active calls. The concept was further expanded to in-
clude maximum power constraints [15] which implies that some form of distress
signalling has to be executed when users approach the maximum power in order
to preserve the active link protection. The soft and safe (SAS) admission algo-
rithm by Andersin et al., [9] avoids the loss of capacity due to operating with a
fixed protection margin. Instead, they use DCPC where already admitted users
can decrease their margin while newly admitted power up gradually.

The minimum power assignment (MPA) problem, which includes base station
selection for finding the lowest possible uplink power vector, has independently
been solved by Yates and Huang [104] and Hanly [41]. Huang and Yates later
verified a geometric rate of convergence for their algorithm [47]. For the down-
link, Rashid-Farrokhi et al., [81] showed that there may not necessarily exist
a Pareto optimal solution. However, they show that if the same base station
assignment obtained from solving the uplink problem is used in the downlink,
the sum of powers is minimized if the background noise level is the same at all
receivers. In [105], Yates gives a general framework with sufficient conditions for
proving convergence of a big class of power control algorithms. An algorithm
exhibiting such conditions is referred to as a standard power control algorithm.
Unfortunately, the rate of convergence is not easily found from the framework.

Most of the above works consider time invariant models which could be in-
terpreted as the power control actions are performed much faster than the prop-
agation situation changes. This has validated the use of snapshot evaluation
having fixed link gains. However, Andersin and Rosberg found that this under-
estimates the outage probability and significant margins added to the SIR-target
have to be used [7]. Rosberg also extends the study in [7] to include fast varying
Rayleigh fading [84]. Adaptive SIR margins are investigated by Rosberg utilizing
the duration outage measure to the relate to the SIR target [86] . A distributed
power control algorithm was suggested that used the average SIR-level crossing
rate for determining the SIR target. The work of Mitra and Morrison [72] takes
into account the variance and mean of the interference due to randomness in
transmissions but can also take into account variations in link gains. A power
control algorithm based on direct measurements of the bit error rate has been
suggested by Kumar et al., [61]. Perfect estimates of SIR, received power or
bit error rates may be difficult to obtain though. Ulukus and Yates consider
stochastic measurements in power control and study convergence in stochastic
sense by means of mean square error [96].

1.4.2 Variable-Rate Power Control

A general information theoretic approach was used by Hanly and Tse [42, 95].
Therein, they find the capacity regions for the single-cell multiple access fad-
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ing channel considering both delay tolerant and intolerant cases. Knopp and
Humblet [60] determine the optimal power control from an information theo-
retic aspect for the single-cell multiple access fading channel. The results show
that to obtain capacity, only one user should transmit at any given time over
the entire bandwidth.

As a means of supporting multiple data rates, adaptive modulation has drawn
some interest. In [79], Qiu and Chawla investigate joint optimization of modula-
tion and powers to maximize the log-sum of the users’ SIR. The resulted power
control algorithms were not fully distributed but a large gain was also shown
using adaptive modulation solely. Leung and Wang [66] investigate combined
modulation and power control to achieve a specified range of packet error rate
for real time applications including Kalman filtering for accurate interference
prediction.

Goldsmith [35] applies water filling [29] in the time domain for power and
rate to achieve capacity over a fading channel. The results illustrate the com-
mon principal solution characteristic of throughput maximization; to allocate
resources to good channels. A similar power control scheme, truncated power
control, was considered over fading channels by Kim and Lee [59], where vari-
able processing gain [76] was used in DS-CDMA to adapt transmission rate with
the objective of maximizing average transmission rate. The principle is that to
avoid loss of capacity when compensating for deep fades, either transmission rate
or power or both can be decreased. A truncated rate adaption scheme, which
suspends transmission when the link gain is below some threshold, was suggested
for traffic tolerating longer delays.

Early work on rate adaption in DS-CDMA by Yun and Messerschmitt [109]
considered minimization of the total downlink transmitted power given con-
straints on individual user data rates and the resulted problem was identified as
a linear programming problem. In a sequel paper [110], they extended the anal-
ysis to include statistics of code correlations and packet arrivals. Sampath et al.,
considered a similar problem in [89] and obtained the capacity region for a single
cell. Further, they formulated the problem of maximizing the total transmission
rate in the system, which was shown to be a non-linear programming problem
with linear constraints. Subsequently, in [82], Reazaiifar and Holtzman show
the convergence of a power control algorithm applied in a multiple cell system
updating the powers according to a linear approximation of the problem stated
in [89]. The same problem was also treated by Ramakrishna and Holtzman [80]
with two classes of users being tolerant and intolerant to delays respectively.
Optimum power distribution between voice and data users was derived by Shen
and Krzymien [90]. In [91], Soleimanipour et al., give a more general problem
definition of throughput maximization in DS-CDMA, taking into account base
station assignment, handover- and call-dropping cost. The problem was shown
to belong to the class of NP-complete problems. Oh and Wasserman used a
slightly different approach in [77], as compared to quality based power control,
in the sense that no target SIRs were set. The proposed algorithm, denoted
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greedy power control, assigns high data rates starting with mobiles having high
link gain. The power control exhibits a similar “bang-bang” type of behavior
where either maximum or zero power is used. A similar problem formulation
was also investigated by Ulukus and Greenstein [97]. Kim [55] investigate reg-
ulation of transmitter rates jointly with power control for maintaining signal
quality over a certain requirement. Most of the above works consider a con-
tinuous relation between throughput and transmission rate. However, in real
systems the transmission modes, e.g., modulation level, code rate, processing
gain, are limited to a small number of discrete values. Assuming a continuous
relation greatly simplifies the problem and as a consequence, Kim et al., con-
sidered a discrete number of transmission rates available [58]. For the purpose
of maximizing throughput, two distributed power/rate control algorithms were
suggested, both of them heuristic due to the NP-complete problem structure.
The first one was based on the Lagrangian relaxation technique while in the
second, selective power control (SPC), every mobile chooses the maximum pos-
sible rate that can be achieved at every instant. Jäntti and Kim extended the
selective power control with active link protection support in [51].

1.4.3 Transmission Scheduling and Multiple Access

A big amount of work has been carried out for scheduling user’s transmission to
obtain higher throughput, guarantee maximum delays or minimize the energy
consumption, see the paper by Chen et al., [26] and references therein. In partic-
ular when it comes to using scheduling as part of the interference management,
different hybrid access schemes have been suggested. A fundamental issue for
these non-real time services is the multiple access scheme, whether simultane-
ous transmissions are beneficial or not [77, 80, 115]. Although different models
are considered, the results of those works, to some extent exhibit a time division
solution for maximizing the system throughput. In [46], Honig and Madhow dis-
cuss the concept of utilizing a hybrid of TDMA and CDMA, as a way of taking
advantage of the high intra-cell capacity of TDMA and the inter-cell interference
suppression ability of CDMA. Thereto, transmission scheduling over both time-
and code domain has been utilized for such T/CDMA schemes in order to mini-
mize delay and packet losses, maximize throughput and uphold pre-defined user
priorities [4, 11, 25]. The notion Scheduled CDMA (SCDMA) was used by Arad
and Leon-Garcia for supporting QoS in a wireless ATM network [11], however
their focus was more on admission criteria rather than time scheduling. Akyildiz
et al., [4] suggest a reservation based protocol which assigns the packet priorities
based on bit error rate requirements. In [25], Brand and Aghvami extends the
PRMA concept so that slots are not only defined in time domain but also in
either code- or frequency domain.

In [17], Bedekar et al., found that throughput in the DS-CDMA downlink
of a single cell is maximized when each base station transmits to at most one
user at a time and uses maximum power. Schemes which co-ordinate transmis-
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sions between cells were also suggested for a cellular highway system. Inter-cell
co-ordination for hexagonal systems was further considered by Maileander et
al., in [68]. Recently, a similar concept to [17] based on current CDMA phys-
ical layer structure [18], where simultaneous transmissions within the cell are
avoided, has been proposed for supporting high data rates (HDR) in the down-
link. In the CDMA/HDR system, due to the vastly different requirements, high
data rate users are separated from low-rate voice users by different RF car-
riers. The high data rate users are scheduled over time slots, where the slot
lengths depend on channel conditions and transmission is executed with a con-
stant maximum power. Correspondingly, the results in [60, 77, 80] all exhibit
hybrid TDMA/CDMA behavior. Optimal performance by intra-cell TDMA has
also been found by Wyner [103].

The issue of when to induce time division on a multiple access channel was
investigated by Rulnick and Bambos [88]. Their underlying idea is to induce
TDMA without central control or synchronization when the channel conditions
are bad. The result is that the total energy consumed by the system can be
reduced. The incentive for distributed time division was interference and back-
log, i.e., the number of packets in the queue waiting for transmission. Recently,
Bambos [16] coined the notion of Power Controlled Multiple Access (PCMA) for
this type of power management/access control.

Aspects of power control and scheduling were investigated in [52] by Jäntti
and Kim, where the problem of minimizing the time-span for emptying all users’
data buffers was addressed. This may be viewed upon as minimizing the max-
imum delay for the buffered data. A discrete time model was assumed and the
results showed that the optimal solution may require that time division must be
induced. However, their work did not directly suggest any such practical algo-
rithm. In [80], it has also been found that higher throughput in the DS-CDMA
uplink can be obtained by scheduling delay tolerant users and this gain does not
necessarily require more average transmission power.

1.5 Scope of the Thesis

1.5.1 Problem Background

For voice type of services, the power control problem is quite well understood
and a vast number of solution methods exist. However, when it comes to systems
offering more functionality than voice, the actual meaning of power control is
not as clear and needs to be revisited. The scenario of wireless data described
previously, indicates that new transmission schemes, including power control,
offering high spectral efficiency should be considered. With this thesis we hope
to draw some insight on how to design such schemes. For this we will mainly
devote the study to CDMA systems, which have multi-rate functionality and
will be deployed in a near future. In Chapter 2 we will present a system model
that will allow us to perform some analysis in order to characterize the principal
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solution behavior and help out in the algorithm design. Two important criteria
that appear throughout the thesis are convergence and energy efficiency.

Convergence

To be practical, a power control scheme should be distributed and agile for fast
tracking of channel changes. For wireless data, the more bursty interference will
necessitate such a property even more than for speech services. If the schemes
react slowly to changes in the interference, stability and performance will be
affected and the system will stall and in the worst case, collapse. Therefore, in
the analysis when we are able to determine existence of an optimal solution, for
example in a power control problem, we want to design schemes that find and
converge to it. To improve the global stability, rate of convergence will be a
measure used in the algorithm design and for comparison.

Energy Efficiency

By QoS provisioning we typically mean that information should be delivered
at a certain rate, within a certain period of time and/or with a maximum er-
ror probability. As a complement to this we consider it being beneficial if the
transmitter power were low, limiting unnecessary interference. The benefit of
low transmitter power is obvious for portable devices in terms of lower energy
consumption. In addition, reducing the powers decreases the biological effect of
the electromagnetic waves, which should not be ignored. Bringing the powers
down in the downlink case for wireless data delivery leaves more of the total
power budget for other services, e.g., voice and reduces the cost of electrical
power. Thus we can regard the transmitter power to be a component in the
QoS management which preferably should be kept low. Looking over a longer
time period, e.g., the time it takes to deliver the message, the total effort is
captured in the integral of the transmitted power, that is the consumed energy.
Much of the previous work on interference management for wireless data and
different QoS support lacks of this energy consumption aspect. In this thesis, we
will focus on proper assignment of the system resources (powers and rates) in
order to provide a high energy efficiency; that is a high amount of data should
be delivered by a certain energy input to the system. Furthermore, if the user
can accept a lower throughput or higher delay, it is possible to trade off high
throughput for lower energy consumption. In this thesis we approach energy
efficient-communications via suitable interference management schemes.

1.5.2 Scope

This thesis covers problems of power control and joint transmission rate manage-
ment. Several problem formulations, related to different QoS provisioning, are
investigated. For multi-rate systems, strategies for highly loaded and congested
systems must be found for high spectral efficiency. To approach this complex
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problem, we first need to understand the management of congested fixed-rate
systems; e.g., how to determine which links should be allowed to transmit. Based
on this we will investigate the throughput maximization problem for a multi-rate
system, with application to best effort data. Especially, we consider the prob-
lem whether one can allocate the rates so that throughput can be high while the
energy consumption low. Further, we deal with power allocation if the non-real
time data users put requirements on an average rate to the system. We will
investigate under what conditions such solutions can be supported and how the
power allocation comes into play. When transmitting very short data packets,
the interference may be bursty and the time limited to estimate channel param-
eters and SIRs. For such systems, e.g., random access protocols, more simple
power control algorithms need to be found.

Resulting from these problems, will be developed interference management
schemes, which should be analyzed and evaluated. A common ambition is that
these schemes should be distributed, be able to quickly adapt to changing radio-
and traffic conditions as well as offer a high energy efficiency.

1.5.3 Contributions

The chapters 4-7 in this thesis are based on submitted and published papers. In
what follows, an overview of the contributions in the thesis is given.

[21] F. Berggren, R. Jäntti and S.-L. Kim, “A generalized algorithm for con-
strained power control with capability of temporary removal,” to appear in IEEE
Transactions on Vehicular Technology.

We start the study for a fixed-rate system. For a feasible fixed rate system, there
exists one unique power solution that supports all users with the minimum indi-
vidual power as well as sum power. However, while converging to the fixed point,
it may occur that more than the maximum feasible power is requested. Consid-
ering maximum power constraints, using the maximum power may not lead to
sufficient improvement on signal quality. Moreover, severe interference will hit
other users. In this thesis, a new class of algorithms that under such conditions
rather decrease the powers is proposed. It is proven that the general algorithm
converges to the fixed point of a feasible system and the convergence rate is
proven to be geometric. The work is general and constitutes a framework since
all standard interference functions can be included in the general algorithm. For
the infeasible case, where not all connected mobiles can be supported, temporary
removals by means of shutting the power off until channel conditions improve,
are suggested and shown to decrease the probability of having a non-supported
connection. From numerical evaluation, our algorithm shows gains compared to
the previously suggested GRR-DCPC scheme [8].

[22] F. Berggren and S.-L. Kim, “Energy-efficient rate and power control in
DS-CDMA systems,” submitted to IEEE Journal on Selected Areas in Commu-
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nications, 2000.

The above power control concept is extended to a multi-rate system with a set of
discrete rates. By using a semi-distributed scheme, sharing information within
the cell but fully distributed between cells, we suggest an admission criteria
called greedy rate packing which can be used for the transmission rate allocation.
We show that high rates should be assigned to mobiles with high link gains for
maximizing capacity. The extension to a minimum guaranteed transmission
rate is examined. Combining the rate allocation with a suggested power control
algorithm, we show that it converges in certain cases. It is proven that the
suggested scheme converges faster than the SPC algorithm [58]. To enhance
convergence and improve energy efficiency the gradual removal is extended to
multiple rates and is shown to bring the powers further down.

[20] F. Berggren and S.-L. Kim, “Energy-efficient downlink power control and
scheduling for CDMA non-real time data,” in Proc. IEEE MMT’2000, pp. 171-
182, 2000.

[23] F. Berggren, S.-L. Kim, R. Jäntti and J. Zander, “Joint power control
and intra-cell scheduling of DS-CDMA non-real time data,” submitted to IEEE
Journal on Selected Areas in Communications, 2000.

For non-real time services, where the requirement may rather be an average
than an instantaneous data rate, transmission scheduling is a possible extension
to the interference management. To remedy intra-cell interference, we suggest
transmission in a one-by-one fashion in each cell. That is TDMA within the
cells but CDMA between cells. It is proven for the downlink that if a data rate
can be achieved instantaneously, it can also be achieved in average by intra-cell
scheduling. An important issue is the interpretation and meaning of a minimum
power solution; what is the minimum power solution for this form of discontin-
uous transmission? We address this problem and show that it can be written in
matrix form similar to the standard power control problem. An iterative con-
vergent algorithm is suggested for finding the solution. By comparing certain
matrix properties we find a gain in the capacity and rate of convergence of the
T/CDMA scheme as compared to pure CDMA.

[19] F. Berggren and J. Zander, “Throughput and energy consumption trade-
offs in constrained pathgain based power control in ALOHA networks,” IEEE
Communications Letters, vol. 4, no. 9, pp. 283-285, 2000.

For random access methods, short packets may be transmitted irregularly in an
uncoordinated fashion. Deploying SIR based power control may be difficult in
such a rapidly varying interference environment. To enhance the channel utiliza-
tion, we suggest a simple path gain based power control algorithm for enhancing
the difference in the received powers which in turn increases the power capture
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effect. We investigate the relations between energy efficiency, throughput and
the transmitter power dynamic range and what tradeoffs can be made.

1.6 Thesis Outline

This thesis is written as a monograph. Chapter 2 describes and reviews the
system and simulation models used . In Chapter 3, tools from numerical linear
algebra are applied to the model and introduced for subsequent use. Several
examples illustrate their applicability to the power control problem. Chapters
4-7 are based on the material in [19–23]. The thesis is concluded and further
work is depicted in Chapter 8.



Chapter 2

Models and Performance
Evaluation

In this chapter we describe the assumptions and models used in the sequel for
analysis and numerical evaluation of a wireless communication system. The
performance evaluation methodology and corresponding measures are described
and reviewed.

2.1 Radio Wave Propagation

In a mobile radio environment, radio wave propagation cannot be assumed to
be free-space and line-of-sight. Generally, the path loss is affected by antenna
heights, operating frequency, local reflectors, absorbers and obstacles. In prin-
ciple Maxwell’s equations suffice to describe electromagnetic propagation but in
practice, other more engineering type of methods are used. These models gen-
erally rely upon wave phenomena such as reflection, diffraction and scattering.
Reflection from an object typically occurs when the wavelength of an impinging
wave is much smaller than the object itself, creating multi-path components.
Diffraction causes the wave to bend around obstacles and can be explained by
Huygen’s principle of seeing the wave front consisted of point sources. When
a wave travels in a medium with a large number of elements having small di-
mensions compared to the wavelength, the energy is scattered. As the radio
channel is generally a hostile medium, it is also very difficult to predict. The
signal fading in a wireless environment is often considered to be decomposed into
three components with different time scales of variation. These are the large-
scale path loss, medium-scale slow fading and small-scale fast fading. Decreased
received power with distance, reflection and diffraction constitute the path loss.
These are denoted large-scale since changes appear when moving over hundreds
of meters. As the receiver can be shadowed by, e.g., trees and foliage, the local
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mean received power changes when moved just a few tens of meters, i.e., on a
medium-scale. Small-scale fast fading, or multi-path fading, captures the effect
of multi-path reflections by local scatterers and changes by the order of wave
lengths.

Empirical studies by, e.g., Hata [44] have shown that the large-scale path loss
can be modeled as,

Lij = K0r
β
ij (2.1)

where rij is the distance between transmitter j and receiver i, K0 is a constant
depending on antennas and wavelength and β > 0 the attenuation exponent.

A common method to take into account the shadow fading, is modeling
with a log-normal distribution [48]. That is path gain due to shadowing can be
expressed as

Sij = 10
σs
10 Xij (2.2)

in which Xij ∼ N (0, 1) and σs is the standard deviation in decibel.
If the fast fading is frequency non-selective no inter-symbol interference (ISI)

occurs and the channel is considered to be of flat fading type. In the absence
of a strong non-fading line-of-sight component, the envelope R of the received
signal follows a Rayleigh distribution, cf., [48],

fR(r) =
r

σ2
e−

r2

2σ2 , r ≥ 0 (2.3)

usually referred to as Rayleigh fading. It can straightforwardly be shown that
the signal power R2 follows the exponential distribution.

2.2 System Architecture

2.2.1 Cell Layout and Access Scheme

The algorithms suggested in this thesis are evaluated in a macro-cell system,
commonly deployed in rural areas. It should be pointed out though, that the
applicability of the suggested transmission schemes is not strictly limited to
this particular system setup, only the numerical evaluation. For the numerical
evaluation in Chapters 4-6, the system architecture shown in Figure 1.1 is used;
a hexagonal plan of two tiers where each cell has radius 1 km. In addition to
the nineteen cells, the cell plan is wrapped around itself to avoid edge effects
during simulations. The centrally located base stations are assumed to use
omnidirectional antennas and each user is connected to the base station that
gives the lowest signal attenuation. The underlying access method assumed is
DS-CDMA with a spreading bandwidth of W = 1.2288 MHz, where variable
processing gain is used for adapting the transmission rates.

