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Abstract

Capacity Optimization For Radio Resource Allocation In

Cognitive Networks
(© Mohamed Elalem, 2013
Doctor of Philosophy
Electrical and Computer Engineering

Ryerson University

With the rapid development of wireless services and applications, the currently radio spec-
trum is becoming more crowded. How to accommodate more wireless services and applica-
tions within the limited radio spectrum becomes a big challenge faced by modern society.
Cognitive radio (CR) is proposed as a promising technology to tackle this challenge by in-
troducing secondary users (SUs) to opportunistically or concurrently access the spectrum
allocated to primary users (PUs). Currently, there are two prevalent CR models: the spec-
trum sharing model and the opportunistic spectrum access model. In the spectrum sharing
model, the SUs are allowed to coexist with the PUs as long as the interferences from SUs
do not degrade the quality of service (QoS) of PUs to an unacceptable level. In the op-
portunistic spectrum access model, SUs are allowed to access the spectrum only if the PUs
are detected to be inactive. These two models known as underlay and overlay schemes,
respectively.

This thesis studies a number of topics in CR networks under the framework of these two
schemes. First, studied cognitive radio transmissions under QoS delay constraints. Initially,
we focused on the concept: effective capacity for cognitive radio channels in order to identify
the performance in the presence of QoS constraints. Both underlay and overlay schemes
are studied taking into consideration the activity of primary users, and assuming the gen-

eral case of channel fading as Gamma distribution. For this setting, we further proposed a

il



selection criterion by which the cognitive radio network can choose the adequate mode of
operation. Then, we studied the cognitive radio transmissions focusing on Rayleigh fading
channel and assumed that no prior channel knowledge is available at the transmitter and
the receiver. We investigated the performance of pilot-assisted transmission strategies. In
particular, we analyzed the channel estimation using minimum mean-square-error (MM SFE)
estimation, and analyzed efficient resource allocation strategies. In both cases, power alloca-
tions and effective capacity optimization were obtained. Effective capacity and interference
constraint were analyzed in both single-band and multi-band spectrum sensing settings. Fi-
nally, we studied optimal access probabilities for cognitive radio network using Markov model

to achieve maximum throughput for both CR schemes.
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Chapter 1

Introduction

Wireless communication has become an integral part of human life. Recent exponential
growth in the use of wireless phones has been attributed to the advances in device technology
and applications development in addition to various communication technologies. One of

them is the advent of cognitive radio technology.

1.1 Cognitive Radio Models

The term “cognitive radio” was first coined by Joseph Mitola in [1], in which the possibility
of enhancing the flexibility of personal wireless services through cognitive radio techniques
was discussed. Then, the idea of cognitive radio was further expanded and a conceptual
overview of cognitive radio was presented in Mitola’s PhD dissertation. Cognitive radio is
described as a fully reconfigurable wireless device that is sufficiently intelligent about its
environment (e.g., radio resources and channel fading states) and is able to automatically
change its operating parameters (e.g., transmit power, operating frequency, and modulation
strategy) in response to environment changes. Later, Simon Haykin proposed the concept
of interference temperature in [2], and characterized this concept as a main constraint in

cognitive radio operation. This paves the path for today’s spectrum sharing model.



Nowadays, cognitive radio operation models can generally be classified into two cate-
gories: opportunistic spectrum access and spectrum sharing. In the opportunistic spectrum
access model, cognitive users or better known as secondary users have to sense the surround-
ing radio environment first, then transmit in vacant or intermittently unused spectrum with-
out causing interference to the spectrum licensees known as primary users. In the spectrum
sharing model, secondary user is allowed to transmit concurrently with primary user over
the same frequency band provided that the primary user’s performance degradation caused
by secondary user’s transmission is tolerable. This is realized by imposing an interference
power constraint on secondary user’s transmission, i.e., the interference power received at
primary user’s receiver must be constrained below a certain prescribed threshold. In the

following, brief introductions of these two cognitive radio operation models are presented.