In Chapter 7, a single circular cell is studied and the random access method
is narrow-band ALOHA having a fixed transmission rate.
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2.2.2 Control Signaling

A cellular PCS can be divided into access and core network parts. In the access
network, all air-interface related functions are maintained, whereas switching
and call control is part of the core network. To distribute data and signaling
information for setting up a connection, the base stations are connected via a
wired network. Base stations interconnected by the wired network are assumed
to be able to exchange parameters and performed measurements. In this thesis,
the algorithms work under different restrictions of available measurements. In
the fully distributed schemes, each mobile acts independently and its measure-
ments are used solely for its adaption. In the semi-distributed schemes, it is
assumed that each base station has knowledge about parameters, such as data
rates used within the cell and measurements of interference and channel gains
but no knowledge about those of the neighboring ones. This can be interpreted
as a special case of the block concept, where a block can constitute any subset
of active users, suggested by Jäntti and Kim [49].

2.2.3 Receiver Model

In Chapters 4-6, where DS-CDMA is assumed, the spreading bandwidth is as-
sumed to be larger than the coherence bandwidth which means that the channel
is frequency selective. A way of achieving diversity improvement on a frequency
selective channel is by the use of a RAKE receiver. The greater the signal band-
width, the higher the order of diversity that could be obtainable by the RAKE.
The RAKE receiver concept relies on the notion that the wideband channel may
be represented in terms of a discrete-time model. It has been shown that a slowly
varying frequency selective channel can be modeled as a finite tapped-delay line
[78] which makes it possible to resolve the different multi-path components.
Herein, we assume that the estimated tap weights are perfect so that the inter-
symbol interference becomes negligible. Furthermore, we assume interleaving
and channel coding so that possible fast fading can be considered to be aver-
aged out over the codewords. In that case we can define the local-mean received
power at receiver i from transmitter j using power pj > 0 for a given instant to
be

prx,i =
Sij

Lij
pj . (2.4)

For investigation of a random access scheme in Chapter 7, we assume a
low-rate narrow-band channel having negligible ISI. Due to the short channel
occupancy, the Rayleigh fading is not considered to be averaged out. Thus, we
correspondingly assume

prx,i =
Sij

Lij
R2pj . (2.5)
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Figure 2.1: The figure shows a closed loop example where the TPC commands
are fed via a multiplexer (MUX) and extracted at the mobile after the automatic
gain control circuitry (AGC).

2.2.4 Power Control Functionality

In real cellular PCSs, power control often rely on three mechanisms.

Open Loop

The open loop power control adjusts the initial access power of a mobile sta-
tion and compensates for abrupt changes in propagation conditions. The power
updates are based on estimates of the propagation loss, which are obtained by
measuring the received signal strength at the receiver.

Closed Loop

Since the fast fading is not fully correlated on up- and downlink, closed loop
power control is used. In the uplink power control, the base station measures
the quality and sends power control commands to the mobile. The closed loop
power control is deteriorated by feedback delays, imperfect power estimates and
errors in the feedback channel.

Outer Loop

The closed loop compares an estimated SIR with a target SIR. This target
is different for different propagation conditions, e.g., delay profile, number of
resolvable paths, Doppler frequency etc. The outer loop sets the target in order
to obtain a certain bit error rate, or a related quantity such as frame error rate
(FER).

In Figure 2.1, the closed loop power control of a CDMA system is schemat-
ically illustrated. From the outer loop, the binary transmitter power control
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(TPC) command is generated and added to the transmitted data which is then
extracted at the mobile and fed to the power amplifier (PA). This system can
be viewed upon as two local loops interacting through the interference on the
channel.

In this work, especially the CDMA directed part, we will limit our study
and not fully model all parts of this system. We will exclude tracking, stability
and performance issues of the local loops and rather focus on the global aspects,
where the interference management is crucial. Therefore, any time delays will
be neglected, continuous values for the TPC commands will be assumed and the
preferred SIR-targets will be given.

2.3 Communication Quality Measure

One of the most accepted and commonly used quality measures in the literature
is the SIR, which also will be used in this thesis. The SIR is strongly depen-
dent on the received power and thus related to power control. Therefore, we
adopt it due to its analytical tractability for global analysis and to keep our
work comparable with the major part of previous research on theoretical power
control.

Let N be the number of active users in a communication system accessing
a common frequency channel. In this thesis we assume that each transmitter is
connected to only one receiver at a time. Denote by gij > 0 the power link gain
at a certain instant from transmitter j to receiver i. Assume without loss of
generality that transmitter i communicates with receiver i. With this notation,
receivers i and j may denote the same physical one which may occur, e.g., in
a CDMA system where several mobiles connect to the same base station. The
signal-to-interference ratio at the receiver for transmitter i can be defined as,

SIRi
def=

giipi∑N
j=1
j �=i

θijgijpj + νi

(2.6)

where νi > 0 is uncontrollable interference in terms of background noise. In the
above definition, 0 ≤ θij ≤ 1 denotes the normalized cross-correlation between
pi and pj at receiver i; that is the effective fraction of the received signal power
from transmitter j that contributes to the interference experienced by user i.
For orthogonal systems such as F/TDMA, θij is often assumed to be unity. In
DS-CDMA systems, the quantity is dependent on the spreading code charac-
teristics. In the uplink, signals are generally asynchronous and do not exhibit
orthogonality unless the mobiles can be accurately synchronized and operated in
a channel with no multi-path components present. In the downlink, interference
originates from the same point and the codes can be synchronized. Ideally the
codes will be orthogonal but due to multi-path components, interference among
same-cell users is introduced at the receiver [100], therefore some positive cor-
relation may occur. In the uplink, we assume that orthogonality is lost and
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θij = 1, whereas in the downlink, it can take values 0 < θij ≤ 1 if i and j are
connected to the same base station, otherwise θij = 1. When the approximation
θij = θ is assumed, we refer to θ as the orthogonality factor of the system.

If for some target γt > 0, the obtained SIRi ≥ γt, connection i is said to be
supported, otherwise non-supported. A user having a non-supported connection
is referred to as being in outage.

2.3.1 Performance Measures

The most commonly used measures in this thesis are:

• Mean transmitter power per user

Estimated as the sum of the total power used divided by the total number
of users in the system.

• Rate of convergence

Estimated as the normalized Euclidean distance to the fixed point.

• Outage probability

Estimated as the fraction of users having an SIR less than their selected
SIR-target.

• Mean throughput per user

Estimated as the total system throughput divided by the total number of
users in the system.

The mean power connects to the energy efficiency as it is proportional to the
energy consumption a user would experience in average. Rate of convergence
is measured as a geometric distance and further explained in Chapter 3. The
outage probability captures to what extent the users get served by the system
at a given instant. For fixed-rate systems, the main objective is to minimize
this quantity. For variable-rate systems, a measure of the capacity is the mean
throughput that a user could expect. Additional measures are defined in the
respective chapters.

2.4 Performance Evaluation

To evaluate the proposed schemes we are in certain situations obliged to system
simulations. The simulation models in this thesis should closely correspond to
the system models utilized for analysis. In Chapters 4-6, we use a time indepen-
dent analysis, often referred to as snapshot analysis. In the snapshot analysis, the
link gains are frozen in time and neither measurement nor sampling errors occur.
This could be interpreted as an observation of the system at a random instant
of time and allowing the radio resource management functions perform infinitely
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fast updates. Clearly, the results of this kind of analysis provide upper-bounds
on real performance in a time varying environment. However, according to Ros-
berg and Zander [85], the snapshot analysis could still be useful when some
favorable conditions occur. For instance, fast fading is averaged out, mobiles
move slowly and power updates are relatively fast compared to the changes in
link gains. Under such conditions, the controlled powers are drifted towards val-
ues which are in the vicinity of a temporary fixed point. Thus quasi-convergence
and quasi-stability do occur. It should be noted though that snapshot simu-
lations cannot fully replace full-scale system simulations since time correlation
properties of the traffic, such as call arrivals and call duration, and performance
of handover schemes are not considered. To assess the stability of a scheme, this
model allows us to study convergence. In that sense, our algorithms will be de-
terministic, as we get the exact knowledge or perfect estimates of deterministic
measures, e.g., SIR. An attempt of analyzing non-deterministic algorithms was
carried out in [96]. If a scheme performs badly or converges slowly even under
stable conditions, the performance on more severe channels is likely to be bad.

A way of taking the dynamical aspects, like fading, into account is to consider
SIR-margins [7, 86]. If a proper SIR margin is utilized, then at least convergence
in terms of low probability of having a non-supported connection does occur.
This technique is utilized in practical systems to adapt the deterministic power
control algorithms to channel statistics. For instance, the outer loop power
control function suggested for WCDMA systems [54] increases or decreases the
SIR-target according to channel statistics derived from the decoder. Keeping in
mind that the results of snapshot analysis can be related to the real performance
of a system, we adopt it when analyzing SIR based algorithms, because of its
simplicity and in order to keep our results comparable with previous works on
power control, e.g., [8, 9, 15, 33, 40, 111, 112].

In Chapter 7, we relax the the stationarity assumption to allow mobility
between the different transmission attempts. The investigated random access
protocol assumes a rather short channel occupancy with short bursts of infor-
mation, thus the fast fading is not considered to be averaged out.
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Chapter 3

Preliminaries

In this chapter we exploit the model from Chapter 2. Using the assumption on
slowly changing link gains, we state the power control problem and recapture
some useful results to be used in subsequent global convergence analysis of itera-
tive power control. Several examples show applications of the classical numerical
linear algebra techniques. A note on the notation; throughout this thesis vec-
tors and matrices are typeset in bold font. Moreover we shall between vectors
and matrices use the following order relations. Let A = [aij ] and B = [bij ] be
matrices. If aij ≤ bij for all i, j then A ≤ B while if aij < bij for all i, j then
A < B. A is referred to as non-negative (positive) if A ≥ 0 (A > 0).

3.1 Noisy Power Control Problem

Let us consider the power control problem when the transmission rates are as-
signed. Denote by H = [hij ] an N × N matrix such that

hij =

{
γt

iθij
gij

gii
i �= j,

0 i = j.

Here, γt
i is a predetermined SIR-target of user i reflecting a required signal

quality at the receiver. Furthermore, define the N × 1 vector η = (ηi) where
ηi = γt

i
νi

gii
. The power control problem is then to find a power vector such that

SIRi ≥ γt
i for all i, which by use of Equation (2.6) can equivalently be expressed

in matrix form as

Ap ≥ η (3.1)
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for A = I − H where I denotes the identity matrix and p = (pi) the power
vector. Let us define the general problem of minimizing the sum of powers

(P≥) min
p

1T p

Ap ≥ η

p ∈ P

where 1T = (1, 1, . . . , 1) and P denotes the set of feasible power vectors.

Definition 3.1 If there exists a vector p ∈ P that solves (P≥), we say that the
system is feasible at the instant. Otherwise, the system is infeasible.

If P = {p : p ≥ 0} we shall refer to (P≥) as an unconstrained power control
problem. We make use of the following property of H.

Lemma 3.1 H is an irreducible non-negative matrix.

Proof: By Theorem 1.6 in [99]we must show that the corresponding directed
graph of H is strongly connected. We only need to consider the worst case in
terms of connectivity, that is the downlink when θij = 0 if i and j are connected
to the same base station. Let user i be connected to base station bi. Let
N = {1 ≤ i ≤ N}, then for any node i there exists a connection to all nodes
in the set Ci = {j : bj �= bi}. For any j′ ∈ Ci we must have i ∈ Cj′ , therefore
(N \ Ci) ⊂ Cj′ and there is a connection i → j′ → i′ where i, i′ ∈ N \ Ci and the
graph is strongly connected. �

Alternate proof for the case when θij > 0 is given by Lemma 1 in [38]. Denote by
the spectrum of the matrix H, the set SH = {λi}N

i=1 containing the, in general
complex, eigenvalues of H. Let ρ(H) = maxi∈SH

|λi| denote the maximum
modulus eigenvalue which is referred to as the spectral radius of H. From the
theory of non-negative matrices we have:

Proposition 3.1 (Perron-Frobenius Theorem) Let H ≥ 0 be a square irre-
ducible matrix. Then:

a. ρ(H) is an eigenvalue of H.
b. A positive eigenvector e > 0 corresponds to ρ(H).
c. ρ(H) increases when any entry of H increases.
d. ρ(H) is a simple eigenvalue of H.

Proof: See, e.g., Theorem 2.1 in [99].

Proposition 3.2 If H ≥ 0 is a square matrix, then the following are equivalent:
a. α > ρ(H) and H is irreducible.
b. αI − H is non-singular and (αI − H)−1 > 0.

Proof: See, e.g., Theorem 3.9 in [99].
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Proposition 3.3 The matrix (I − H) is non-singular and the series I + H + H2+
· · · converges if and only if ρ(H) < 1. Moreover if ρ(H) < 1 then

(I − H)−1 = I + H + H2 + · · · =
∞∑

i=0

Hi.

Proof: See, e.g., Theorem 2-4.4 in [108].

Let us define the following problem.

(P=) min
p

1T p

Ap = η

p ∈ P
Then we can state the following property on (P=).

Corollary 3.1 If there exists a feasible solution to the problem (P≥), the opti-
mum solution of (P≥) is equivalently obtained by solving (P=) and is given by
p∗ = A−1η.

Proof: We show that solving (P≥) is equivalent to solving (P=). We first show
that if a solution to (P=) exists then it is the optimum solution to (P≥). Clearly,
if there exists a feasible solution to (P≥), A must be non-singular and there exists
one to (P=). Let Γ∗ = diag[γ∗t

i ] and F =
[
θij

gij

gii

]
so that A = I − Γ∗F and

η = Γ∗u for the N × 1 vector u = (ui) where ui = νi

gii
. Let (I − Γ∗F)p∗ = Γ∗u.

For any other feasible solution (I − Γ∗F)p ≥ Γ∗u, there exists a matrix Γ with
at least one element γt

i > γ∗t
i , 1 ≤ i ≤ N such that (I − ΓF)p = Γu. We

have that I − ΓF ≤ I − Γ∗F and therefore (I − ΓF)−1 ≥ (I − Γ∗F)−1, which
exists by Proposition 3.3 for a feasible system. Thus 1T p = 1T (I − ΓF)−1Γu >
1T (I − Γ∗F)−1Γ∗u = 1T p∗ and we have shown that any other feasible solution
than p∗ will yield a larger objective value. From Proposition 3.1 c., it follows
that if (P=) has no feasible solution, neither does (P≥). �

A similar property was alternatively proven in [113]. Corollary 3.1 and the above
propositions say that we may equivalently solve

(I − H)p = η (3.2)

for finding the optimal power vector. By Proposition 3.3 the resulting power so-
lution is unique. From Proposition 3.3 having ρ(H) < 1 is a necessary condition
for feasibility and also sufficient for the unconstrained problem. The resulting
solution is the Pareto optimal solution to the system of inequalities in (P≥) in
the following sense; any other feasible power vector will have every element not
less and at least one element greater than the corresponding in p∗ = (I − H)−1

η,
which means that the optimum solution also minimizes every users’ power.
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3.2 Iterative Solution Methods

3.2.1 Matrix Norms

Let us use the norms ||p||∞ = maxi |pi| and ||H||∞ = maxi

∑N
j=1 |hij | for a

vector and matrix respectively. It can easily be proven that they are consis-
tent, ||Hp||∞ ≤ ||H||∞||p||∞. Further, define the weighted vector norm of p
as ||p||W∞ = ||Wp||∞ for a non-singular matrix W. Then it follows from the
consistency that,

||Hp||W∞ = ||WHp||∞ = ||WHW−1Wp||W∞
≤ ||WHW−1||∞||Wp||∞ = ||H||W∞ ||p||W∞ .

Thus the consistent weighted matrix norm can be defined as ||H||W∞ = ||WHW−1||∞.
We shall also make use of the following result.

Lemma 3.2 For any matrix B and any ε > 0 there exists a non-singular matrix
W such that ||B||W∞ ≤ ρ(B) + ε.

Proof: By Theorem 2-1.15 in [108] there exists a non-singular matrix P such
that P−1BP = J where J is the Jordan canonical form of B. If we choose
D = diag[1, ε, ε2, . . . , εN−1] we can write D−1JD = J(ε) where J(ε) is the same as
J except that the off-diagonal elements are multiplied by ε. Therefore we obtain
J(ε) = Q−1BQ where Q = PD is non-singular. Clearly, ||J(ε)||∞ ≤ ρ(B) + ε

and ||B||Q−1

∞ = ||Q−1BQ||∞ = ||J(ε)||∞, which means that there exists a non-
singular weight matrix W = Q−1. �

Thus when ρ(H) < 1, we can take ε = (1 − ρ(H))/2 and always find a weight
matrix such that ||H||W∞ < 1. In [50] (Lemma 3.2), Jäntti verifies that setting
W = diag[ 1

ei
] where e is the Perron vector of H, yields ||H||W∞ = ρ(H). By

Theorem 2-3.4 in [108], it follows that ||H||W∞ is the smallest possible norm,
which motivates its use in subsequent analysis.

3.2.2 Iterative Power Control

If N is large, inverting matrices like I − H in Equation 3.2 may be cumbersome
and computationally expensive. Therefore solving large size linear equation sys-
tems iteratively has become a key technique that appears in many practical
problems, see [13, 99, 108]. In addition, for power control, even if the inverse
could be computed by efficient methods, having knowledge about all elements
in H may not always be possible. The iterative approach is further applicable
from a practical point of view since ultimately, the environment will not be fully
stationary and updates are required. Let us specifically consider a first-order
basic stationary iterative method for solving Ap = η. Let p(n) denote a power
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vector at iteration n. Then, update the powers according to

p(n + 1) = M−1Np(n) + M−1η, n = 0, 1, 2, . . . (3.3)

where M and N are appropriately chosen matrices. How to choose them are
dependent on two things, namely consistency and convergence. Let M be a
non-singular matrix and A = M − N, which is known as a splitting of A. If we
set p(0) = A−1η we get p(n) = M−1NA−1η + M−1η = M−1(M − A)A−1

η +
M−1η = A−1η, for all n > 0, thus (3.3) is said to be consistent with (3.2).
Usually M−1N is called the iteration matrix. For proving convergence we need
to find a proper norm. Generally we have,

Lemma 3.3 The sequence p(0),p(1), . . . converges to p∗ if and only if
limn→∞ ||p(n) − p∗|| = 0 for any vector norm || · ||.

Proof: See, e.g., Theorem 2-4.1 in [108].

Unless not specified, we shall say that a sequence is convergent if for all p(0) ≥ 0,
the sequence converges to a limit independent of p(0). A sequence exhibiting
the property that ||p(n + 1)−p∗|| ≤ α||p(n)−p∗|| with α < 1, is referred to as
a pseudo-contraction with rate α. By Lemma 3.3, convergence is given. Then
we have that the above method converges under the following condition.

Proposition 3.4 The sequence of vectors p(n) in (3.3) converges to the solution
of Ap = η for any p(0) if and only if ρ(M−1N) < 1.

Proof: Define the error vector ε(n) = p(n) − p∗. Since Mp∗ = Np∗ + η we
get Mε(n + 1) = M(p(n + 1) − p∗) = Np(n) + η − Np∗ − η = N(p(n) − p∗)
or equivalently Mε(n + 1) = Nε(n). By recursion, ε(m) = (M−1N)mε(0).
If ρ(M−1N) < 1, we can choose ε > 0 such that ρ(M−1N) + ε < 1. From
Lemma 3.2, there exists a matrix norm such that ||M−1N||W∞ ≤ ρ(M−1N) +
ε < 1. Hence ||(M−1N)m||W∞ ≤ (||M−1N||W∞ )m → 0 as m → ∞. Therefore,
limm→∞ ||ε(m)||W∞ ≤ limm→∞(||(M−1N)||W∞ )m||ε(0)||W∞ = 0 and by Lemma
3.3, the iteration converges. Moreover, if it converges we must have
limm→∞(M−1N)m = 0. So for the Perron solution we must have ρ(M−1N)me =
(M−1N)me = 0 as m → ∞, which means that ρ(M−1N) < 1. If ρ(M−1N) ≥
1, we can choose the initial starting vector p(0) such that ε(0) becomes the
eigenvector corresponding to ρ(M−1N).
Then, limm→∞ ||ε(m)|| = ||ρ(M−1N)mε(0)|| �= 0, which proves the proposition.
�

Example 3.2.1 Depending on how to split the matrix A, different power control
algorithms of different distributiveness can be derived. If we let 0 < β ≤ 1 and choose
M = 1

β
I and N =

(
1
β
− 1

)
I + H, we obtain

pi(n + 1) = (1 − β)pi(n) + β
γt

i

SIRi(n)
pi(n)
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which is the Foschini-Miljanic algorithm [33]. Furthermore, ρ(M−1N) = ρ((1 − β)I +
βH) = 1 − β + βρ(H). Thus, if ρ(H) < 1 it converges for all 0 < β ≤ 1 and
minβ ρ(M−1N) = ρ(H) for β = 1. When β = 1 and power constraints are added, the
mapping is known as the DCPC algorithm [40].

3.2.3 Rate of Convergence

Once convergence is established, the rate of convergence is a useful measure to
compare iterative algorithms for different choices of M and N. As can be seen
from the proof of Proposition 3.4, the norm of the iteration matrix M−1N, can
be taken for such a measure as it determines how fast the error vector decreases.
Example 3.2.1 shows that the relaxation parameter β in the Foschini-Miljanic
algorithm should be taken to unity for minimizing the spectral radius of the
iteration matrix. In a matrix norm, ||(M−1N)m|| is called the convergence factor
for m iterations and ||(M−1N)m|| 1

m the average convergence factor per iteration
for m iterations respectively. Unfortunately, these numbers may be difficult
to obtain in a computationally cheap manner. Also, ||(M−1N)m|| may not
have to converge monotonically to zero which motivates the focus on asymptotic
measures for rate of convergence. It can be proven (see, e.g., [13]) that for any
consistent norm, limm→∞ ||(M−1N)m|| 1

m = ρ(M−1N).

Definition 3.2 Denote by rm = − log10 ||(M−1N)m|| 1
m the average rate of con-

vergence and r∞ = − log10 ρ(M−1N) the asymptotic average rate of conver-
gence.

If for two different splittings A = M1 −N1 = M2 −N2 the convergence factors
− log10 ||(M−1

1 N1)m|| 1
m < − log10 ||(M−1

2 N2)m|| 1
m , then the iteration matrix

M−1
2 N2 is said to be by definition iteratively faster [99] for m iterations than

M−1
1 N1. We will refer to the splitting M2 − N2 as having faster asymptotic

average rate of convergence if ρ(M−1
2 N2) < ρ(M−1

1 N1).

Example 3.2.2 We have ε(m) = (M−1N)mε(0) and by Lemma 3.2, for a feasible
system we can always find a norm such that the normalized error decays as ||ε(m)||

||ε(0)|| ≤
(ρ(M−1N)+ ε)m. In particular when M−1N is non-negative and irreducible, for some
weighted maximum norm, the normalized error decays as ρ(M−1N)m. To reduce the
error norm by a factor 10−p, p > 0, the number of iterations required is the least value
m such that ρ(M−1N)m ≤ 10−p or m ≥ p

− log10 ρ(M−1N)
= p

r∞ hold. Therefore, it also

follows that r∞ find its practical interpretation as it asymptotically is an estimate of
the number of new correct decimals per iteration.

Definition 3.3 A sequence of vectors p(n) is said to converge geometrically
at a rate α to p∗ if there exist non-negative constants A and α < 1 such that
||p(n) − p∗|| ≤ Aαn.

Example 3.2.3 Consider SIR-balancing the in a noiseless system and an N × N
matrix H′ with elements h′

ij = gij/gii for i �= j and 0 otherwise. For the purpose of
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directing the powers toward the Perron eigenvector, let us use the following algorithm.

p̃(n + 1) = (H′ + ωI)p(n)

λ(n + 1) = ||p̃(n + 1)||∞
p(n + 1) = λ(n + 1)−1p̃(n + 1)

which normalizes with the greatest component in the power vector. When ω = 0 and 1,
the algorithm reduces to the DPC and DB algorithms respectively. Let us for simplicity
in this example assume that H′ has N distinct eigenvalues. Let the eigenvalues in SH′

be ordered such that ρ(H′) = |λ1| > |λ2| ≥ · · · ≥ |λN |. Since H′ has full rank,
the corresponding eigenvectors are linearly independent, which guarantees a similarity
transformation E−1HE = Λ where Λ = diag[λi] and E is non-singular. The rows in
E−1 are the left-hand eigenvectors of H′ and the columns in E are the right-hand
eigenvectors of H′. Let the columns in E be denoted as ei and order them so that
e1 is the Perron vector. Since the eigenvectors span the N dimensional space, we can
express any positive starting vector as p(0) = c1e1 + c2e2 + · · · + cNeN where it is
assumed that ||ei||∞ = 1 for all i. For any such vector we can obtain the coefficients
as c = E−1p(0). By Proposition 3.1 there exists one positive row, namely the first, in
E−1 consisted of the left-hand Perron vector. Therefore c1 > 0 for any positive p(0).
Define ζn =

∏n
j=1 λ(j) which gives

p(n) = ζ−1
n

N∑
j=1

cj(H
′ + ωI)nej

= ζ−1
n

N∑
j=1

cj(λj + ω)nej

= ζ−1
n c1(ρ(H′) + ω)n

(
e1 +

N∑
j=2

cj

c1

(
λj + ω

ρ(H′) + ω

)n

ej

)
.

Considering the maximum norm, the error vector can be bounded as

||(ζ−1
n c1(ρ(H′) + ω)n)−1p(n) − e1||∞ ≤

N∑
j=2

|cj |
c1

( |λ2 + ω|
ρ(H′) + ω

)n

.

Clearly the right hand side goes to zero for any 0 ≤ ω < ∞ and the geometric conver-
gence is easily verified. In the limit we have p(n) → a∞e1 where

a∞ = limn→∞ ζ−1
n c1(ρ(H′) + ω)n

= limn→∞
c1(ρ(H′)+ω)n

|| ∑N
j=1 cj(λj+ω)nej||∞

= 1.

Also λ(n) → ||(H′ + ωI)e1||∞ = ρ(H′) + ω.

Example 3.2.4 Consider the iterative method (3.3) with the choice of M = I and

N = H. Expanding (3.3), we get pi(n+1) =
γt

i
SIRi(n)

pi(n) which is the DPC algorithm

executed in a noisy system with ci = γt
i or the Foschini-Miljanic algorithm with β =

1. Proposition 3.4 says that it converges iff ρ(H) < 1 which was also a necessary
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condition from Proposition 3.3 for finding a feasible solution. Thus it converges with
the asymptotic average rate of r∞ = − log10 ρ(H). Moreover, we have

||p(n) − p∗||W∞ = . . . = ||Hn(p(0) − p∗)||W∞ ≤ ρ(H)n||p(0) − p∗||W∞
for W = diag[ 1

ei
] where e is the Perron vector. Thus, for the weighted maximum norm

it converges geometrically at rate ρ(H).

It should be noted that the approach of designing algorithms that minimize the
norm of the error vector is not always strictly optimal for power control applica-
tions. Even though the error may be arbitrarily small, in the pathological case,
all users could still be in outage. However, rate of convergence clearly relates to
how “contractive” an algorithm is and could serve as comparison between algo-
rithms reflecting their ability to perform in a non-stationary environment and
rapidly bring the powers to the neighborhood of a quasi-stationary fixed point.

3.2.4 Standard Interference Functions

A different framework for distributed power control has been proposed by Yates
[105]. Let T : R

N
+ → R

N
+ be a mapping of a power vector and consider the

following definition.

Definition 3.4 A power control mapping T is called a standard interference
function if for all p > 0 the following properties are satisfied.

a. Positivity. T (p) > 0
b. Monotonicity. If p ≥ p′, then T (p) ≥ T (p′).
c. Scalability. For all α > 1, αT (p) > T (αp).

If T is a standard interference function, the iteration p(n + 1) = T (p(n)) is
called a standard power control algorithm. Then it follows that convergence is
guaranteed if there exists a feasible solution.

Proposition 3.5 If there exists a feasible solution, then for any initial power
vector p(0), the standard power control algorithm converges to a unique fixed
point p∗.

Proof: See, e.g., Theorem 2 in [105].

It can easily be verified that the mapping T (p(n)) = M−1Np(n)+M−1η is also
a standard power control algorithm. In a real system there are delays and not all
power control actions can be synchronized. Therefore it is important to establish
stability when the powers are updated at different rates and under bounded
delays. Convergence in the asynchronous case is covered by the framework.

Proposition 3.6 If there exists a feasible solution, then for any initial power
vector p(0), the asynchronous standard power control algorithm converges to a
unique fixed point p∗.
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Proof: See, e.g., Theorem 4 in [105].

It should be noted that the conditions stated in Definition 3.4 are only sufficient
conditions. Convergent power control algorithms that are not standard may be
found and will be exemplified in the next chapter.
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Chapter 4

Generalized Distributed
Constrained Power Control

The distributed constrained power control algorithm (DCPC) [40] has become
one of the most widely accepted power control algorithms by the academic com-
munity. It frequently appears incorporated in radio resource management func-
tions of related areas [8, 9, 15, 104]. DCPC has a property that the power reaches
the maximum level when a user is experiencing degradation of channel quality.
Unfortunately, using maximum transmitter power may not necessarily lead to
sufficient improvement of channel quality and will thereto generate severe inter-
ference, hitting other users. This undesirable phenomenon happens more often
when the system is congested. In this chapter, we revisit and generalize the
DCPC algorithm in order not to necessarily use the maximum power when the
channel quality is poor. The suggested generalized algorithm is general in the
sense that DCPC is a special case of it. Moreover, for convergence analysis it
does not directly fit into the frameworks of matrix splittings and standard in-
terference functions. Based on the generalization, we suggest two power control
algorithms and compare them with DCPC. We prove that, for the feasible sys-
tem, the generalized algorithm converges to the fixed point that supports every
active transmitter, as DCPC does.

Under poor conditions, rather than combating the interference by maximizing
the power, we suggest that the power may instead temporarily be set to zero,
which we will call temporary removal. This is a softer form of the permanent
removal [8]. In our case the user stays on the same channel and transmission will
be resumed if the interference situation becomes favorable again. This concept
of high interference inducing aborted transmission is particularly applicable for
non-real time data services where the delay tolerance is higher.

Because of the decreased interference power, the the capacity of the system
is expected to increase and the energy consumption decrease. To validate this,
computational experiments are performed.

39
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4.1 Distributed Power Control Algorithm

Let P = {p : 0 ≤ p ≤ p̄}. The DCPC algorithm suggested by Grandhi et al.,
[40] has the form;

(DCPC)

pi(n + 1) = T i(p(n)) def= min{Ti(p(n)), p̄i}, n = 0, 1, . . . , (4.1)

for the mapping Ti(p(n)) def= γt
i

SIRi(n)pi(n) =
∑N

j=1 hijpj(n) + ηi.
Now consider the following generalized algorithm for constrained power con-

trol;

(GDCPC)

pi(n + 1) = T̃i(p(n)) def=
{

Ti(p(n)) if Ti(p(n)) ≤ p̄i,
p̃i(n) if Ti(p(n)) > p̄i,

n = 0, 1, . . . , (4.2)

where the power vector p̃(n) ∈ P. If we choose p̃(n) = p̄, GDCPC is reduced
to the DCPC algorithm. When setting p̃i(n) = 0, it can be interpreted as a
temporary connection removal, allowing the removed user to stay on the channel
and power up again if the interference has decreased. By setting the transmitter
power to zero, the user will not waste energy mitigating bad channel conditions
and other users will benefit from lower interference. When p̃(n) �= p̄, GDCPC
violates the monotonicity property, and thus it is not a standard power control
algorithm [105] that guarantees convergence. In some cases, it can also violate
the scalability and positivity properties. However, we can prove the convergence
of GDCPC to the optimal solution in the feasible case, which will be given
later in this section. To begin with, we describe the energy saving property of
GDCPC. Note that from now on, we refer to the case p̃i(n) �= p̄i for some i as
GDCPC and the case p̃i(n) = p̄i for all i as DCPC.

4.1.1 Energy Saving

Let T n

i (p) and T̃ n
i (p) respectively denote the power level of mobile i of DCPC

and GDCPC at iteration n, starting with a power vector p. Then we can prove
the following property on the generated powers of GDCPC.

Proposition 4.1 For any p ≥ 0, T̃ n
i (p) ≤ T n

i (p) for all i and n.

Proof: From the definition of GDCPC, we have T̃i(p) ≤ T i(p) for any non-
negative power vector p. Also, from the definition of T i(p), we find that if
0 ≤ p1 ≤ p2 then T i(p1) ≤ T i(p2). Therefore, if 0 ≤ p1 ≤ p2, then
T̃i(p1) ≤ T i(p1) ≤ T i(p2). Using these relations, we have:

T̃i(p) ≤ T i(p)
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T̃i(T̃i(p)) ≤ T i(T i(p))
...

T̃ n
i (p) ≤ T n

i (p) (4.3)

which concludes the proof. �
Furthermore, the total system power becomes strictly smaller if p̃i(n) is utilized,
which is described by the next result.

Proposition 4.2 Let us assume that there exists an iteration n0 and user i
such that T n0

i (p) > p̄i and that p̃i(n) < p̄i for all i and n. Then,
∑N

i=1 T̃ n
i (p) <∑N

i=1 T
n

i (p) for all n ≥ n0.

Proof: Since T̃ n
i (p) ≤ T n

i (p) from Proposition 4.1, it is sufficient to show
that there exists at least one mobile j ∈ Jn for any iteration n ≥ n0 where
Jn = {j : T̃ n

j (p) < T n

j (p)}. At iteration n = n0, mobile i ∈ Jn because

T̃ n0
i (p) = p̃i(n0) < p̄i = T n0

i (p). At iteration n0 + 1, from the definition of

Ti(p), we can find that T̃ n0+1
j (p) < T n0+1

j (p) for any j �= i. In the same
manner, we can see that there exists a mobile j ∈ Jn for all n > n0 + 1. �

Note that Propositions 4.1 and 4.2 are general and hold for both feasible and
infeasible systems. Proposition 4.1 says that when starting from the same initial
power vector, the power value from GDCPC is not greater than that of DCPC
in any iteration. Further, if there is an event that the required power is greater
than the maximum allowed level, then from Proposition 4.2, we can expect a
certain amount of energy saving from GDCPC, compared to DCPC. For p̃i(n)
of GDCPC, we can use any nonnegative value less than or equal to p̄i. How-
ever, from the proof of Proposition 4.2, setting p̃i(n) = 0 will lead to the most
energy-saving results. For simplicity, we will denote this version of GDCPC by
GDCPC(I) throughout the chapter.

4.1.2 Convergence in Feasible Systems

As was mentioned before, GDCPC is not a standard interference function but
convergence is still guaranteed for a feasible system by the following property.

Proposition 4.3 Starting with any power vector p ∈ P, GDCPC converges to
p∗ of a feasible system.

Proof: From the definition of GDCPC, we have T̃i(p) ≤ Ti(p) for any non-
negative power vector p. Also, from the definition of Ti(p), we find that if
0 ≤ p1 ≤ p2 then Ti(p1) ≤ Ti(p2). Therefore, if 0 ≤ p1 ≤ p2, then
T̃i(p1) ≤ Ti(p1) ≤ Ti(p2). Using these relations, we have:

T̃i(p) ≤ Ti(p)
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T̃i(T̃i(p)) ≤ Ti(Ti(p))
...

T̃ n
i (p) ≤ T n

i (p) (4.4)

From Proposition 3.1, it is known that 0 < ρ(H) < 1 for a feasible system. Let us
consider the weighted maximum norm of H with the non-singular weight matrix
W = diag[ 1

ei
] where e is the Perron eigenvector of H. Then the convergent

mapping T = (Ti) fulfills ‖T n(p)−p∗‖W∞ ≤ ρ(H)n‖p − p∗‖W∞ (Proposition 3.1
[71] and Example 3.2.4). Therefore, there exits an integer n1 such that

T n(p) < p̄ for all n > n1 (4.5)

By denoting T̃ = (T̃i), it follows from Equation (4.4) that T̃ n
(p) ≤ T n(p), thus

for n > n1 we can write:

T̃ n+1
(p) = T (T̃ n

(p)) ≤ T n+1(p) < p̄
...

T̃ n+m+1
(p) = T m(T̃ n

(p)) ≤ T n+m+1(p) < p̄ (4.6)

Therefore, limm→∞ T̃ n+m+1
(p) = p∗, due to the convergent mapping T . �

Remark 4.1 So far we have focused on generalizing DCPC but Propositions
4.1-4.3 still hold even if we choose other standard interference functions [47, 105]
for T in (4.2).

Remark 4.2 The asynchronous DCPC, which is standard [105], can be gen-
eralized to asynchronous GDCPC. By noting that the power vectors generated
by the asynchronous GDCPC are always less than or equal to the correspond-
ing power vectors generated by the asynchronous DCPC and by changing the
weighted maximum norm to the norm utilized by Mitra [71], its convergence can
be proved as in the proof of Proposition 4.3.

From Proposition 4.2, we may have that
∑N

i=1 T̃ n
i (p) <

∑N
i=1 T

n

i (p) for all
n ≥ n0. However, Proposition 4.3 says that

lim
n→∞

N∑
i=1

T̃ n
i (p) = lim

n→∞

N∑
i=1

T n

i (p) =
N∑

i=1

p∗i ,

in the feasible case.
Besides the energy consumption, it is important how fast the power value

will converge. It has been reported that DCPC converges to p∗ at a geometric
rate [40, 47]. So far the convergence rate of GDCPC is an open issue. However,
let us choose in (4.2)

p̃i(n) = max
{
p̄i − (Ti(p(n)) − p̄i), 0

}
(4.7)
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and denote this choice by GDCPC(II). In GDCPC(II), if the required power is
larger than the maximum power p̄i, a power lower than p̄i by the amount of the
gap between the required power and p̄i is used. If the required power is twice
larger than the maximum power, the transmitter power is set to zero. Then we
have the following:

Proposition 4.4 GDCPC(II) converges to p∗ of a feasible system with a same
geometric rate as DCPC.

Proof: If Ti(p(n)) ≤ p̄i for mobile i, then
∣∣pi(n+1)−p∗

i

Wi

∣∣ =
∣∣Ti(p(n))−p∗

i

Wi

∣∣ for any
positive Wi. However, if Ti(p(n)) > p̄i for mobile i, then for any positive Wi,
we have ∣∣∣∣pi(n + 1) − p∗i

Wi

∣∣∣∣ =
∣∣∣∣max

{
2p̄i − Ti(p(n)), 0

}
− p∗i

Wi

∣∣∣∣ (4.8)

When p̄i < Ti(p(n)) < 2p̄i, we have∣∣∣∣pi(n + 1) − p∗i
Wi

∣∣∣∣ =
∣∣∣∣2(p̄i − Ti(p(n))) + Ti(p(n)) − p∗i

Wi

∣∣∣∣ ≤ ∣∣∣∣Ti(p(n)) − p∗i
Wi

∣∣∣∣ (4.9)

and if Ti(P(n)) ≥ 2p̄i, it follows that∣∣∣∣pi(n + 1) − p∗i
Wi

∣∣∣∣ =
∣∣∣∣−p∗i

Wi

∣∣∣∣ ≤ ∣∣∣∣Ti(p(n)) − p∗i
Wi

∣∣∣∣ (4.10)

Therefore, we can say that, for any mobile i and any positive Wi,∣∣∣∣pi(n + 1) − p∗i
Wi

∣∣∣∣ ≤ ∣∣∣∣Ti(p(n)) − p∗i
Wi

∣∣∣∣ (4.11)

Consider the consistent matrix norm ‖H‖W∞ and let Wi be the diagonal element
in row i. If we choose the Perron eigenvector e of H for the non-singular weight
matrix W = diag

[
1
ei

]
, we have

||p(n + 1) − p∗||W∞ ≤ ||T (p(n)) − p∗||W∞
= ||H(p(n) − p∗)||W∞
≤ ||H||W∞ ||p(n) − p∗||W∞
= ρ(H)||p(n) − p∗||W∞ . (4.12)

Therefore,
||p(n) − p∗||W∞ ≤ ρ(H)n||p(0) − p∗||W∞ .

Thus, we conclude that GDCPC(II) is a pseudo-contraction mapping with a
geometric rate ρ(H), which is same as that of DCPC [40, 47]. �

With respect to Proposition 4.4, we conclude that within the class of GDCPC,
there exits at least one p̃(n) �= p̄ which gives the same asymptotic convergence
rate as DCPC and possibly increases the energy efficiency. Note that p̃(n) < p̄
in GDCPC(II), and Proposition 4.2 is applicable to GDCPC(II).
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pa pe p̄

pd

p̄ pf

pcpb

p1 = h12p2 + η1

p2 = h21p1 + η2

p1 = 2p̄ − h12p2 − η1

p2 = 2p̄ − h21p1 − η2

p1

p2

Figure 4.1: Possible fixed points of DCPC, GDCPC(I) and GDCPC(II) in an
infeasible system.