1.1.1 The Opportunistic Spectrum Access Model

In opportunistic spectrum access model, secondary user first does spectrum sensing to detect
the ON/OF'F status of the primary user. If the primary user is detected to be OF'F', then
the secondary user can transmit over the spectrum; otherwise, the secondary user has to keep
sensing until it finds a vacant spectrum band. A key feature for this model is listen-before
talk [3]. This model is known as overlay scheme. On this basis, spectrum sensing plays a
significant role, since the sensing result directly decides whether the target spectrum can be
used by the secondary user or not. Two key concepts associated with spectrum sharing are
probability of detection and probability of false alarm. Probability of detection is defined
as the probability of correctly detecting the presence of the primary user when it is active;
while probability of false alarm is defined as the probability of falsely declaring the presence
of the primary user when it is actually inactive.

A lot of effort has been put into the design of sensing schemes. Basically, there are three

main types of spectrum sensing schemes: energy detection [4-6], matched filter detection [7],



and cyclostationary feature detection [8]. Energy detection is the most widely used spectrum
sensing scheme due to its low computationally complexity. It only needs to measure the
power of the received signal, non prior knowledge about the primary user is required (non-
coherent detector). Energy detection has a good resistance against the fast time varying
radio channels.

In matched filter detection (or coherent detection), prior knowledge of the primary user’s
signal such as modulation scheme, pulse shape or packet format is required. This knowledge
is not always easy to obtain in practice. Coherent detection can achieve maximum signal-to-
noise ratio (SN R). The number of samples required for optimal detection is O(1/SNR) [6].

Exploiting the feature that noise has very low correlation, while any man-made signals
have some higher degree of correlation, cyclostationary feature detection achieves the best
performance even in the worst-case scenario of large power level uncertainty of noise. How-
ever, the minimum number of samples required for detection are much more than that for
energy detection and matched filter detection. It is reported that the longer the duration
of the sensing slot is, the better the sensing result is. However, longer sensing slot leads to
shorter transmission time, and thus results in a lower secondary user’s throughput. This is
known as the sensing throughput tradeoff problem, and this problem was first defined and

investigated in [9, 10].

1.1.2 The Spectrum Sharing Model

In spectrum sharing model, the secondary user is allowed to transmit simultaneously with
the primary user within the same frequency band on condition that the interference from the
former to latter will be kept below a prescribed threshold. This model of operation is know
as underlay scheme. From this definition, it is easy to see that there are three key features
of underlay model. First, no spectrum sensing is needed at the secondary user. This greatly

relieves the complexity of the transceiver design. Secondly, the secondary user can start its



transmission at any time without waiting for the spectrum holes. This gives the secondary
user the potential to achieve a higher long-term capacity. Thirdly, the interference power
from the secondary user to the primary user should be kept below a prescribed threshold.

This, as a demerit, will scale down the underlay performance.

1.2 Transmission Power Control

Power control is an essential radio resource management strategy. It aims to control the
transmission power levels in such a way that acceptable (QoS) for the users is guaranteed
with lowest possible transmission powers. All users benefit from the minimized interference
and the preserved signal qualities. Transmission power control is also an efficient technique to
mitigate the effect of interference under fading conditions and combat the near-far problem.
Power control which has been employed for improving the link performance in cellular
networks can also be applied to CRN. However, power control of cognitive radio networks
is more complex, in which it should not only consider the QoS requirements of the sec-
ondary users but also protect the primary user communication link who has priority over
the secondary user communication. Thus, secondary users should always check the estimated
interference at the primary receiver when/after determining their transmission power.
Choosing an appropriate power control algorithm is of prime importance in CRNs, as it

should aim at increasing the overall efficiency of the system.

1.3 Pilot-Aided Transmission

Pilot-Aided Transmission (PAT) multiplexes known training signals with the data signals.
PAT can be used for channel estimation, receiver adaptation, and optimal decoding. An
overview of pilot-aided wireless transmission techniques is presented in [11]. Earlier study

has been conducted in [12], where an analytical approach to the design of PATSs is presented.