4.1.3 Convergence in Infeasible Systems

Compared to DCPC, which also converges to a fixed point in the infeasible case,
the convergence properties of GDCPC(I) and GDCPC(II) will differ. Let us
consider an example in which two users are currently active. We can denote
this case by the two-dimensional power vector space in Figure 4.1. In the figure,
the p1 and p2 axes denote the power values of users 1 and 2, respectively. The
maximum power value that each user can transmit at a time is limited to p̄. The
SIR constraints are given by Equation 3.2 and are displayed by the solid lines
in the figure. In the figure, the dashed lines represent Equation 4.7, which we
will call virtual targets. So, if adjusting the power towards the real target with
GDCPC(II) would require more power than the maximum, the virtual target
becomes active. In this example, the intersection between the solid lines, i.e.,
the fixed point that would support both users, is outside the feasible power region
so the system is infeasible. Hence no more than one user can be supported. For
fixed points pe = (η1, 0) and pd = (0, η2), user 1 and 2 are supported with
their minimum power respectively. The fixed point of DCPC will in this case
be pf = (p̄, p̄) due to the power constraints. Clearly this point is the worst,
considering no user is supported while the power usage is maximized. From the
figure we see that GDCPC(I) will, depending on the starting point, oscillate
between the points pa = (0, 0) and pb = (η1, η2) or converge to pd or pe. In
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GDCPC(II), the fixed point may be the intersection between the virtual targets,
pc. However, GDCPC(II) does not always necessarily converge to a fixed point
in an infeasible system, which is exemplified in Appendix A. As illustrated in
Figure 4.1, GDCPC(I) and GDCPC(II) may converge to a fixed point but the
dynamics are more unpredictable. Due to the possibility of oscillating powers,
each user may generally expect a more varying SIR and its impact on the bit error
rate is not clear. Depending on power control interval, coding and interleaving
strategies, the oscillation of SIR may or may not cause problems.

For an infeasible system, permanent connection removal has been utilized to
increase system capacity [8, 63, 111]. In GDCPC(I) and GDCPC(II), the powers
may oscillate, and thus certain removal algorithms relying on convergence to
some fixed points may not be utilized. For the purpose of permanent removal,
we extend the previously suggested, GRR-DCPC (Gradual Removal Restricted)
[8], which is an “on-the-fly” gradual removal combined with DCPC. Instead of
DCPC, we combine the gradual removal procedure with GDCPC(I) and GD-
CPC(II). That is, our modified gradual removal algorithm, which incorporates
both temporary- and permanent removal, GRR-GDCPC, identifies user i as a
candidate for permanent removal if Ti(p(n0)) > p̄i and sets pi(n) = 0 for all
n > n0, with a given probability δ > 0. Otherwise, pi(n0 + 1) = T̃i(p(n0)) and
the power control proceeds with the next power iteration. In order to maxi-
mize system capacity and not over-aggressively remove connections, the removal
probability δ, should be taken so that in each iteration, a single removal at a
time is more probable than multiple removals.

Remark 4.3 It has been shown that GRR-DCPC converges to a stationary
power vector [8]. Since GRR-GDCPC uses the same decision procedure as GRR-
DCPC, it is clear that GRR-GDCPC also will converge.

4.2 Numerical Results

The main purpose of the numerical evaluation is to draw insight on how GD-
CPC(I) and GDCPC(II) perform in terms of ability to increase the number of
supported users, energy saving and convergence. To compare the performance
of our proposed algorithms, we use DCPC as a reference algorithm. Evaluation
is performed in the DS-CDMA system described in Chapter 2 and illustrated in
Figure 1.2. For a given instance, a total of 190 mobiles are generated, the loca-
tions of which are uniformly distributed over the cells. The link gain is modeled
as a distance dependent path loss of fourth power and the shadow fading factor
is generated from a log-normal distribution with E(Sij) = 0 dB, and σs = 8
dB. The base receiver noise is taken to be νi = 10−12 and the maximum mobile
power is set to unity. The initial power for each mobile is randomly chosen from
the interval [0,1]. Each mobile is assigned to the base station that gives the low-
est signal attenuation. The received Eb/I0 from mobile i at the corresponding
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Figure 4.2: Outage probability in feasible systems.
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Figure 4.3: Mean transmitter power per mobile in feasible systems.
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Figure 4.4: Convergence rate in feasible systems measured as normalized Eu-
clidean distance.

base is calculated by adding the processing gain to the received SIR (in dB). The
target Eb/I0 is set to 8 dB and 12 dB for each mobile when analyzing a feasible
and an infeasible system, respectively. In the infeasible case, the higher target
value was chosen to represent higher traffic load. It could be interpreted as users
demanding higher data rates or lower bit error rates resulting in an infeasible
system.

We have considered one thousand independent feasible and infeasible snap-
shots of mobile locations and shadow fading factors respectively and the results
are obtained as an average over these snapshots. To evaluate the impact on the
system capacity, the outage probability is used as a performance measure. The
outage probability at each iteration is computed by counting the portion of non-
supported mobiles at the iteration. A connection is considered to be supported
if the received Eb/I0 is above 7.5 dB and 11.5 dB, respectively. That is, a 0.5
dB fade margin is utilized.

4.2.1 Feasible System

In Figure 4.2, we see that the outage probability in the feasible system is lower
over the whole range of iterations considered (except for the initial iterations)
for both GDCPC(I) and GDCPC(II), compared to DCPC. Since we are starting
from a random power vector, a large portion of the users are temporarily removed
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Figure 4.5: Outage probability for infeasible systems with the permanent re-
moval probability chosen to δ = 0.01.

the first iteration. This causes the crossover between DCPC and GDCPC. How-
ever, when they start powering up, the outage decreases. To assess the energy
savings, the mean power, that is the total power used divided by the total num-
ber of mobiles in the system, is plotted. The energy saving property is shown in
Figure 4.3, where obviously GDCPC(I) gives the best performance. The curves
of GDCPC(I) and GDCPC(II) indicate that there are many mobiles for which
the required power at iteration 1 is greater than the maximum and the rest of the
iterations follow Proposition 4.2. It can also be verified that the absolute gap
among the three algorithms is decreasing with increasing iteration number as
the power vectors converge to the fixed point for the feasible system. In Figure
4.4, the convergence rate, measured as ||ε(n)||2

||ε(0)||2 = ‖p(n) − p∗‖2/‖p(0) − p∗‖2,
where ‖ · ‖2 denotes the Euclidean norm, empirically shows that GDCPC(I) is
faster than GDCPC(II) and DCPC, both of which are proved to converge with a
geometric rate. In conclusion, GDCPC(I) shows the best performance in terms
of supporting more users, energy saving and convergence rate while converging
to the fixed point in a feasible system.
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Figure 4.6: Outage probability and mean power at iteration 300 in an infeasible
system for different removal probabilities δ.

4.2.2 Infeasible System

Now, let us consider the outage probability for infeasible systems. In Figure
4.5, the outage is plotted for each iteration when combining the algorithms with
gradual removals using the removal probability δ = 0.01. The suggested algo-
rithms GRR-GDCPC(I) and GRR-GDCPC(II) reach a lower outage probability
and they also do it much faster than the GRR-DCPC. To verify that the above
behavior is not specifically related to that particular δ, we perform simulations
for various removal probabilities and collect data when the iteration has reached
300. From Figure 4.6, it can be seen that a lower outage is obtained for a
range of removal probabilities with δ = 0.01 being the best one. We see that
if no permanent removal is used, δ = 0, the outage of GRR-GDCPC(I) and
GRR-GDCPC(II) is much lower than that of GRR-DCPC, suggesting that the
temporary removals alone, find the proper mobiles to be removed. The figure
also shows the tradeoff between a low δ offering lower outage but higher power
and a high δ offering higher outage but lower power. Therefore we conclude
that both GRR-GDCPC(I) and GRR-GDCPC(II) seem to be superior to GRR-
DCPC that was known to be the best distributed removal algorithm so far [8].
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4.3 Concluding Remarks

In this chapter, we have proposed a general scheme for distributed power con-
trol, from which algorithms that consumes less power and support more users
than the DCPC can be derived. The idea is that, when a user requires more
power than the available, the power will be decreased to benefit other users un-
der favorable situations, increasing the overall capacity. It was shown that our
algorithms converge to the fixed point of a feasible system, supporting every ac-
tive user. For an infeasible system, convergence to a fixed point was exemplified
not to necessarily occur. For that case, power oscillations may cause a rapidly
varying SIR. However, this may not be a major obstacle, since the power control
must be combined with a permanent removal algorithm. The difficulty with
the proposed algorithms is that infeasibility may not be detected as for DCPC.
This raises the question of how to combine a permanent removal algorithm with
the proposed algorithms. We propose one possible approach by modifying a
distributed gradual removal algorithm that was originally designed for use with
DCPC.

The practical applicability of the concept of temporary removals, which GD-
CPC(I) and GDCPC(II) benefit from, could for example be non-real time data
traffic where the flexibility of handling the transmission attempts is larger. Find-
ing necessary and sufficient conditions for convergence in infeasible systems is
still an open issue. Also, there is a possibility of designing more sophisticated
removal algorithms suitable for our framework.
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Appendix A

Let e be the eigenvector corresponding to ρ(H). Assume that there exists a p0

such that T̃ (p0) = p0 and T (p0) > p̄. Clearly point pc in Figure 4.1 is the only
such point. If we choose p0+αe ≤ p̄ where e is the Perron eigenvector satisfying
He = ρ(H)e and α > 0 is a constant, then we have ‖T̃ (p0 + αe)− T̃ (p0)‖W∞ =
‖2p̄ − H(p0 + αe) − η − 2p̄ + Hp0 + η‖W∞ = ‖ − Hαe‖W∞ = ‖ρ(H)αe‖W∞ . If
ρ(H) > 1, by Proposition 3.1 e is still positive and we can write ‖T̃ (p0 + αe)−
T̃ (p0)‖W∞ > ‖p0 +αe−p0‖W∞ , i.e., a non-contracting mapping that would yield
a diverging sequence. The characteristics of p0 could be described as an unstable
fixed point to which convergence is guaranteed only if the starting point is the
point itself, p0.
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Chapter 5

Multi-Rate Power Control

In this chapter, we elaborate on the problem of maximizing system throughput
while jointly minimizing transmission powers, in the context of best effort ser-
vices in DS-CDMA. For that we suggest a joint rate- and power control scheme.
The concept of block assignment, where each user updates its rate and power
in a block-wise distributed manner, is introduced. A block denotes a subset of
users in a cell having the same QoS requirement. In each block, a user with
a favorable link gain is admitted as high rate as the power constraint permits.
Further, the block power/rate-assignment is combined with the concept of rate
removal, of which main purpose is for the case when the power control algorithm
does not converge because of heavy traffic load. We discuss how to modify the
scheme to guarantee a minimum data rate to delay sensitive users. Numerical
experiments show that the proposed concepts can provide high throughput with
low energy consumption.

5.1 Introduction

Up to present, transmitter power control for wireless communications has mainly
been a tool for supporting as many speech users as possible with minimum energy
consumption; the GDCPC algorithm is a recent example. However, the objective
of power control becomes more complicated as next-generation wideband cellular
radio systems will be able to provide both real and non-real time services. As
variable transmission rates are introduced into the radio network, the problem of
how to control the rates in the most spectral efficient way becomes an important
issue.

In [82, 89], the throughput maximization problem was considered. There,
maximization of the total transmission rate and minimization of the total trans-
mitted power were considered as two separate problems, assuming users have
maximum power constraints, minimum required transmission rates and individ-
ual definitions of tolerable QoS in terms of a minimum SIR. Recently, a greedy
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power control algorithm, where high transmission powers are allocated to links
with high gains was suggested for a DS-CDMA data network [77]. The purpose
was to maximize the throughput of non-real time terminals in a single CDMA
cell, where each terminal does not have any preset SIR-target, i.e., a slightly
different approach from the work above and our SIR based power control. The
resulted algorithm was shown to be of bang-bang type, i.e., either maximum
or minimum (zero) power was used. Setting transmitter powers to zero, can
be denoted as a hybrid of TDMA and CDMA, which also bears resemblance to
our concept of greedy rate packing (GRP) described in the next section. The
main idea of the greedy rate packing is that the rates (and thus power values)
of users with unfavorable link conditions are decreased, even to zero, while the
users with high link gains transmit data with higher rates. Decreasing the power
when channel conditions are bad may contradict to the common idea of power
control but the GDCPC also relies on the same principle. The allocation of
high powers to users close to the receiver was also suggested for the Infostation
concept [37] and is a natural cause of water filling. We may regard setting the
power to zero as an induced TDMA characteristic.

In [58], the objective was to maximize system throughput of a multiple cell
system using discrete transmission rates and two distributed joint power- and
rate control algorithms were described. It was shown that the SPC algorithm
converges to the power assignment that supports every active user with its maxi-
mum possible rate, using the minimum total transmission power, if such a power
assignment exits. However for a congested system, if no such assignment exists,
little is known about its properties since convergence is not guaranteed. Fur-
thermore, due to the discreteness of rates, there exist multiple rate combinations
giving the same system throughput but with different total transmission powers.
Therefore, an interesting question is how to assure the maximum total through-
put to the system while using the minimum total transmission power, which we
will investigate in this chapter. For the fixed rate system, the question is equiva-
lently reduced to maximizing the number of supported users with the minimum
total transmission power, which was shown to be NP-complete [8]. Therefore
the problem with multiple rates, which we will focus on in this chapter, is in the
general case also NP-complete.

In this chapter, our aim is to suggest heuristic algorithms that will give high
throughput with low energy consumption. We focus on delay insensitive services
where the only QoS requirement is that the data should be received with a min-
imum SIR. The discrete model [58] will also be assumed. One major difference
from [58] is that we will focus on DS-CDMA systems exclusively; the algorithms
in [58] are generic in the sense that they are independent of multiple access
scheme. For the purpose, the concept of block rate assignment, where each user
will update its rate and power in a block-wise distributed manner; centralized
within the block but distributed between different blocks, is suggested. A block
denotes a subset of users in a cell with the same requirements on bit error rate.
Thus a block may contain from one up to all the users in the cell. In each block,
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users with high link gains are assigned as high rate as the power constraint per-
mits. This procedure is called greedy rate packing. Based on GRP, we build
a block rate assignment applicable to a multiple cell environment, called the
generalized SPC (GSPC). GSPC is an iterative algorithm, where each block up-
dates rates and powers of the users in the block at each iteration using GRP.
As the name states, GSPC contains SPC as a special case. When every block
is composed of only a single user, GSPC is reduced to SPC. We show that
GSPC converges to the power assignment that supports every active user with
its maximum possible rate, using the minimum total transmission power, if such
a power assignment exits. Furthermore, it will be proven that SPC gives the
slowest convergence rate within the class of GSPC algorithms. Secondly, GSPC
is combined with the concept of gradual rate removal and we call this combined
algorithm, GRR-GSPC. Main motivation of GRR-GSPC is for the case when
GSPC does not converge because of a heavy traffic load. Finally, it is also dis-
cussed how to apply the GRP concept for assuring the minimum rate to delay
sensitive real-time users.

5.2 Transmission Rate Assignment

5.2.1 Refined System Model

Consider a single cell1 in a DS-CDMA cellular radio system where N mobiles are
using the same frequency channel. We will mainly consider the uplink through-
out this chapter. Extension to the downlink will be discussed in Section 5.2.4.
Each mobile i (1 ≤ i ≤ N) can transmit with power 0 ≤ pi ≤ p̄, where p̄ is the
maximum transmission power. We consider a short time interval such that the
link gain between each mobile i and the base station is stationary and given by
gi (1 ≤ i ≤ N). Given a power vector p = (p1, p2, . . . , pN )T , the received SIR of
mobile i, is defined by

SIRi(p) def=
gipi∑

j �=i gjpj + I + ν
(1 ≤ i ≤ N), (5.1)

where ν > 0 is the background noise power at the base station and I > 0 is the
inter-cell interference power from other cells.

Suppose that mobile i can utilize a number of discrete transmission rates
Ri ∈ {r1 < r2 < . . . < rK} by varying its processing gain. Then, we can describe
the bit-energy-to-interference-power-spectral-density ratio, Eb/Io of mobile i by(

Eb

Io

)
i

=
W

Ri
· SIRi(p), (5.2)

where W denotes the spreading bandwidth or chip rate. The realized data rate
of a mobile depends on many factors such as receiver structure, user mobility,

1We will generalize the definition of a cell to a block in Section 5.3.
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etc. Nevertheless, SIR is a reasonable measure to match effective data rates.
To properly receive information at transmission rate rk, mobile i is expected
to attain an SIRi(p), not less than γk. Let γi be the target SIR of mobile i
such that γi ∈ {γ1 < γ2 < . . . < γK}, where each target element corresponds
to each rate, respectively. In the sequel, we will use rate assignment and target
assignment interchangeably. For setting the relationships among different γk, we
assume that the target (Eb/Io)req = Γ at the receiver is constant, which gives a
constant bit error probability regardless of the data rates. Therefore with (5.2),
we can confine target SIRs to the following relationship:

r1

γ1
=

r2

γ2
= · · · =

rK

γK
= K1 (5.3)

where K1 is equal to W/Γ.
With a certain assignment of SIR-targets to (5.1), we can find the power

vector that supports every mobile with the minimum power by solving the linear
equation system given in Equation 3.2 which in this case reduces to

(I − H)p∗ = η, (5.4)

where H = [hij ] is an N × N matrix with elements

hij =

{
γigj

gi
i �= j

0 i = j
(5.5)

and η = (ηi) is an N × 1 vector with ηi = γi(I+ν)
gi

. If (I − H) is non-singular,
the solution to (5.4) is (see Appendix B):

p∗i =
I + ν

1 −
∑N

j=1
γj

1+γj

· γi

gi(1 + γi)
(5.6)

We can see that there exists a solution p∗ > 0 if and only if
∑N

j=1
γj

1+γj
< 1.

Further, since p∗i should be less than or equal to p̄ for all 1 ≤ i ≤ N , we can
express the N constraints as,

N∑
j=1

γj

1 + γj
≤ 1 − I + ν

min1≤i≤N [p̄gi(γi+1
γi

)]
(5.7)

Since the right hand side becomes strictly less than one, the above inequality
is also a sufficient condition for p∗ > 0 and therefore p∗ ∈ P. The rightmost

term in (5.7) can equivalently be expressed as max1≤i≤N

γi
1+γi
p̄gi
I+ν

. This can be

interpreted as the maximal cost of using the normalized target γi/(1 + γi) as
compared to the maximum achievable SIR for user i, p̄gi/(I + ν).
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5.2.2 Problem Definition

From (5.3), for a combination of SIR-targets, the throughput of the given cell can
be written as K1

∑N
i=1 γi. So, we can relate the sum of SIR-targets to the total

throughput of the cell. Considering the large number of feasible combinations
of SIR-targets that give a throughput for the cell, say R̃, let us introduce the
following joint rate and power control problem of minimizing the sum of powers:

min
γj ,pj

N∑
j=1

pj (5.8)

s.t.
N∑

j=1

Rj = R̃ (5.9)

0 ≤ pj ≤ p̄ (5.10)

γj ∈ {0, γ1, γ2, . . . , γK} (5.11)

Utilizing (5.3), (5.6) and (5.7), we can interpret the above problem in terms of
SIR-target assignment.

min
γj

I + ν

1 −
∑N

j=1
γj

1+γj

N∑
j=1

γj

gj(1 + γj)
(5.12)

s.t.
N∑

j=1

γj = γ̃ (5.13)

N∑
j=1

γj

1 + γj
≤ 1 − I + ν

min1≤i≤N [p̄gi(γi+1
γi

)]
(5.14)

γj ∈ {0, γ1, γ2, . . . , γK} (5.15)

where R̃ = K1γ̃. Hereafter, we confine ourselves to the formulation (5.12) -
(5.15). We will mean by feasible target assignment for a given γ̃, an SIR-target
assignment that satisfies the constraints (5.13)-(5.15). Given a feasible target
assignment, we can compute the corresponding power value of each user by (5.6).
When γj = 0, no transmission is executed and the constraint (5.14) becomes
obsolete for mobile j as the “min” operator is unaffected.

5.2.3 Greedy Rate Packing

From the structure of the objective function (5.12), we can see that when feasible
target SIRs are assigned, their order does not change the value for the first part
of the objective function, whereas in the last sum, due to the link gains in the
denominator, the total transmitted power will be affected by which target is
assigned to which mobile. The total transmitted power of a given cell can be
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minimized by assigning high targets to mobiles with high link gains, which we
state in the proposition below.

Proposition 5.1 Let us assume that g1 ≥ g2 ≥ · · · ≥ gN and that there exists a
feasible target assignment that satisfies (5.13)-(5.15). Among the feasible reas-
signments of those targets, the total power is minimized by reassigning the target
SIRs such that γ1 ≥ γ2 ≥ · · · ≥ γN .

Proof: Among the feasible target reassignments, let us assume there exits an
assignment that minimizes the objective function (5.12) but does not satisfy

γ1 ≥ γ2 ≥ · · · ≥ γN . (5.16)

Then, we can find at least one pair of i and j (1 ≤ i < j ≤ N) such that γi < γj .
Now since gi ≥ gj , we construct a new feasible target assignment by switching
assignment γi and γj . Since γj

1+γj
> γi

1+γi
, we will define γj

1+γj
= γi

1+γi
+ ∆,

where the number ∆ is positive. Now, we will compare the assumed optimal
assignment

γi

gi(1 + γi)
+

γj

gj(1 + γj)
(5.17)

=
γi

gi(1 + γi)
+

∆
gj

+
γi

gj(1 + γi)
(5.18)

and
γj

gi(1 + γj)
+

γi

gj(1 + γi)
(5.19)

=
γi

gi(1 + γi)
+

∆
gi

+
γi

gj(1 + γi)
(5.20)

Therefore, (5.18)-(5.20)= ∆( 1
gj

− 1
gi

) ≥ 0 with equality only if gi = gj . From
the objective function (5.12), we have a contradiction since the new assignment
has a lower objective function value than the optimal assignment. Thus for any
i, j with gi ≥ gj , an optimal assignment must have γi ≥ γj �

The proposition says that we can reduce the total power of the mobiles while
maintaining the same throughput, by reassigning target SIRs in a decreasing
manner. Since the proposition holds for any given γ̃, an interesting task is to
find a feasible target assignment that will achieve the maximal throughput while
satisfying the condition (5.16). For this purpose, we will suggest the following
heuristic algorithm based on (5.7) where we assume that g1 ≥ g2 ≥ · · · ≥ gN :

Greedy Rate Packing (GRP)

γi = 0 ∀i
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For i = 1 to N do

γi = {max γi :
∑i

j=1
γj

1+γj
≤ 1− I+ν

min1≤j≤i

[
p̄gj

(
γj+1

γj

)] , γi ∈ {0, γ1, γ2, . . . , γK}}

The GRP procedure allocates the maximum feasible rate to each mobile, starting
with the mobile with the highest link gain. Further, it never reallocates rates
of mobiles previously assigned, taking no more than N steps. Let us denote the
feasible target assignment generated from GRP by γ∗

i and define γ∗ =
∑N

j=1 γ∗
i .

It is easy to see that γ∗
1 ≥ γ∗

2 ≥ · · · ≥ γ∗
N . Furthermore, we can prove the

following proposition.

Proposition 5.2 Among the feasible target assignments that will give the through-
put R∗ = K1γ

∗, the one from GRP requires the smallest total transmission
power.

Proof: From Proposition 5.1, it is obvious that the GRP assignment gives
the minimum total transmission power among the feasible reassignments of
γ∗
1 , γ∗

2 , . . . , γ∗
N . Now, let us construct a new feasible target assignment by making

the “∆-shift” from mobile i to mobile j, (1 ≤ i < j ≤ N):

(γ̂1, . . . , γ̂i, . . . , γ̂j , . . . , γ̂N ) = (5.21)

= (γ∗
1 , . . . , γ∗

i − ∆, . . . , γ∗
j + ∆, . . . , γ∗

N )(5.22)

where the number ∆ is an appropriate positive number that makes (5.22) a
feasible assignment. In fact, from the GRP assignment, we can generate any
feasible target assignment giving the throughput R∗ = K1γ

∗, by successively
applying the ∆-shift. Thus, it is sufficient to show that the single ∆-shift requires
more power than the GRP assignment. For any pair i, j with γi > γj we must
according to Proposition 5.1 have γi − ∆ ≥ γj + ∆, a necessary condition for
(5.22) to fulfill (5.16). Let us consider the following difference relation,

γ∗
i − ∆

gi(1 + γ∗
i − ∆)

+
γ∗

j + ∆
gj(1 + γ∗

j + ∆)
− γ∗

i

gi(1 + γ∗
i )

−
γ∗

j

gj(1 + γ∗
j )

=
γ∗

i − ∆
gi(1 + γ∗

i − ∆)
+

γ∗
j + ∆

gj(1 + γ∗
j + ∆)

− γ∗
i

gi

(
1 − ∆

1 + γ∗
i

)
1

1 + γ∗
i − ∆

−
γ∗

j

gj

(
1 +

∆
1 + γ∗

j

)
1

1 + γ∗
j + ∆

= ∆
(

1
(1 + γ∗

j )gj(1 + γ∗
j + ∆)

− 1
(1 + γ∗

i )gi(1 + γ∗
i − ∆)

)
> 0

since (1+γ∗
j )gj(1+γ∗

j +∆) < (1+γ∗
i )gi(1+γ∗

i −∆) in the interval 0 < ∆ ≤ γ∗
i −γ∗

j

2 .
By observing that the inequality is also true for gi = gj = 1, the denominator in
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the objective function (5.12) decreases. Therefore, the new target assignment has
a higher objective function value. Thus we have shown that the GRP assignment
cannot be transformed into another solution fulfilling Proposition 5.1 having
lower objective function value and equal throughput. �

5.2.4 Downlink GRP

For the downlink case, the power solution takes this form (see Appendix B),

p∗i =
γi

1 + θγi

(∑N
j=1

θγj

1+θγj

Ij+ν
gj

1 −
∑N

j=1
θγj

1+θγj

+
Ii + ν

gi

)
(5.23)

where Ii is the inter-cell interference at mobile i and θ the orthogonality factor.
Compared to the uplink, the sum of powers of the users in the cell is limited,
rather than the maximum power of a respective user. We can write the corre-
sponding objective function of the downlink problem using (5.23) as

N∑
j=1

p∗j =
1

1 −
∑N

j=1
θγj

1+θγj

N∑
j=1

γj

1 + θγj

Ij + ν

gj
(5.24)

which implies that to minimize the sum of powers, high rates should be assigned
if gi

Ii+ν is large. If the sum of powers in the cell is considered to be limited to P̄ ,
we can define a downlink rate packing procedure using the feasibility constraint

N∑
j=1

γj

1 + θγj

(
Ij + ν

P̄ gj
+ θ

)
≤ 1

where we assume that g1
I1+ν ≥ g2

I2+ν ≥ · · · ≥ gN

IN+ν :

Downlink Greedy Rate Packing (DGRP)

γi = 0 ∀i

For i = 1 to N do

γi = {max γi :
∑i

j=1
γj

1+θγj

(
Ij+ν

P̄ gj
+ θ

)
≤ 1, γi ∈ {0, γ1, γ2, . . . , γK}}

We will not elaborate further on the downlink in this chapter. However, the
extension of the work in the following sections to the downlink seems to be
straightforward. We can see that Propositions 5.1 and 5.2 apply to the downlink
case (if we assume that g1

I1+ν ≥ g2
I2+ν ≥ · · · ≥ gN

IN+ν ).
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5.2.5 Throughput Optimality

Now, a question at hand is how close the value R∗ is to the maximal through-
put. This is generally difficult to answer, but for the special case where the
upper bound on transmission power is large enough compared to the noise plus
interference, we have the uplink feasibility is governed by

N∑
j=1

γj

1 + γj
< 1. (5.25)

We make the following observation.

Lemma 5.1 If
∑

j γj ≥ Γ, 0 ≤ γj < Γ and θ > 0 then

θΓ
1 + θΓ

<
∑

j

θγj

1 + θγj

Proof: Since Γ
1+Γ is a monotonously increasing function,

θΓ
1 + θΓ

≤
∑

j θγj

1 +
∑

j θγj
<

∑
j

θγj

1 + θγj
.

�

Let us assume that the rates, and therefore the SIR-targets, are geometrically
related as ri+1 = µri, µ > 1, 1 ≤ i ≤ K − 1 and r1 > 0. Thus, it follows that
ri = µi−1r1, 1 ≤ i ≤ K. Further let µ be an integer, which is often the case in
real systems.

Lemma 5.2 For an optimal solution that maximizes throughput, each of the
rates r1, . . . , rK−1 can be used at most µ − 1 times.

Proof: Assume that ri, 1 ≤ i < K is assigned to µ users. Obviously µri = ri+1,
so by Lemma 5.1

γi+1

1 + γi+1
<

µγi

1 + γi
.

Therefore, the same throughput µri can be assigned with less utilization of the
slack in the capacity constraint (5.25) by giving ri+1 to one user. Hence, splitting
the rate over µ or more users cannot maximize throughput. �

Then we can find that under the above assumptions optimal throughput is ob-
tained.
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Proposition 5.3 GRP gives the maximum throughput with minimum transmis-
sion powers.

Proof: Assume that some user i is assigned a rate Ri = rk, k < K which is
lower than the one of GRP, say R∗

i = rp, k < p ≤ K. By Lemma 5.2, the rates
r1, . . . , rk in an optimal solution can only be used at most µ − 1 times each.
Therefore the remaining throughput of the solution is bounded by

(µ − 1)
k∑

j=1

rj = (µ − 1)
k∑

j=1

µj−1r1 = (µk − 1)r1 < µkr1 = rk+1

which means that the throughput that can be allocated will be lower than rp.
Therefore, user i must be assigned a rate Ri > rk. Recursively applying this
result, it follows that k must equal p, the GRP assignment. Thus in any step,
GRP assigns the optimal throughput. The power minimization follows from
Proposition 5.2, which concludes the proof. �

An interpretation of Proposition 5.3 is that, for an isolated or remote cell where
the inter-cell interference is small enough compared to the mobile’s maximum
power, we can guarantee the optimality of the GRP solution. This may be the
case of, for example the Infostation concept [37].

Remark 5.1 The downlink feasibility constraint can be written as

N∑
j=1

θγj

1 + θγj

(
Ij + ν

P̄ θgj
+ 1

)
≤ 1

and it can be shown that Proposition 5.3 applies to DGRP as well.

5.2.6 Minimum Rate Requirements

So far, the focus has been exclusively on best effort non-real time services, but it
is possible to utilize the concept of GRP for delay sensitive users with minimum
rate requirements. For this purpose, we suggest a modified GRP procedure, aim-
ing to support as many mobiles with their minimum rates, while simultaneously
managing the network excess capacity in a best effort manner. Henceforth we
limit ourselves to consider the minimum rate as r1 for all users. Then consider
the following steps:

GRP2

γi = 0 ∀i

Step 1. For i = 1 to N do

γi = {max γi :
∑i

j=1
γj

1+γj
≤ 1 − I+ν

min1≤j≤i

[
p̄gj

(
γj+1

γj

)] , γi ∈ {0, γ1}}
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R = {i : γi = γ1}

Step 2. For i ∈ R, i = 1, . . . , |R| do

γi = {max γi :
∑i

j=1
γj

1+γj
+ (|R| − i) γ1

1+γ1
≤ 1 − I+ν

min1≤j≤i

[
p̄gj

(
γj+1

γj

)] , γi ∈

{γ1, . . . , γK}}

where the users in R are ordered as g1 ≥ · · · ≥ g|R|. When the system consists
of a single block, GRP2 has the following property.

Proposition 5.4 Given a fixed I, the procedure GRP2 maximizes the number
of supported users with the minimum rate in the block.

Proof: We first show that the optimal rate assignment can be found by stepwise
rate removal from a system where all users initially are assigned γ1. Assume that
all users are allocated a target γ1 and rewrite (5.7) as N equations

N∑
j=1

γ1

1 + γ1
+

I + ν

p̄gi(γ1+1
γ1 )

+ εi = 1, 1 ≤ i ≤ N (5.26)

where the N inequalities are satisfied when εi ≥ 0 for all i. It suffices to show
that the proposition holds after Step 1. First, consider a removal procedure,
which always removes the mobile with the worst link gain until all εi are non-
negative. Given this procedure, let us define α(k) = mini∈N (k) εi where N (k)
is the set of non-removed mobiles at iteration k. Assume now that there exists
another removal procedure giving β(k) = mini∈M(k) εi where M(k) is the set of
non-removed mobiles at iteration k for that procedure. Clearly we have α(0) ≤
α(1) ≤ · · · ≤ α(n) and β(0) ≤ β(1) ≤ · · · ≤ β(m) where n and m are the minimum
necessary number of removals for each procedure respectively. Furthermore we
have α(k) ≥ β(k) for all k since in each step the first procedure always removes
the user having minimum εi. Hence, the remaining equalities cannot be satisfied
sooner than n steps, i.e., n ≤ m. Therefore the optimum rate assignment is
achieved by removing rates from users with low link gains until the system
becomes feasible. Comparing the solution of the first rate removal procedure
with one generated by the GRP selecting targets from γi ∈ {0, γ1} , it is obvious
that both are the same. �

By defining GSPC2 as GSPC but with GRP2 instead of GRP, we have the
same type of block distributed algorithm and the rate removal procedure is also
applicable to GSPC2.

5.3 Generalized Selective Power Control

In this section, it will be shown how to incorporate GRP into an algorithm with
the goal to maximize the throughput of a multiple cell system with minimum
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energy consumption.

5.3.1 Convergence

Consider the following iterative algorithm for the combined rate and power as-
signment in a multiple cell system.

Generalized Selective Power Control (GSPC) Each cell updates its SIR
target assignment for the users of the cell using GRP and correspondingly updates
the power of each user using (5.6) in every iteration.

So far, we have been assuming that N is the number of users in a given cell.
Now let us assume that the users in a cell can be partitioned into a number of
subsets, or blocks, and consider N to be the number of users in a given block.
Within a block we require that the quote (5.3) is constant, which equivalently
means that the Eb/Io or the bit error rate is kept constant. Therefore, users in
a block are assumed to have an identical service. In this setting, I stands for the
interference coming from outside of the given block. Then, our discussion so far
is still valid even if we replace the term “cell” by “block.” For example, in the
GSPC description above, we may use GSPC for the block-wise rate and power
update. Therefore, hereafter, we will use the term block, instead of cell. For the
special case where there is only one user in each block, GSPC is reduced to the
following algorithm for combined rate and power control, which was suggested
in [58]:

Selective Power Control (SPC)

pi(n + 1) = max
k∈{1,2,...,K}

{
γk

SIRi(p(n))
pi(n) · χ

(
γk

SIRi(p(n))
pi(n) ≤ p̄

)}
,

(5.27)
where χ (E) is the indicator function of the event E and p(n) the power vector
at iteration n. For SPC in each iteration, each mobile selects the maximum
feasible target SIR that can be achieved against the present interference.

GSPC can be interpreted as a locally centralized algorithm and requires that
the power value pi of mobile i is computed at the base station and is delivered to
mobile i. Then the base station to which mobile i is connected, could estimate
gi and I + ν needed for the GRP. SPC on the other hand needs to receive the
SIR from the base station and if the decoder itself cannot determine the used
rate, mobiles must deliver the chosen Ri to the base station.

For discussing the convergence property of GSPC, let us now define the
feasibility of a multi-rate system as follows:

Definition 5.1 A system is said to be feasible if every mobile i can be supported
with its maximum possible rate within the feasible power range. Otherwise, the
system is infeasible.
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When the system is feasible, it can be shown [58] using the framework of GD-
CPC, that SPC converges to a state where every active mobile is supported with
its maximum rate and the sum of the power of every mobile is minimized. For
GSPC, we can prove the the following property.

Proposition 5.5 When the given system is feasible, GSPC converges to the
power vector where every active mobile is supported with its maximum rate rK

and the sum of powers is minimized.

Proof: Let us first consider an unconstrained power control algorithm given by

pi(n + 1) = Ti(p(n)) =
I(n) + ν

1 −
∑N

j=1
γK

1+γK

γK

gi(1 + γK)
, (5.28)

where p(n) and I(n) denote the power vector and inter-cell (inter-block) in-
terference at iteration n. Let ⊗ be the element multiplication operator and
use a splitting M2= Ω−1(I − Ψ ⊗ H) and N2 = Ω−1 − I + (1 − Ω−1Ψ) ⊗ H
where Ω = [Ωii] and Ψ = [Ψii] are block-diagonal matrices with Ωkk = I and
Ψkk = 1, where k refers to the number of blocks. It can be shown that this
splitting reduces to (5.28). It is proven in [49] that the iteration (3.3) converges
to the power vector, say p∗, that achieves γK for every user with minimum total
transmission power, if such a power vector exits. Alternatively one can show
that (5.28) is a standard interference function. Therefore we can consider the
GDCPC framework,

pi(n + 1) = T̃i(p(n)) =
{

Ti(p(n)) if Ti(p(n)) ≤ p̄,
p̃i(n) if Ti(p(n)) > p̄,

(5.29)

where 0 ≤ p̃i(n) ≤ p̄. Then we can regard GSPC as a special case of the
above GDCPC where p̃i(n) is used if γK is not feasible at iteration n. Thus, by
Proposition 4.3, GSPC converges due to the convergent mapping T . �

5.3.2 Rate of Convergence

We find the following property on GSPC.

Proposition 5.6 When the given system is feasible, SPC gives the slowest
asymptotic average convergence rate among the class of GSPC algorithms.

Proof: Let us consider a power control algorithm given by

pi(n + 1) = T i(p(n)) =
γK

SIRi(p(n))
pi(n). (5.30)

Then it is shown in Example 3.2.1 that the above iteration converges to the power
vector, say p∗ that achieves γK for every user with minimum total transmission
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power, if such a power vector exits. In [49] it is shown that the spectral radius of
the iteration matrix of T is less than the spectral radius of the iteration matrix of
T , ρ(M−1

2 N2) < ρ(M−1
1 N1) where M1 and N1 are defined as in Example 3.2.1

with β = 1. Moreover, ρ(M−1
2 N2) is the smallest possible of all such consistent

splittings of the same block size [49]. Define the error vector ε1(n) as

ε1(n) = T (p(n)) − p∗, n = 0, 1, . . . (5.31)

In the same way, we can define the error vector for the algorithm (5.28) by

ε2(n) = T (p(n)) − p∗, n = 0, 1, . . . (5.32)

As (5.28) is asymptotically faster than (5.30), we can state the following. If
for a given number δ > 0, let n1(δ) (or n2(δ)) denote the minimum number of
iterations that give ||ε1(n)|| ≤ δ · ||ε1(0)|| for an arbitrary norm (or ||ε2(n)|| ≤ δ ·
||ε2(0)||). Then, from the faster rate of convergence, we have that n1(δ) > n2(δ)
as δ approaches zero. It is easy to see that SPC is a special case of the GDCPC
framework:

p̂i(n + 1) = T̂i(p(n)) =
{

T i(p(n)) if T i(p(n)) ≤ p̄,

p̌i(n) if T i(p(n)) > p̄,
(5.33)

where 0 ≤ p̌i(n) ≤ p̄. Thus, the question is if T̃ (GSPC) is asymptotically faster
than T̂ (SPC). Since both T̃ and T̂ are convergent mappings, as δ approaches
zero, each will follow the dynamics of T and T , respectively. Therefore, we can
say that T̃ is asymptotically faster than T̂ . �

5.3.3 GSPC with Gradual Rate Removal

If the system is infeasible, convergence of GSPC is not guaranteed. For example,
consider the snapshot of a two-user case in Figure 5.1, where each user can utilize
any of two rates. In this figure, we assume that each user is connected to different
base stations and let the p1 and p2 axes be the powers of the users. The straight
lines represent the linear equation system (5.4) with different rate assignments,
i.e., h

(l)
ij = γl

i
gj

gi
and η

(l)
i = γl

i
I+ν
gi

. As the maximum power constraint prohibits
both users from using the maximum rate simultaneously, it is clear that the
system throughput is maximized when only one user uses the maximum rate
while the other is using the lower one. Obviously there are two such solutions
pa and pb. But as the total used power is less for pa, we wish to make GSPC
converge to such a point. An underlying idea here is to constrain some users
to temporarily lower its maximum rate so that the induced system becomes
feasible. This can be done by using the transmitter removal concept in fixed
rate systems [8], which will be extended to rate removal in this chapter. As we
stated in the introduction, maximizing the system throughput with minimum
transmission powers is in the general case NP-complete. Therefore, convergence
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(2)
2

Figure 5.1: A two-user example when the maximum rate cannot be supported
for both users simultaneously within the power constraint(dashed). The two
solutions pa and pb give the same system throughput but the sum of powers is
minimized for pa.

to the optimal power and rate assignment cannot be guaranteed within a short
computational time, which calls for a heuristic algorithm. Based on Proposition
5.1, which states that users with favorable link gains should utilize high data
rates, we can construct the following rate removal algorithm.