4



The more pilot symbols are transmitted and the more power is allocated to the pilot symbols,

the better estimation quality we have. The price is then the less in transmission efficiency.

1.4 Literature Review

The work related to resource allocation and capacity analysis for CRNs are reviewed in this
section.

Since extensive research has been done in these areas, we do not even try to cover all
previous research in this field. Instead, we review some of the most relevant work and cite
these papers.

Power-control algorithms, as radio resource management, have gained extensive study
since the early 1960s. Initially, these studies were proposed for satellite communication
systems and later were applied to the cellular systems. Many algorithms with different
configurations were proposed for GSM, CDMA and WCDM A systems, where centralized
algorithms based on balancing of the received power levels were initially proposed. Since the
centralized algorithms were not practically realizable, distributed algorithms, also aiming at
balancing the power levels, have been substituted. To match the demanding QoS require-
ments, many more algorithms were proposed with different criteria, with multiple and fixed
step power control.

Recently, the power control approach is also applied for cognitive radio networks to avoid
harmful impacts on the primary user’s quality of service. Hence, extensive studies have been
done to enhance the overall network performance.

In [13], an Orthogonal Frequency Division Multiplexing (OFDM) scheme was considered
as a candidate for cognitive radio. The authors proposed two approaches in order to mit-
igate the mutual interference. The performance of these approaches have been validated

by simulation. The study tried to reduce the interference, but the main objective of power



control was not taken into consideration and no clear explanation has been given about how
to implement such dynamic system to deactivate the subcarriers.

The power control scheme reported in [14] gave an example of a power control rule which
allows secondary users to aggressively increase their transmit powers while still guaranteeing
an acceptable level of aggregate interference at the primary receivers. A coherent detection
was considered assuming that the licensed transmitter transmits a perfectly known pilot
signal or training sequence to aid detection. The algorithm also dealt with the primary
user’s QoS satisfaction, but not the QoS of the secondary users. We argue that the QoS of
the secondary users is also very important to be considered.

A transmission power control using Fuzzy Logic System (FLS) was proposed in [15].
With the built-in fuzzy power controller, the secondary user is able to dynamically adjust
its transmission power in response to the changes of the interference level caused by the
secondary user to the primary user. The authors modified the reliability of their algorithm
by using a preceding knowledge of transmit power control obtained from a group of network
experts which was listed in tables. Simulation results showed that using the proposed scheme
leads to decreased average transmit power consumption and lower average outage probability
compared with the traditional fixed-step power control scheme. The study depends mainly
on data obtained from preceding network measurements and it does not give a mathematical
model for the proposed algorithm.

In [16, 17], power control for one pair of secondary users coexisting with one pair of
primary users has been considered. The use of soft sensing information for optimal power
control was explored in [16] to maximize the capacity and SN R of the secondary user under
a peak power constraint at the secondary transmitter. In [17], the secondary transmitter
adjusts its transmission power to maximize its data rate without increasing the outage
probability at the primary receiver. It was assumed in [17] that the channel gain between

the primary transmitter and its receiver is known to the secondary user.



In [18], the authors presented power control strategy to protect the primary user’s com-
munication from the interference of the cognitive user’s transmissions in fading wireless
channels and to optimize the achievable rate of cognitive user while guaranteeing the out-
age probability of the primary user not to be degraded. A protection gap is introduced
to enhance the robustness of the algorithm. The paper has studied initially the subject
on the fundamental performance limit of a wireless network with cognitive radios from an
information theory perspective.

Depending on whether a centralized controller exists, the power control considered in the
existing literature for cognitive radio networks can be further divided into two categories:
distributed power control and centralized power control.

The distributed power control is based on the local link gain measurements. Each user
measures its local parameters; like gain and SN R to control the power in that link. This
type of power control is practically realizable since it does not involve complex signaling and
is easier to be implemented.

According to the methods to solve the power control problem in distributed cognitive
network, current methods could be classified into two types. The first type is based on parallel
and distributed computation. In [19], the authors formulated a power control problem
for the cognitive radio network and proposed distributed solutions by using parallel and
distributed method and applied it to the cognitive radio ad hoc network. However, no
discussion was given about how the proposed distributed power control could be implemented
in the cognitive radio ad hoc network.