Let Si(n) = {1, 2, . . . ,Ki(n)} where Ki(0) = K, be the set of possible rate
indices for mobile i at iteration n. Define a set of mobiles V(n) = {i : γi <
γKi(n),Ki(n) > 0} in each block and for each iteration. Then consider:

Gradual Rate Removal-GSPC (GRR-GSPC) After each iteration of GSPC
and for each block; if V(n) �= ∅, then remove one rate from user i0 such that
Si0(n + 1) = {1, 2 . . . ,Ki0(n) − 1} with a given probability δ, where
i0 = argmini∈V(n)gi.

In GRR-GSPC, if in each block, there are any users enjoying a rate less than its
maximum rate, then the maximum rate of the user with the lowest link gain of
those will be removed (one-step down) with a given probability δ.

Corollary 5.1 GRR-GSPC converges to a power vector 0 ≤ p ≤ p̄.

Proof: Starting from any power vector, it is clear that for GSPC there exist users
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i and iterations n such that γi < γKi(n) at least as long as the system is infeasible.
Thus if δ > 0, with probability one there exist iterations 0 < n0 < n1 < · · · < nR

where rates are removed. Therefore when n > nR, the power sequence generated
follows that of a feasible system, hence Proposition 5.5 guarantees convergence.
�

From GRR-GSPC, the rate assignment ended up with, is reached with the min-
imum power. The corresponding concept of GRR-GSPC applied to SPC yields:

Gradual Rate Removal-SPC (GRR-SPC)

pi(n + 1) = max
k∈Si(n)

{
γk

SIRi(p(n))
pi(n) · χ

(
γk

SIRi(p(n))
pi(n) ≤ p̄

)}
(5.34)

If γKi(n)

SIRi(p(n))pi(n) > p̄ and Ki(n) > 0, then Si(n+1) = {1, 2 . . . ,Ki(n)−1} with a
given probability δ. We see that for GRR-SPC, where each user is its own block,
there exists only one possible i = i0 and hence it is a special case of GRR-GSPC
and Corollary 5.1 applies to it as well. The reason for adopting a probabilistic
removal procedure, δ < 1, is that if too many users simultaneously remove their
rates, capacity gets wasted, since removing only a subgroup of these rates might
give a feasible system. For users with the same QoS requirement, the ones with
smaller link gains (at the cell boundary) will hit their maximum power more
frequently than the ones with higher gains. Therefore in GRR-SPC, it is very
probable that the mobiles with smaller link gains will reduce their rates.

5.4 Numerical Results

Evaluation is performed in the DS-CDMA system described in Chapter 2 and il-
lustrated in Figure 1.2. For a given instance, a total of 190 mobiles are generated,
the locations of which are uniformly distributed over the cells. The link gain
is modeled as a distance dependent path loss of fourth power and the shadow
fading factor is generated from a log-normal distribution with E(Sij) = 0 dB,
and σs = 8 dB. The base receiver noise power ν is taken to be 10−15 W, and
the maximum mobile power is set to 0.1 W. At every instance, the initial trans-
mission power of each mobile is randomly chosen from the interval [0,0.1]. Each
mobile is assigned to the base station that gives the lowest signal attenuation.
The received Eb/I0 from mobile i at the corresponding base is calculated by
adding the processing gain to the received SIR (in dB). We consider the uplink
of the system that has a chip rate of W=1.2288 mcps and assume that the radio
link can support four transmission rates, rk = 9.6 · 1

2k−1 kbps (k = 1, 2, 3, 4)
and naturally the zero rate if necessary. As in (5.3), the required minimum SIR
is assumed to be γk = γ · 1

2k−1 for supporting each 9.6 · 1
2k−1 kbps. In the simu-

lations, different values of γ are considered for representing different congestion
scenarios.
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Figure 5.2: The convergence rate in a feasible system for GSPC and SPC cap-
tured by the mean value of the power vector.
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Figure 5.3: Mean throughput per user of GSPC, GSPC2 and SPC in an infeasible
system.
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Figure 5.4: Mean power per user of GSPC, GSPC2 and SPC in an infeasible
system.
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Figure 5.5: Outage probability of GSPC, GSPC2 and SPC in an infeasible sys-
tem.
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Figure 5.6: Mean throughput per user of GRR-GSPC, GRR-GSPC2 and GRR-
SPC in an infeasible system.

In each iteration, the mean throughput per user, i.e., the total throughput
divided on all users is measured. Also the mean transmission power per user
and outage probability, are used as performance measures. To evaluate them, we
have taken fifty independent instances of mobile locations and shadow fading.
For each instance, we have performed the algorithm until the iteration number
reaches five hundred. The effective transmission rate for a given channel quality
is dependent on the receiver structure. In our simulation, we use a pessimistic
effective rate. That is, either the attained SIR is above the required threshold
and the throughput is the previously selected rate or otherwise, no data is re-
ceived. Two values γ = −14 dB and γ = −5 dB are set to represent low and
high system loads respectively. In the rate and power assignment, a slight fade
margin of 0.5 dB was added to the targets used in the GRP. We assume that a
cell constitute a block in GSPC.

In Figure 5.2, where all users can be supported with the maximum data rate,
Proposition 5.6 is illustrated as the mean of the power vector reaches its steady
state faster for GSPC than SPC. When the system load is significantly higher,
γ = −5 dB, and the system becomes infeasible, the throughput curves in Figure
5.3 reveal the oscillating behavior due to the unstable non-convergent behavior.
However, GSPC seems to be more stable as the oscillations are less severe than
for SPC. Clearly the throughput penalty for trying to guarantee the minimum
rate of GSPC2 is seen as well. The corresponding power level is much higher
for SPC as can be seen in Figure 5.4. From Figures 5.3 and 5.4, for this partic-
ular load, GSPC gives approximately 10 % higher throughput than SPC and at
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Figure 5.7: Mean power per user of GRR-GSPC, GRR-GSPC2 and GRR-SPC
in an infeasible system.

the same time about half the energy consumption. The outage in Figure 5.5 of
GSPC, is however almost 55 % as compared to 2 % for GSPC2. When applying
the rate removal, the probability δ should be chosen moderately so that the set
of rates removed in each iteration is relatively small. Note that for GRR-GSPC,
rates may be removed from mobiles that are not transmitting, so the removal
probability may be chosen much higher than GRR-SPC. There is obviously a
tradeoff between choosing a high removal probability which would give fast con-
vergence but low throughput and power, and a lower one which would give the
opposite. We have performed GSPC and SPC for different removal probabilities
and Figures 5.6, 5.7 and 5.8 are the curves that gave the best performance in
terms of throughput. The removal probability is 0.02 for SPC and 0.5 for GSPC
and GSPC2 respectively. For GRR-SPC, Figure 5.6 shows that throughput is
slightly increased compared to Figure 5.3. The same gain could not be seen for
GRR-GSPC, which suggests that GSPC itself gives solutions with high through-
put. The power level though, is rapidly decreasing as the rate removals give a
feasible system.

5.5 Concluding Remarks

We considered a DS-CDMA system with a discrete set of pre-determined SIR-
targets corresponding to different transmission rates. Since there are many com-
binations of transmission rates giving the same system throughput, we formu-
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Figure 5.8: Outage probability of GRR-GSPC, GRR-GSPC2 and GRR-SPC in
an infeasible system.

lated the problem of minimizing the total transmission power while trying to
maximize the throughput. For a single cell, the solution was characterized by
that high data rates should be allocated to users with high link gains. Practically,
setting the transmission rate to zero may cause problems to the synchronization
circuitry and some small positive rate must be used, as in [80]. The charac-
teristics of the single cell solution were used as a building block for a rate and
power assignment algorithm, GSPC, for a multiple cell system. Numerical results
showed that GSPC can reach higher throughput while the transmission powers
are considerably decreased, compared with SPC [58]. Furthermore, GSPC has a
merit of fast convergence and can significantly decrease the energy consumption,
when it is combined with the rate removal. The cost of GSPC is an increase of
overhead information but the gain seems to be large in terms of prolonging the
terminal’s service time as well as increasing the system capacity. We exemplified
that, when trying to assure each user a minimum rate, both system throughput
and energy consumption will be sacrificed for the fairness among the users.
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Appendix B

Derivation of (5.6) and (5.23):
For the uplink consider the relation (5.1) as

γi =
gipi∑

j �=i gjpj + I + ν
=

gipi∑N
j=1 gjpj − gipi + I + ν

(5.35)

which we may equivalently write as

gipi =
( N∑

j=1

gjpj + I + ν
) γi

1 + γi
. (5.36)

Summing over i and rearranging yields

N∑
j=1

gjpj =

∑N
i=1

γi(I+ν)
1+γi

1 −
∑N

i=1
γi

1+γi

(5.37)

which substituted in (5.36) gives (5.6):

pi =
I + ν

1 −
∑N

j=1
γj

1+γj

· γi

gi(1 + γi)
(5.38)

For the downlink consider

γi =
gipi

θ
∑

j �=i gipj + Ii + ν
=

gipi

θ
∑N

j=1 gipj − θgipi + Ii + ν
(5.39)

where Ii is the inter cell interference at receiver i and θ the orthogonality factor.
Solving for pi gives

pi =
γi

1 + θγi

(
θ

N∑
j=1

pj +
Ii + ν

gi

)
. (5.40)

Summing over i and rearranging yields

N∑
j=1

pj =

∑N
i=1

γi

1+θγi

Ii+ν
gi

1 −
∑N

i=1
θγi

1+θγi

(5.41)

which gives (5.23) when inserted into (5.40):

pi =
γi

1 + θγi

(∑N
j=1

θγj

1+θγj

Ij+ν
gj

1 −
∑N

j=1
θγj

1+θγj

+
Ii + ν

gi

)
(5.42)

Extension to θij = θi follows straightforwardly.



Chapter 6

Joint Power Control and
Intra-Cell Scheduling

The performance of DS-CDMA systems highly depends on the success in man-
aging interference arising from both inter-cell and intra-cell transmissions. In-
terference management in terms of power control for real-time data services has
been widely studied and has shown to be a crucial component for the function-
ality of such systems. In this chapter we consider the problem of supporting
downlink non-real time data services, where in addition to the power control,
there is also the possibility of controlling the interference by means of trans-
mission scheduling. One such decentralized schedule is to use time division so
that users transmit in a one-by-one fashion within each cell. We show that
this has merits in terms of saving energy and increasing system capacity. We
combine this form of intra-cell scheduling with a suggested distributed power
control algorithm for the inter-cell interference management. We address its
rate of convergence and show that the algorithm converges to a power allocation
that supports the non-real time data users using the minimum required power
while meeting requirements on average data rate. Numerical results indicate a
big potential of increased capacity and that a significant amount of energy can
be saved with the proposed transmission scheme.

6.1 Introduction

In the DS-CDMA cellular system, one adopted multiple access method for fu-
ture personal communication systems [30], the total received interference can be
divided into intra-cell interference, originating from simultaneous transmissions
within the cell and inter-cell interference caused by terminals transmitting in
other cells. To alleviate the impact of inter- and intra-cell interference, transmit-
ter power has turned out to be an important controllable resource for balancing

75
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the desired signal- and interference power at the receiver, rendering in increased
capacity and lower energy consumption. Much work has been performed in the
area of designing quality based power control algorithms for finding the min-
imum power allocation when users require fixed data rates at a given target
signal-to-interference ratio, see Chapters 1 and 4. Typically this direction sees
applications for voice services (see [53, 105] and references therein). The optimal
power solution for this problem has been shown to be Pareto optimal [71], i.e.,
minimizing each user’s transmitter power also minimizes the total sum power.
Integrated over time, this solution also minimizes the energy consumption. How-
ever, the requirement on a constant data rate and thus signal-to-interference
ratio, prohibits any interruption of the data stream and therefore the degree of
freedom to co-ordinate the transmissions in time is limited. Herein, we consider
the problem to support a given set of non-real time service users with a certain
required average data rate with minimum energy consumption obtained via a
minimum power solution. With average data rate, we mean that a least amount
of data has to be delivered over a specified time interval, a more relaxed con-
straint than a fixed data rate, which increases the options of adaptively planning
the transmissions. For such a planning scheme to be practical, it should be able
to quickly adapt to changing propagation- and traffic conditions and preferably
be distributed. One scheme that does not require any co-ordination between
base stations, is to plan the transmissions independently in a cell-wise manner.
Thus, in addition to power control, by utilizing the possibility of scheduling the
transmissions within the cell, the intra-cell interference can be efficiently avoided.
Since DS-CDMA systems are considered to be interference limited, less interfer-
ence allows for reduced transmission power, in turn increasing the capacity and
lowering the energy consumption. Hence it suggests that, if the same amount of
data can be delivered, the impact will be higher energy-efficiency since no power
is wasted combating the intra-cell interference.

In the chapter, we consider efficient use of the radio resources by exploiting
the delay tolerance of non-real time service users. Particularly we elaborate
on the one-by-one scheduling (TDMA) for the downlink transmission in a DS-
CDMA system. A crucial component is quality based power control but rather
than talking of minimum power solutions as in Chapters 4, 5 and [53, 71, 105], we
will direct this work towards minimum energy solutions, a more natural measure
for an average data rate seen over a time interval. The main focus herein is to
offer a given average data rate with minimum energy consumption while allowing
intra-cell scheduling, which is a form of a multiplexing scheme. We show that
intra-cell scheduling in terms of time division within the cells merits of higher
energy efficiency and system capacity than continuous transmission at a fixed
data rate. For finding the optimal powers, a distributed power control algorithm
is suggested and proven to drive the transmit power to the minimum power level
that guarantees the average data rate to the non-real time users. By minimizing
their power usage, interference is minimized and also more of the cell’s available
transmitter power is left for supporting real-time services or more non-real time
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users. With strong resemblance to the continuous transmission problem, the
power allocation can be found from a linear equation system, as in (3.2) but
expressed in the cell-site powers. It is found that this power solution minimizes
the energy consumption. Moreover, it is shown that the power control can
converge at a faster rate in the average data rate case than for the fixed data
rate case. Based on the spectral radius of the power control iteration matrix, we
identify a capacity gain of the proposed power control/scheduling concept.

6.2 Minimum Energy Problem

6.2.1 Refined System Model

For treatment of the downlink, we refine the general system model in Chapter 2
as follows. Consider the downlink of a DS-CDMA cellular system with M base
stations where N non-real time service users can access a common frequency
channel. Let user i be connected to base station bi and the set Bk = {i : bi =
k, 1 ≤ i ≤ N} contain the users connected to base station k. Consider a time
instant where the link gain between base station j and user i is stationary and
given by gij . Denote by p = (p1, p2, . . . , pN )T the downlink powers dedicated
to the users. Then the signal-to-interference ratio for user i can alternatively be
written as

SIRi(p) def=
gikpi∑

j �=i
j∈Bk

θijgikpj + Ii(p) + νi
(6.1)

where Ii(p) is the inter-cell interference for user i and νi is the thermal noise. The
quantity θij ∈ (0, 1] is the normalized cross-correlation between pi and pj at the
receiver of user i. In this chapter, we exclude θij = 0, since intra-cell scheduling
would in that ideal case be obsolete. Define P = (Pk) to be the vector of base
station powers where Pk =

∑
i∈Bk

pi. We assume that transmission rates are
adapted by varying the processing gain and that the effective data rate of user
i is given by the continuous and linear relation

Ri =
W

Γi
· SIRi(p). (6.2)

In (6.2), W is the common spreading bandwidth and Γi a required bit-energy-to-
noise-spectral-density ratio. Therefore, Ri is achieved with a tolerable maximum
bit error probability which is assumed to be a function of Γi, the desired Eb/I0.
Due to hardware constraints, the output power of the power amplifier is limited.
In the downlink, the power constraint is typically related to the sum of the cell’s
power rather than individual powers of the users. Therefore, if the cells have the
maximum power constraints given by a vector P̄, any feasible power assignment
must then fulfill 0 ≤ P ≤ P̄. The minimum power assignment for achieving
the data rates Ri, is obtained by putting Equations 6.1 and 6.2 on matrix form.
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Hence, solving the linear equation system, which has the same form as (3.2),

(I − H)p = η (6.3)

where H = [hij ] denotes an N × N matrix with elements

hij =

⎧⎪⎨⎪⎩
RiΓi

W θij i �= j, bi = bj

RiΓi

W

gibj

gibi
i �= j, bi �= bj

0 i = j,

and η = (ηi) is an N × 1 vector with ηi = RiΓi

W
νi

gibi
, gives the componentwise

smallest power vector. In this notation, the indices j may correspond to the
same physical base station.

6.2.2 Problem Definition

Assume now that there exists a specified scheduling interval, 0 ≤ t ≤ T , over
which a non-real time service user i requires a minimum average data rate Ri.
That is, at least TRi bits have to be received over the scheduling interval at the
quality specified by Γi. Consider the following problem of finding the transmis-
sion powers during T that minimize the total energy consumed.

minp(t)

∑N
i=1

∫ T

0
pi(t) dt (6.4)

s.t. 1
T

∫ T

0
ri(t) dt = Ri, ∀i (6.5)∑

i∈Bk
pi(t) = Pk, ∀k, 0 ≤ t ≤ T (6.6)

pi(t) ≥ 0, ∀i, 0 ≤ t ≤ T (6.7)

Pk ≤ P̄k, ∀k (6.8)

The instantaneous data rate is assumed to follow

ri(t) =
W

Γi
· SIRi(p(t)), (6.9)

the same linear relation as in (6.2). Thus we seek the optimum stationary
base station power allocation which delivers the data within the interval T with
minimum energy. Replacing constraint (6.6) with pi(t) = pi, the minimum en-
ergy problem reduces to the minimum power assignment problem for continuous
transmission considered in [53, 71, 105], that is Equation (6.3).

6.3 Intra-Cell Scheduling

As the service requirement is only specified in terms of an average rate over a
certain interval, described by constraint (6.5), it opens possibilities of more flex-
ible use of the spectrum, e.g., to schedule transmissions. One possible strategy
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to provide the average data rate is continuous transmission with the rate Ri,
i.e., reducing the problem to (6.3). Another way would be to transmit with a
higher rate but for a shorter time. This may not come for free though. When a
user utilizes a higher data rate, a high transmission power might be needed to
compensate for the decreased processing gain, which causes increased interfer-
ence for other users. Alternatively a user can still transmit at a higher rate using
the same power if the experienced interference can be decreased by transmission
scheduling. Our approach is to decrease the interference by proper scheduling.
To elaborate on this further, let us use the following definitions similar to those
in [115]:

Definition 6.1 A rate vector R = (R1, R2, . . . , RN ) is instantaneously achiev-
able if there exists a feasible power vector such that Ri ≤ W

Γi
SIRi(p) for all

1 ≤ i ≤ N .

Definition 6.2 A rate vector R = (R1, R2, . . . , RN ) is achievable in average if
it can be expressed as R =

∑
t ΦtR(t) where

∑
t Φt ≤ 1 and Φt ∈ (0, 1).

To interpret Definition 6.2, suppose TRi bits are transmitted during an interval
of length T using a sequence of rate vectors {R(t)}. Since TR = T

∑
t ΦtR(t),

Φt represents the fraction of the scheduling interval T the rate vector R(t) is
used. Now, consider rate vectors R(t), such that not more than one user per cell
has non-zero rate simultaneously. With these vectors, we can define intra-cell
one-by-one scheduling as follows:

Definition 6.3 If transmission is performed using a combination of rate vectors
R(t), where for every t and k, there exists at most one R

(t)
i > 0 for all i ∈ Bk,

then it is referred to as (intra-cell) one-by-one scheduling.

Further let
φi

def=
∑

t∈{t:R
(t)
i >0}

Φt

denote the fraction of the scheduling interval user i transmits in the one-by-one
schedule. Define for all i ∈ Bk

∆(pi)
def=

pi

Pk
, (6.10)

fi(p) def=

∑
j �=i

j∈Bk

θijgikpj

Ii(p) + νi
, (6.11)

where fi denotes the other-cell interference ratio for user i. We can then prove
the following proposition.

Proposition 6.1 If R = (R1, R2, . . . , RN ) is instantaneously achievable, it is
achievable in average by one-by-one scheduling.
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Proof: We prove the proposition by showing the achievability of one-by-one
scheduling when the total power that is used for all the users in the cell is
instead assigned to one single user at a time in the cell. Consider an arbitrary
cell k. When assigning Pk to one single user in cell k, the generated inter-
cell interference remains the same as if the cell power were divided on several
users. Thus other cells are not influenced by the intra-cell scheduling in cell k.
Therefore it is sufficient to prove the proposition for one single cell. For the
proposition to be true, there must exist φi:s such that for every user i ∈ Bk

Ri =
W

Γi

gikpi∑
j �=i

j∈Bk

θijgikpj + Ii(p) + νi
= φi

W

Γi

gikPk

Ii(p) + νi
(6.12)

where φi > 0. Using (6.10) and (6.11), we get

φi =
∆(pi)

fi(p) + 1
.

Then the proposition is true for cell k if the average rate can be achieved for all
users in the cell within the interval T by one-by-one scheduling, i.e.,

∑
i∈Bk

φi ≤
1. Since θij > 0 it implies that 1/(fi(p) + 1) < 1 and we have∑

i∈Bk

φi =
∑
i∈Bk

∆(pi)
fi(P) + 1

<
∑
i∈Bk

∆(pi) = 1 (6.13)

Hence
∑

i∈Bk
φi < 1 and all users in cell k can be scheduled within T . �

Proposition 6.1 says that capacity is not lost for scheduling non-real time ser-
vices. In fact, since

∑
i∈Bk

φi < 1, we can choose either to admit more non-real
time data traffic or to lower the transmit power so that more of the cell’s power
is left for real-time traffic. Given a rate vector R, to determine if it is instanta-
neously achievable is rather difficult with limited information of the link gains.
However, in the case where θij = θi, a relevant assumption when the signals are
transmitted from the same physical location, the following proposition gives a
necessary condition.

Proposition 6.2 If θij = θi, a necessary condition for a rate vector R to be
instantaneously achievable is

∑
i∈Bk

RiΓiθi

W+RiΓiθi
< 1 for all cells k.

Proof: Let θij = θi, then the power can be solved for from Equations (6.1) and
(6.2),

pi =
ΓiRi

W + ΓiRiθi
·
(
θi

∑
j∈Bk

pj +
Ii(p) + νi

gik

)
and therefore ∑

i∈Bk

pi =

∑
i∈Bk

RiΓi

W+RiΓiθi

( Ii(p)+νi

gik

)
1 −

∑
i∈Bk

RiΓiθi

W+RiΓiθi

.
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Clearly the total power must be positive and limited, from which the condition
follows. �

6.3.1 Energy Efficiency

A major benefit from using one-by-one scheduling is that it requires less energy
for delivering the same amount of data as for continuous transmission, which we
state below.

Corollary 6.1 For any single cell, one-by-one scheduling requires the least en-
ergy of all schedules for providing an average data rate.

Proof: Assume that the minimum energy solution requires that at least two
users transmit simultaneously between the times t1 and t2, 0 ≤ t1 < t2 ≤ T
and that the sum power of the users is Pk. Then the proof of Proposition 6.1
gives that if Pk is assigned to one single user in the cell at a time, the same data
amount transmitted in [t1, t2] can be delivered in δ < t2− t1 units by one-by-one
scheduling. Since the energy consumption in [t1, t2] of one-by-one scheduling is
δPk < (t2 − t1)Pk, simultaneous transmissions cannot minimize the consumed
energy. �

Corollary 6.1 says that if no co-ordination between cells is considered, which
by constraint (6.6) is our assumption, one-by-one scheduling is necessary for
minimizing the energy consumption. In other words, the solution of (6.4)-(6.8)
will use time division within the cells. The energy consumed in a cell by one-
by-one scheduling is

∑
i∈Bk

φiPkT when Pk is assigned to a single user. For a
single cell k, let us define the relative energy efficiency of one-by-one scheduling
as compared to continuous transmission

E
def=

PkT∑
i∈Bk

φiPkT
=

1∑
i∈Bk

φi
> 1

where the last inequality follows from Proposition 6.1. For user i the relative
energy efficiency is

Ei
def=

piT

φiPkT
= fi(p) + 1 > 1.

This means that the whole system will use relatively less energy as will every
user in it. Assuming that θij = θi, from the definition of fi(p), the relative
energy efficiency is approximately given by Ei ≈ 1 + θigikPk

Ii(p)+νi
. This is intuitively

understood as if there is much intra-cell interference (θigikPk high) and less
inter-cell interference (Ii(p) + ν low), there is large possible gain from one-by-
one scheduling in terms of improved energy efficiency. Closed form expressions
of E and Ei are given in [20].
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Since
∑

i∈Bk
φi < 1, it is possible to lower the transmission power and com-

pensate the lower data rate by prolonging the duration of the transmission so
that users are scheduled over the whole interval T . For that purpose, we may
normalize the φi:s such that φ′

i = φi∑
i∈Bk

φi
which gives

∑
i∈Bk

φ′
i = 1. From

Equation 6.12, when replacing φi with φ′
i, we must consequently adjust the

power to P ′
k =

∑
i∈Bk

φiPk for maintaining the same average data rate. There-
fore

∑
i∈Bk

φ′
iP

′
kT =

∑
i∈Bk

φiPkT and the energy consumption remains the
same, thus E and Ei are unchanged. This is exemplified in Figure 6.1.

6.3.2 Minimum Time Span

For some services, the quality guarantee is in the form of a maximum message
delay. The problem of minimizing the maximum message delay given a certain
amount of data in each user’s buffer was studied in [52] and referred to as
the minimum time span problem. An analysis was carried out but practical
algorithms for achieving the optimal schedule were not suggested. Consider any
single cell in the system and the case where each user i has RiT bits to transmit.
Then one-by-one scheduling minimizes the total time it takes for all users in the
cell to transmit their data.

Corollary 6.2 For any single cell, the minimum time span for transmitting the
data of all users, is achieved by one-by-one scheduling using Pk = P̄k and is
given by T ·

∑
i∈Bk

φi.

Proof: Assume that the minimum time span solution requires that at least two
users transmit simultaneously between the times t1 and t2, 0 ≤ t1 < t2 ≤ T
and that the sum power of the users is Pk. Then the proof of Proposition 6.1
gives that if Pk is assigned to one single user at a time in the cell, the same data
amount transmitted in [t1, t2] can be delivered in δ < t2− t1 units by one-by-one
scheduling. This contradicts to the assumption, thus simultaneous transmissions
cannot minimize the time span. From (6.2) it follows that the rate is maximized
and thus time span minimized when using maximum power, P̄k. �

If no co-ordination between cells is considered, which is our assumption, one-by-
one scheduling is necessary for minimizing the time span.

6.4 Distributed Power Control

Since
∑

i∈Bk
φi < 1 in all cells when using the same total transmission power as

for continuous transmission, it is possible to use one-by-one scheduling but with
less transmission power. The lowest such power assignment will yield

∑
i∈Bk

φi =
1 for all cells k, which is found by utilizing the whole scheduling interval for
transmission. For that purpose we use Equation (6.12) expressed in P to solve
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Pk

P ′
k

t1 t2 T

Figure 6.1: An example of two users transmitting in a one-by-one fashion using
the power Pk (solid). By utilizing the whole scheduling interval T , the power
can be decreased to P ′

k (dashed), where φ′
1 = t1

t2
, φ′

2 = 1 − φ′
1 and P ′

kT = Pkt2.

for a state such that,

∑
i∈Bk

φi =
1

WPk

∑
i∈Bk

RiΓi

gik
(Ii(P) + νi) = 1

for all M cells. Thus, this is a linear equation system in P and evaluating for
k = 1 we get

P1 − P2

( 1
W

∑
i∈B1

gi2

gi1
RiΓi

)
− . . . − PM

( 1
W

∑
i∈B1

giM

gi1
RiΓi

)
=

1
W

∑
i∈B1

RiΓiνi

gi1
.

Proceeding in the same manner for the other rows, we can write the problem in
matrix form as

(I − H̃)P = η̃ (6.14)

where the matrix elements of the M × M iteration matrix H̃ are

h̃ij =
{ 1

W

∑
k∈Bi

gkj

gki
RkΓk i �= j

0 i = j

and η̃ is a M × 1 vector with η̃i = 1
W

∑
k∈Bi

RkΓkνk

gki
.
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Now for the purpose of solving (6.14) in a distributed fashion, consider the
following iterative power control procedure,

P(n + 1) = H̃P(n) + η̃ (6.15)

or equivalently for each cell k,

Pk(n + 1) =
1
W

∑
i∈Bk

RiΓi

gik
(Ii(P(n)) + νi).

Taking into account the power constraint we can define intra-cell scheduling
power control by defining the mapping

(ICSPC)

T (P) def= min{P̄, H̃P(n) + η̃}. (6.16)

6.4.1 Convergence

The following result guarantees that the optimal power allocation will be found.

Proposition 6.3 For any initial P(0) ≥ 0, the mapping T converges with ge-
ometric rate to a power vector that supports

∑
i φi = 1 for all cells, if such a

power allocation is feasible.

Proof: Consider the weighted maximum norm ||P||W∞ = ||WP||∞ and the

consistent weighted matrix norm ||H̃||W∞ = ||WH̃W
−1

||∞ where W = diag
[

1
ei

]
.

It can be shown that H̃ is irreducible and non-negative and therefore has a
positive real eigenvalue equal to its spectral radius ρ(H̃). By Proposition 3.3,
a necessary condition for a feasible solution of (6.14) to exist is ρ(H̃) < 1. Let
e = (ei) be the Perron eigenvector, H̃e = ρ(H̃)e, then

||T (P(n)) − P∗||W∞ ≤ ||H̃P(n) + η̃ − P∗||W∞
= ||H̃P(n) + η̃ − (η̃ + H̃P

∗
)||W∞

≤ ||H̃||W∞ · ||P(n) − P∗||W∞ .

Therefore,
||P(n) − P∗||W∞ ≤ ρ(H̃)n||P(0) − P∗||W∞ ,

so if ρ(H̃) < 1 and the fixed point is within the feasible power range, T is a
pseudo-contraction mapping with respect to the weighted maximum norm and
converges to a unique fixed point given by P∗ = T (P∗) which is the solution to
(I − H̃)P∗ = η̃ �
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Remark 6.1 It is also possible to prove convergence of T by verifying that it
is a standard interference function [105], which also guarantees its asynchronous
convergence.

It should also be pointed out that the ICSPC algorithm will converge to a fixed
point even if R is not achievable in average. In that case, at least one cell will
use Pk = P̄k. This phenomenon could be utilized as an incentive for removing
users and decreasing some users’ data rates. The power control algorithm (6.16)
also exhibits the property that if all cells are supported, the powers decrease
monotonously and all cells stay supported. This is stated below, where φi(n)
denotes the value at iteration n.

Corollary 6.3 If there exists an iteration n where
∑

i∈Bk
φi(n) ≤ 1 for all cells

k, then
Pk(n + l) ≤ Pk(n + l − 1)

and ∑
i∈Bk

φi(n + l) ≤ 1

for all k and l ≥ 1.

Proof: Using (6.12), we can equivalently express the power control algorithm
as

Pk(n + 1) =
∑
i∈Bk

φi(n)Pk(n).

Let l = 1 and assume that
∑

i∈Bk
φi(n) ≤ 1 which gives gives Pk(n+1) ≤ Pk(n)

for all k. We have,∑
i∈Bk

φi(n + 1) =
1

WPk(n + 1)

∑
i∈Bk

RiΓi

gik
(Ii(P(n + 1)) + νi)

=
1

W 1
W

∑
i∈Bk

RiΓi

gik
(Ii(P(n)) + νi)

∑
i∈Bk

RiΓi

gik
(Ii(P(n + 1)) + νi)

≤ 1.

By mathematical induction, the relation holds for l ≥ 1. �

6.4.2 Rate of Convergence

The proof of Proposition 6.3 illustrates how the rate of convergence is strongly
related to the spectral radius of the iteration matrix. Now, let us compare with
the continuous transmission problem in Equation 6.3. A related way to distribu-
tively find that optimal power allocation, neglecting the power constraints, is to
use a mapping T (p(n)) = Hp(n) + η suggested in [33], also see Example 3.2.1.
In a similar manner, it can be shown that this algorithm will asymptotically
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converge at the rate ρ(H). The issue of faster convergence is then reduced to
relating the different spectral radii of H and H̃. If we define a new N×N matrix
Ĥ with elements

ĥij =

⎧⎪⎨⎪⎩
0 i �= j, bi = bj

RiΓi

W

gibj

gibi
i �= j, bi �= bj

0 i = j.

we have by Theorem 2.1-16 in [108] that ρ(Ĥ) ≤ ρ(H) with equality only if
there exists exactly one user per cell. The Ĥ matrix can be interpreted as the
iteration matrix of a problem where no intra-cell interference exists, for example
by fully orthogonal spreading sequences at the receiver but it is also useful for
describing intra-cell time division. We can relate its spectral properties to H̃ by
the following proposition. First we observe the following on its matrix spectrum.

Lemma 6.1 Ĥ has less than or equal to M distinct eigenvalues.

Proof: Consider the transposed matrix ĤT = [ĥji]. As all rows i ∈ Bk in
ĤT are equal for a given k it implies that it can have up to M distinct non-
zero eigenvalues. Using the well-known property that Ĥ shares the same set of
eigenvalues as of ĤT , the Lemma follows. �

Proposition 6.4 The spectral radius fulfills ρ(H̃) = ρ(Ĥ) ≤ ρ(H) where the
inequality becomes equality only if there is exactly one user per cell. In particular,
ρ(H̃) < 1 iff R is instantaneously achievable.

Proof: Let e = (ei) be an eigenvector such that Ĥe = λe. Then for any k ∈ Bi

N∑
j �=k

j=1

ĥkjej =
RkΓk

W

M∑
j �=bk
j=1

gkj

gkbk

∑
l∈Bj

el = λek

∑
k∈Bi

RkΓk

W

M∑
j �=i

j=1

gkj

gki

∑
l∈Bj

el = λ
∑
k∈Bi

ek. (6.17)

Define
Wi

def=
∑
k∈Bi

ek (6.18)

so that (6.17) becomes

M∑
j �=i

j=1

∑
k∈Bi

RkΓk

W

gkj

gki︸ ︷︷ ︸
h̃ij

Wj = λWi.
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Therefore we have shown that W = (Wi) is an eigenvector of H̃ with eigenvalue
λ. By Lemma 6.1, Ĥ has ≤ M distinct eigenvalues which therefore also are
eigenvalues of H̃. It is clear that if zero is an eigenvalue of Ĥ, it is also an eigen-
value of H̃. We next show that H̃ does not have any other non-zero eigenvalues.
If Ĥ has exactly M distinct eigenvalues then it is trivial but if Ĥ has M ′ < M
distinct eigenvalues we must show that H̃ does not have any additional eigen-
values. Assume that λ′ �= 0 is an eigenvalue of H̃ but not of Ĥ. Let W = (Wi)
be the eigenvector of H̃ corresponding to λ′. If we choose

ek =
1
λ′

RkΓk

W

M∑
m �=i

m=1

gkm

gki
Wm, ∀k ∈ Bi

we obtain for row k

N∑
j �=k

j=1

ĥkjej =
RkΓk

W

M∑
j �=i

j=1

gkj

gki

∑
l∈Bj

1
λ′

RlΓl

W

M∑
m �=i

m=1

glm

glj
Wm

=
RkΓk

λ′W

M∑
j �=i

j=1

gkj

gki

M∑
m �=i

m=1

∑
l∈Bj

RlΓl

W

glm

glj
Wm

︸ ︷︷ ︸
λ′Wj

=
RkΓk

W

M∑
j �=i

j=1

gkj

gki
Wj = λ′ek,

which contradicts to the assumption that λ′ is not an eigenvalue of Ĥ. Therefore
Ĥ and H̃ have the same non-zero eigenvalues. Since ρ(Ĥ) is the maximum
modulus eigenvalue of Ĥ, it follows that it is also the spectral radius of H̃ and
the corresponding Perron eigenvector can be found from (6.18). A necessary
condition for R to be instantaneously achievable is that Equation 6.3 has a
feasible solution. By Proposition 3.3, Equation (6.3) has a unique and positive
solution iff ρ(H) < 1. Therefore, we can conclude that ρ(H) < 1 iff R is
instantaneously achievable. �

Hence, if R is instantaneously achievable, the ICSPC algorithm (6.16) will always
converge. If the mobiles connect to the base station with lowest attenuation, a
condition for determining if R is achievable in average sense, is given by the
following result.

Corollary 6.4 When M ≥ 2, a sufficient condition for (6.14) to have a positive
solution P ≥ 0 is that ∑

i∈Bk

RiΓi <
W

M − 1
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for all cells k.

Proof: From Corollary 1, p. 17 in [99], ρ(H̃) is less than or equal to the
maximum modulus row sum of H̃. Since gij ≤ gik when i ∈ Bk and from
Proposition 3.3, the spectral radius must be strictly less than unity. This gives,

1
W

M∑
j �=k

j=1

∑
i∈Bk

gij

gik
RiΓi ≤ 1

W

M∑
j �=k

j=1

∑
i∈Bk

RiΓi

=
M − 1

W

∑
i∈Bk

RiΓi < 1,

from which the condition follows. �

It should be pointed out that Corollary 6.4 could be very conservative, especially
if gij � gik. This is likely to occur when M increases, implying that Corollary
6.4 has its practical applicability limited to low M .

Proposition 6.4 shows that the power control for the scheduled system (6.14)
may be performed faster than for (6.3), which practically is important in an ever
changing radio environment. Not only is the spectral radius important from a
rate of convergence point of view. It has also been identified as a measure
strongly related to congestion and capacity [43]. For example, an α ≥ 1 may
always be found so that ρ(αH̃) = ρ(H). For upholding the same congestion,
spectral radius in this case, all users in the one-by-one scheduled system may
therefore increase their data rates α = ρ(H)/ρ(H̃) times. Thus the capacity is
not less by this transmission scheme, which was also shown by Proposition 6.1.
A quantitative measure of α can be found by the following approximation.

α ≈ SIR|θ=0

SIR|θ �=0
≈

C
(0+f−1)I

C
(θ+f−1)I

= 1 +
θ

f−1
(6.19)

That is, the capacity gain is linear in the orthogonality factor.
Since the power vector obtained from (6.14) is the smallest possible and the

necessary condition from Corollary 6.1 of one-by-one scheduling is fulfilled, we
can conclude that this cell-site power allocation is optimum and solves problem
(6.4). There are however different orders in which the users in each cell could
be scheduled but that does not violate any of the above results. The practical
version of the suggested scheduling and power control procedure is to in each
cell independently let one user i transmit until RiT bits have been delivered,
then user i is shut off until all other users in the cell have delivered their data
in the same manner.
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6.5 Numerical Results

Numerical evaluation is performed by system simulations of a two dimensional
hexagonal system (see Figure 1.2). We let 10 users be dispersed uniformly over
each cell’s area and connect to the strongest base station. For a given instance,
a total of 190 mobiles are generated, the locations of which are uniformly dis-
tributed over the cells. The link gain is modeled as a distance dependent path
loss of fourth power and the shadow fading factor is generated from a log-normal
distribution with E(Sij) = 0 dB, and σs = 8 dB. The base receiver noise is taken
to be νi = 10−15. The required bit-energy-to-noise-spectral-density ratio is set
to Γi = 8 dB for all users. In Figure 6.2, the result of 1000 independently
generated H matrices is depicted for different orthogonality factors θ and the
same data rate Ri = R is used by all users. The figure shows the overall system
relative energy efficiency of the suggested power control and scheduling concept
for the cases where the rates are instantaneously achievable. That is, we plot∑

i p
∗T/

∑
i P

∗T , where p∗ is the power vector for supporting R instantaneously

which can be solved from Equation 6.3 and P∗ = (I − H̃)
−1

η̃. The plot shows
that for high data rates and orthogonality factors, the same data amount can
be delivered with approximately four times less energy if we are to use the pro-
posed transmission scheme. For high data rates, the gain strongly varies with
the orthogonality factor.

Figure 6.3 shows the convergence rate of the power control algorithm, mea-
sured as the normalized Euclidean distance to the fixed point, ||ε(n)||2

||ε(0)||2 = ||P(n)−
P∗||2/||P(0)−P∗||2, in each iteration for different data rates. The initial power
vector is chosen from a uniform distribution, P(0) ∈ [0, 1] and P̄ is set to 5 W.
It is for example seen that for R = 10 kbps at 20 iterations, the normalized
distance is about 10−9, which in turn suggests that the algorithm converges fast
and is able to quickly react to changes in traffic. As the data rate is decreased
by half to 5 kbps, the convergence is faster, which is expected since the spectral
radius of the iteration matrix decreases by the same portion.