The second type is based on game theory. In [20], the authors proposed a non-cooperative
power control game with exponential pricing by considering the interference to the primary
users. But the proposed method could not always ensure that the interference to the primary
users was below the interference constraint. And the STN R requirements of cognitive users

were ignored.



Although in [21] the authors considered the SINR requirements, they did not discuss
the divergence problem of power control. Additionally, the authors proposed a joint power
and channel allocation based on game theory with the objective to maximize the capacity,
but SIN R requirement and protection for primary users were still ignored.

On the other hand, centralized power control is a mechanism with a central controller
having the information of all link gains of the system. These link gains are utilized to find
the optimal solution to control the power in all the links simultaneously. This type of power
control is practically un-realizable, since the equipment is complex and the bandwidth is
wasted due to the extreme signaling between base stations and mobile users. Most current
studies aiming at centralized power control focus on allocating resources jointly, such as
combined allocation of channels and transmitted powers.

The time-varying nature of the channel conditions due to mobility and changing physical
environment is one of the key characteristics of wireless communications that greatly impacts
system design and performance. A considerable amount of effort has been spent in the study
of cases in which the perfect channel state information (C'ST) is assumed to be available at
either receiver or transmitter or both. With the perfect C'SI available at the receiver, the
authors in [22,23] studied the capacity of fading channels.

The effective capacity is firstly defined in [24] as the maximum constant arrival rate
that a given time-varying service process can support while meeting the QoS requirements.
Effective capacity is realized as a dual concept to effective bandwidth which characterizes the
minimum amount of constant transmission rate required to support a time-varying source in
the presence of statistical QoS limitations. In [25], a methodology to determine the value of
QoS exponent was described. The authors provided numerical and simulation results that
demonstrate how the effective capacity formulation can be used to solve a resource allocation
problem in audio and video applications to satisfy given QoS requirements.

The application and analysis of effective capacity in various settings have attracted much



interest [25-32], where the authors focused on the problem of resource allocation in the pres-
ence of statistical QoS constraints. In [29], energy efficiency was investigated under QoS
constraints by analyzing the normalized effective capacity in the low-power and wideband
regimes. The authors in [28] studied the effective capacity of a class of multiple-antenna
wireless systems subject to Rayleigh flat fading. They suggested that multi-antenna config-
urations are helpful for delay-sensitive communication over wireless systems.

The paper [30] investigated the case in which the secondary transmitter communicates
with its receiver through a relay node under a delay QoS constraint. The authors concluded
that secondary users benefit from an intermediate relay node. They extended the study for
multiple relay nodes case. They also stated that in systems with loose QoS constraints, the
capacity benefits tremendously by increasing the number of relaying terminals.

In [31], tradeoff between average rate and average delay was studied using the notion
of effective capacity. The optimal transmit strategy including optimal power allocation was
also studied. Illustrations of average queue length compared to average transmission rate
were provided to show the impact of the QoS exponent on the system.

The paper [32] analyzed the effective capacity of cognitive radio channels in order to
identify the performance levels and to determine the interactions between throughput and
channel sensing parameters in the presence of QoS constraints. A state-transition model
for cognitive transmission was constructed and an expression for the effective capacity was
obtained. The analysis was conducted under the assumption that only the receiver knows
the channel realizations and the transmitter, in the absence of such knowledge, transmits
the information at two different fixed rate and power levels, chosen according to the presence
or absence of the primary users.

The different features of underlay and overlay approaches may have their respective ad-
vantages under diverse propagation environment and system parameters. In [33], analytical

formulation of Dynamic Spectrum Access (DSA) with imperfect spectrum sensing has been



presented, only the case of the same priority for all the subscribers has been considered.
In [34], the authors assumed that primary users and secondary users cannot operate simul-
taneously on the same spectrum band, then a Continuous Time Markov Chain (CTMC) was
proposed to model the interactions between these different users. They analyzed the trade-
off between spectrum efficiency and fairness. An optimal access probability with different
criteria was given in [35] for pure underlay scheme. The papers [36,37] introduced a mixed
access strategy: when the channel is being used by the primary user, the secondary users
access the channel with a probability in underlay manner. When the channel is idle, they

choose to access in overlay manner.