The capacity increase is illustrated by Figure 6.4 with a solid line where
ρ(H)/ρ(H̃) is plotted as function of the orthogonality factor. The relation is
verified to be linear with a maximum gain of approximately 2.7 times when the
orthogonality factor is unity. In [100], values of f−1 have been obtained for the
uplink using constant received power control. For small orthogonality factors,
the optimal power solution contained in Proposition 6.2 quantitatively resembles
a constant received power. Therefore, an approximation can be to consider
the f−1 values also for the downlink. It was shown in [100] that when the
propagation attenuation is of fourth power and log-normal fading has standard
deviation 8 dB, the factor is f−1 = 0.55. In Figure 6.4, we plot the approximation
(6.19) using f−1 = 0.55. For low θ, the curve shows a reasonable approximation
to the simulated results.

The relation between the relative energy efficiency and capacity gain can be
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Figure 6.2: The relative energy efficiency for different orthogonality factors θ as
function of the users’ data rate.

found by simultaneously studying Figures 6.2 and 6.4. For example, if θ = 1 and
the data rate is larger than 9 kbps, the relative energy efficiency is larger than
≈ 2.7, the relative capacity gain at θ = 1, whereas for lower data rates there
is a larger gain in the relative capacity than for the relative energy efficiency.
For small values of the orthogonality factor, e.g., θ = 0.2, the relative capacity
gain is always larger than the relative energy efficiency. The consequence of this
is a tradeoff between throughput and energy conservation; whether the powers
should be set to minimize the energy or if more traffic should be admitted.

6.6 Concluding Remarks

In this chapter, we considered the problem of delivering data with minimum
energy to users with a required average data rate for a downlink DS-CDMA sys-
tem. It is observed that having a QoS constraint based on an average rather than
an instantaneous data rate opens possibilities of flexible transmission schedul-
ing. We proposed a form of combined intra-cell scheduling and power control,
where only one user in the cell is allowed to transmit at a time. By such a
scheduling, we showed that the same data can be delivered with less energy. For
the purpose of supporting the average data rate with as small energy consump-
tion as possible, we combined the scheduling with a suggested convergent dis-
tributed power control algorithm adjusting cell-site powers. Another advantage
of decreasing the power level to the minimum, is that the inter-cell interference
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becomes stable and less bursty. The power control problem was reduced to a
familiar linear equation system and by comparing the different spectral radii
of the iteration matrices, it was found that the system capacity was increased
from the proposed scheduling/power control scheme as compared to the normal
power control problem. This is due to a smaller spectral radius of the scheduled
system which also means that the power control can converge faster. Numeri-
cal results indicate that with the proposed concept the transmit powers can be
significantly decreased, which opens possibilities for supporting more real time
users or admitting more non-real time traffic. The issue of determining the order
in which intra-cell transmissions should be performed was not addressed here.
In addition, it is expected that there may be gains which are not captured in
this work. For example, in each cell k, if the users are scheduled in the order of
the factors gik/Ii(P), it is likely that if T is sufficiently long, the time varying
channel may improve the link gains of the worst mobiles. Future work could
include other models than (6.2), e.g., the non-linear relations described in [88]
and upper bounds on the data rates. Interestingly an iteration matrix of the
similar condensed form has appeared in [56] but in a different context. Other
mappings than the suggested ICSPC can be used on the H̃ matrix as well.



Chapter 7

Path Gain Based
Constrained Power Control

Power control has been proposed as a tool to improve the performance of packet
radio systems in terms of increased throughput and battery lifetime for mobile
terminals. In this chapter we study the tradeoff between transmitter power
dynamic range, average energy consumption and the achievable throughput for
a simple power control algorithm in a slotted ALOHA radio system with finite
population. As the interference for this type of packet traffic may be much
more bursty, estimating the SIR accurately could be troublesome. Therefore,
we adopt path gain based power control, which is feasible for this situation on
the contrary to the quality based power control considered in Chapters 3-6.

7.1 Introduction

In wireless communications, random access packet radio systems are frequently
used for applications where there is a rapid delivery of small messages arriving
at irregular intervals. Such systems are well suited for simple, distributed im-
plementation and are able to provide a low packet delay as long as the traffic
load remains moderate. In a common type of application a large number of
(mobile) terminals transmit messages to a single receiving (base-) station. The
simplest and most widely studied access protocol for this application is the slot-
ted ALOHA protocol [1] where the terminals transmit their packet at random
with a certain probability in every time slot, whenever there is one ready for
transmission. Collisions, i.e., the simultaneous transmission of several packets
in a time slot, are in the classical models assumed to be “fatal” and all involved
packets have to be re-transmitted. However, in wireless systems where signals
are subject to near-far effects and random variations due to fading this assump-
tion is quite pessimistic. The packet with the largest received power is in many
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cases able to capture the receiver and “survive” a collision and may thus be
received correctly. It was shown that this power capture effect increases the
throughput significantly compared to the classical model [12, 36, 74].

Using transmitter power control has been proposed to improve the through-
put performance of slotted ALOHA system. Already in 1976, Metzner [69]
showed that unity throughput, i.e., one packet per slot can be achieved by us-
ing a clever, but hypothetical, power control scheme. Several more realistic so
called path loss based schemes have been proposed since, e.g., [83, 101]. These
schemes make the quite realistic assumption that the path loss (or its inverse
the path gain) can be estimated by means of a pilot signal transmitted by the
base station and assuming reciprocity in the path gains. The most efficient
power control regimes in this class increase the transmit power for the terminals
with low path loss and decrease it for the ones with high path loss. The result
is that the already strong signals are enhanced whereas the weak signals are
further suppressed, which in turn increases the probability of capture. The com-
mon problem in all these schemes is that, although the throughput performance
is improved, little is known about the energy consumption and the transmit-
ter power requirements. Furthermore, enhancing the capture effect inevitably
means increasing the differences in received and thus transmitted power levels.
In Metzner’s scheme [69] for example, the required maximum transmitter power
tends towards infinity as we push the throughput closer and closer to unity.
This is disturbing, since the energy consumption of the terminals in a mobile
system is an important issue. The transmitter power requirement and the en-
ergy consumption in the mobile terminals therefore constitute the main focus of
this chapter.

Here we propose a constrained path gain based power control scheme, which
from an implementational point of view is more realistic. Since the battery is a
limited source of energy, it is of the utmost importance that the whole communi-
cation system, including the radio resource management algorithms, is designed
for high energy efficiency. Power management in conjunction with transmission
schemes is currently a rather active area, pushed by the emerging standards of
wireless local area networks (WLANs). In [87], optimal power control strategies
for maximizing the battery lifetime under QoS constraints were studied. Design
and energy performance of error control schemes with limited power sources
were studied in [116] and it was emphasized that the traditional persistent re-
transmission schemes may not be desirable for reducing the number of failed
transmissions. Tradeoffs between throughput and energy efficiency were inves-
tigated in [28] for a retransmission protocol design for channels with memory.
In [27], a framework for analyzing energy consumption performance of multiple
access protocols was developed.

Here we investigate energy-efficient power control in a noisy slotted ALOHA
system and focus on possible design choices. In the sequel we investigate the
tradeoff between the protocol performance in terms of maximum achievable
throughput and the requirements on transmitter dynamic range and average
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energy consumption.

7.2 Proposed Constrained Power Control Scheme

We study the uplink of a single-cell system where a finite population of trans-
mitters is uniformly distributed over a circle and a receiver located in the center
of the cell. The probability density function of the distance D between the
transmitter and the receiver is given by,

fD(r) =
{ 2r

D2
max

0 ≤ r ≤ Dmax

0 otherwise.
(7.1)

The radio wave propagation is here modeled with three components; the deter-
ministic distance attenuation, the shadowing described by means of a log-normal
variable and fading due to multi-path propagation causing the envelope to vary
according to the Rayleigh distribution. With these assumptions, using Equation
2.2 the path gain for transmitter t at distance r can be expressed as,

Gt = R210
σsX
10 Kr−β (7.2)

so when using transmit power Ptx,t, the received power becomes Ct = GtPtx,t.
In (7.2), R is a Rayleigh distributed random variable such that the average
power E[R2] is unity. The log-normal standard deviation is σs dB, K is a
constant and X is a normally distributed random variable with zero mean and
unit variance. The Rayleigh- and log-normal fading components are assumed to
be independent. We assume a non-stationary scenario such that Gt is generated
for each transmission attempt. Estimating the rapidly varying R2 may be hard,
thus an estimate of the local average path gain will be available for the power
assignment. An ideal estimate is Ĝt = Gt/R2. In this chapter we assume that a
packet is captured and thus correctly received if the ratio between the received
signal power and the total interference plus noise power is above some capture
ratio. Considering the thermal noise level ν and the capture ratio c, a packet
from transmitter t is captured and correctly received if

Ct > c ·
( ∑

j �=t

Cj + ν
)
. (7.3)

This corresponds to Equation 2.6 in the sense that the SIR must be above c in
each slot for packet capture.

Corollary 7.1 If there exists an i such that Ci > c ·
(∑

j �=i Cj +ν
)
, then ∀k �= i

0 <
Ck∑

j �=k Cj + ν
<

1
c
.
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Proof:

0 <
Ck∑

j �=k Cj + ν
<

c−1Ci − (
∑

j �=i,k Cj + ν)∑
j �=k Cj + ν

=
c−1Ci − (

∑
j �=i,k Cj + ν)

Ci +
∑

j �=i,k Cj + ν
< c−1

�

We consider a system where c > 1, which is common for non-spread spectrum
communications, so if (7.3) holds for transmitter t, it follows from Corollary 7.1
that only the strongest received packet can be captured.

By assuming that a pilot signal is used to estimate the path gain, we consider
the following constrained power control algorithm where the transmit power for
user t is

Ptx,t = min
{

Pmax,max
{

Pmin,

(
Ĝt

G0

)α}}
, α ≥ 0, (7.4)

where Pmax and Pmin are the upper and lower transmission bounds respectively.

The reference gain is here set to G0 = P
− 1

α
minD−β

max. The objective of this algorithm
is to exaggerate the received power differences in order to increase the probability
of capture, thus the SIR, implicitly defined by (7.3), for some user t has to
increase. If Ĝt > Ĝj ,∀j �= t, it follows from the monotonicity of (7.4) that
Ptx,t ≥ Ptx,j and we can expect that the difference in received power increases.
Thus the power assignment (7.4), may improve the probability of capture for
any path gain, as compared to using a fixed transmit power Pmin.

7.3 System Model and Performance Measures

By introducing the restriction that no new packets are generated while the user
is waiting for retransmission, the packet origination process can be modeled by a
finite state Markov model [74]. Consequently this restriction allows us to discard
any queuing delays since there are no queues. The model allows a transmitter to
be in either of three states; origination (O)-, transmission (T)- or retransmission
(R) state. At the beginning of a time slot, an O-state terminal changes to the
T-state with the packet origination probability p0 and transmits a packet. If the
packet was correctly received, which occurs with a certain capture probability,
there is a transition to the O-state, otherwise the R-state. In the R-state a
transition to the T-state occurs with the probability pr and a retransmission is
executed. In the evaluation we will use pr = 10p0 as in [101]. A user belonging
to the R-state is referred to as backlogged. Due to difficulties of finding a closed
form expression of the capture probability, we evaluate the proposed algorithm
with system simulations with 50 transmitters in a single cell.

The dynamic power range of the transmitter is defined as ∆P=Pmax

Pmin
and

we relate the absolute level of Pmin to the signal-to-noise-ratio (SNR) at the
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cell border as Pmin = kfcνDβ
max where kf is the fade margin, which is a free

design parameter. As a measure of the protocol performance, we perform simu-
lations over a range of α and p0 values to find the maximum achievable through-
put as a function of the dynamic range and the fade margin, S∗(∆P, kf ) =
maxα,p0 S(∆P, kf , α, p0). As a measure of the energy consumption we define
E∗(∆P, kf ) as the average used energy per correctly received packet at S∗(∆P, kf ),
including all transmissions. This measure is related to the inverse of the energy
efficiency as defined in [27].

7.4 Numerical Results

Numerical results are obtained from the model above with the fixed parameter
values taken as c = 4, ν = 10−12, β = 4, σs = 6 dB and K = 1. In Figure 7.1,
we see that for low ∆P , a small increase in dynamic range gives a significant
improvement in achievable throughput. This gain is particularly large for kf =
−10 dB, where the powers are closer to the noise power, i.e., the increased
dynamic range is mainly “used” for overcoming the noise. We note that the
increase in throughput is rather slow for large ∆P , thus further increasing the
dynamic range only gives a moderate throughput increase. A scheme using
constant transmit power corresponds to ∆P = 0 dB. Figure 7.2 depicts the
corresponding energy performance. We see that the order of magnitude of the
curves is proportional to that of kf , therefore it would be beneficial with respect
to energy consumption to operate with small kf . From Figure 7.1 and 7.2, we
observe that for a given ∆P , a lower kf will offer lower achievable throughput S∗

but to a significantly lower energy consumption. Further, for a given requirement
on S∗, a low ∆P could be chosen but to the cost of high energy consumption
or a higher ∆P could be chosen, which would offer the possibility of using
lower kf and thus lower energy consumption. This is illustrated in Figure 7.3,
where, e.g., S∗ = 0.65 can be obtained with approximately five times less energy
consumption for kf = −10 dB compared to kf = 10 dB. Therefore, there is a
design tradeoff and freedom to choose between the requirement on the dynamic
range of the transmitter and the battery lifetime. The α values of Figures 7.1-7.3,
typically ranged from 0.6 at low ∆P , to 1.5 at high ∆P .

7.5 Concluding Remarks

A simple constrained power control algorithm was suggested for improving the
system throughput in a packet data system. We have investigated the tradeoff
between system performance, dynamic power range and energy efficiency. The
results show that increasing the throughput significantly by means of transmitter
power control requires only a very moderate increase in energy consumption and
transmitter dynamic range. Further, they indicate that lower energy consump-
tion can be achieved if lower fade margins are compensated with larger dynamic
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Figure 7.1: Maximum achievable throughput as function of dynamic power range
for different fade margins kf , including Rayleigh fading, shadow fading with
σs = 6 dB, thermal noise power of -120 dBW and a capture ratio c = 4.
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Figure 7.3: Energy consumption as function of maximum achievable throughput
for different fade margins kf . The dynamic power range ∆P , varies and increases
with the throughput.

range in transmit powers. It was also seen that the most gain of increasing the
dynamic range is achieved for moderate increases in the dynamic range. The
suggested scheme is in its behavior unfair as the strongest received packet is cap-
tured. This may be a drawback in slower changing radio environments, which
needs to be further investigated.
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Chapter 8

Conclusions

The meaning of power control is well known in terms of its use for speech services.
These services are characterized by being connection oriented, delay sensitive and
requiring a specified transmission rate. What an appropriate power control law
is for connectionless and delay insensitive applications, is not as straightforward
to determine. In this thesis the main focus has been to determine what function
the power control should have for other applications than pure speech and how
to incorporate it with radio resource management methods suitable for more
complex QoS support.

8.1 Summary

The work started with the knowledge of the damage an overloaded system may
cause to system performance. In a highly congested system, powers drift towards
their maximum and users can not reach sufficient quality. Congestion control
is an adopted notation, which in our model corresponds to removing radio con-
nections until a feasible power control solution can be found. By incorporating
connection removals during power control execution, a natural way of handling
congestion shows. The suggested GDCPC algorithm, which is distributed, incor-
porates temporary removals which were shown to quickly be able to determine
the powers so that system outage became low. The benefit from this is that
the bandwidth can be utilized more efficiently and terminals do not waste en-
ergy on bad channels. Therefore, this algorithm provides a suitable bridge to
energy-efficient multi-rate radio resource management.

For a multi-rate system, we formulated a throughput maximization problem
for a best effort service and suggested a heuristic greedy admission algorithm,
GRP, that allocates high data rates to good channels. That procedure consti-
tutes a practical interpretation of the information theoretic water filling concept.
Inevitably, this creates some unfairness among the users, so practically some
mobility will be necessary if the resulting solution should also be fair. Fairness
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versus maximum throughput though, was not specifically part of the problem
definition for this best effort service. However, a more conservative rate alloca-
tion algorithm, GRP2, could deal with issues of a minimum required data rate.
The GRP uses knowledge of link gains and assigned rates within the cell, i.e.,
slightly more than a fully distributed scheme. The gain from this was shown
to be large in terms of faster convergence and more energy-efficient solutions.
In principle, the transmission schemes applied for throughput maximization, al-
locate more rate and sometimes more power to good channels. That is, quite
a different behavior from the usual SIR-balancing power control, which has its
cause in the new application.

We then looked at one other type of non-real time data service, where users
require an average data rate. In this case we find that to use the minimum
possible energy for delivering the data, users should be scheduled to transmit
in a one-by-one fashion within the cells. Our approach for such support en-
compasses a close relation between power control and multiple access, as time
division is introduced on the CDMA channel by purpose. The impact of this is
lower intra-cell interference, which reduces the energy consumption, and leads
to higher system capacity. Also, the rate of convergence of the power control
can be improved. Differing from previous chapters, where the power control
problem can rather easily be spotted, the power control here attempts to find
the minimum cell-site power level that guarantees the average rate. As can be
seen, it has notationally quite a big resemblance with the normal power control
problem introduced in Chapter 3 and the suggested power control algorithm can
be analyzed similarly.

The algorithms designed so far used some form of interference estimation. In
more bursty interference environments, e.g., an uplink random access channel
with short data packets, other methods may be more suitable. We suggest a
simple path gain based scheme that strives for increased throughput and find a
trade off between the throughput and the dynamic power range requirements of
the power amplifier.

8.2 Discussion

The work presented in this thesis has aimed to provide insight on how to im-
prove system performance by means of suitable radio resource functions. We
have focused on suggesting and evaluating transmission schemes based on power
control, transmission rate control and transmission scheduling. For this, we have
applied referred system models which have allowed a close resemblance between
the analytical work and the system simulations. The results are basic in na-
ture and should be interpreted as such, providing insights of how to design real
implementable schemes and principal solution behavior.

The main focus has been on global stability and performance. Since the radio
environment is highly changing, quick schemes are likely to allocate the resources
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better. Therefore, a common theme has been to focus on designing fast algo-
rithms. From different matrix splittings, algorithms with different asymptotic
average rate of convergence could be derived. In the studied schemes, faster rate
of convergence comes from semi-distributiveness, that is some more knowledge,
measurements, could be required than a fully distributed algorithm. For real
systems, time delays and information aging may be disastrous to the stability
of the local loops. Therefore, there should be some critical point at which there
is practically no gain of designing any theoretically faster algorithm as the over-
head is too large. In this thesis we have limited the information exchange to be
within the cell.

Temporary removals were suggested as a useful means towards better chan-
nel utilization. One drawback that temporary removals may face, is that they
practically may not be feasible on such a short term notice as was assumed.
There may exist a positive minimum power level and some synchronization is-
sues may arise when shutting the power totally down. From theoretical point of
view, GDCPC may still draw some attention since it does not directly fit into
the big class of previously suggested standard power control algorithms, yet it
includes many of them.

The results in Chapters 4-6, could be interpreted in a wider perspective as
PCMA, where transmission is executed depending on the current interference
level. Thus some TDMA behavior occurs and we can classify this as some form
of induced hybrid multiple access. In this thesis we suggest that time division
should be induced when interference is high, cf., the GDCPC algorithm. The
results on the multi-rate part touches upon the question if single transmissions
within the cells are always favorable. We find that the assumed model for the
transmission rates plays a major part of how many users will transmit simul-
taneously. If there is a maximum rate, maximum power or discrete rates, the
work presented herein confirms that not only one single user can take the whole
capacity. That is, under more real conditions it may not be optimal to just let
one user transmit at a time.

In conclusion, this thesis suggests transmission schemes that offer high ca-
pacity, low energy consumption and fast convergence. The numerical evaluation
showed that significant improvements can be obtained, verifying the importance
of proper radio resource management.

8.3 Further Work

Currently there seems to be a great research interest in the non-real time data
services. Since this is a different problem from the fixed-rate system, many
problem formulations could be considered. The problem definition in Chapter
6 is one attempt of describing non-real time data traffic. Other definitions may
also be considered. The general validity of the results in Chapter 6 is of course
dependent on the system model. Other non-linear rate versus SIR relations need
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to be investigated along with a slotted time scale. Also a combination of best
effort services with a minimum required average data rate could be considered
along with scheduling algorithms having fairness constraints.

A more general interesting future topic to investigate is how directional an-
tennas, diversity and multi-user detection can be connected to power control
for such services. All these functions are included in forthcoming systems and
therefore deserve a closer investigation.
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