1.5 Thesis Contribution

The key contributions of this thesis can be summarized as follows:

e First, we study the effective capacity of cognitive radio channels in order to identify
the performance in the presence of statistical QoS constraints. Both underlay and
overlay schemes are studied taking into consideration the activity of primary users
and assuming the availability of perfect knowledge of channel fading coefficients at
the receivers. For both schemes, power allocations and effective capacity optimization
are obtained for Gamma fading channel environment. Then we propose a selection

criterion that allows us to choose the best mode of operation.

e Thereafter, we extend this approach for the case of imperfect knowledge of channel
fading coefficients. Initially, we focus on a time-varying Rayleigh fading channel and
assume that no prior channel knowledge is available at the transmitter and the receiver.
We investigate the performance of pilot-assisted wireless transmission strategies. We
analyze the channel estimation using minimum mean-square-error (MM SE) estima-

tion, and analyze efficient resource allocation strategies. We identify a state-transition
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model by comparing transmission rates with instantaneous channel capacity values.
We determine the effective capacity of cognitive radio transmission by incorporating

channel sensing results.

Later, we analyze the effective capacity and interference constraint in both single-
band and multi-band spectrum sensing settings. Cognitive user is assumed to perform
sensing in multiple channels and then select a single channel for transmission with rate
and power that depend on both sensing outcomes and fading distribution. Interference
constraint is statistically analyzed and formulated. Maximum throughput formulas
for the cognitive user is obtained. Selection criterion that maximizes the capacity
is proposed for arbitrary channel fading. Then we apply it for two different fading
distributions. The optimal power allocation strategies are also determined. To the best
of our knowledge, effective capacity has not been studied for multichannel spectrum

sensing case in CR networks.

Finally, we propose a mixed overlay and underlay access scheme. The secondary users
access the channel with an optimal probability in the underlay scheme when the spec-
trum is occupied by a primary user. While when the spectrum is idle, the secondary
users access the channel in the overlay manner. This approach can maximize the total
average throughput for the secondary users and limit the interference to the primary
user. The proposed optimized access strategy introduces new optimized parameters
to determine the best access probability for each user to achieve the highest through-
put. We study the capacity of cognitive users using Markov model and develop new
optimal parameters to access the spectrum. By deriving access probabilities for the
secondary users, maximum capacity can be achieved for each user for both cognitive

radio schemes.
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Most of the works reported in this dissertation can be found in peer reviewed research

publications [38-47].

1.6 Thesis Organization

The remainder of the thesis is organized as follows:

In Chapter 2, the concept of effective capacity as a measure of the channel throughput is
introduced. This concept allows us to take the delay requirement into consideration. System
model and general assumptions used through this study are briefly introduced.

In Chapter 3, the effective capacity of the cognitive network is applied instead of ergodic
capacity. The general case of Gamma distribution is assumed for the channel fading. Both
underlay and overlay schemes are studied individually. Optimal power policies and maxi-
mum effective capacity formulas are obtained. For the underlay base, the PUs’ spectrum-
occupancy probability is taken into consideration. Since in the underlay case, the cognitive
user does not preform spectrum sensing, it is not possible to differentiate the states of idle
or busy. Hence, we impose the cognitive user to operate in the state that provides higher
capacity. For the overlay strategy, we consider the spectrum sensing errors and all possible
states are investigated. The transmit power and interference power of both underlay and
overlay strategies as a function of primary user activities are investigated. To benefit from
underlay and overlay approaches in diverse propagation environment and system parame-
ters, a selection criterion is introduced to make the cognitive network dynamically choose
the DSA strategy under different environment. This chapter, as a journal paper, has been
submitted to EURASIP Journal on Wireless Communications and Networking for the sec-
ond round review [39], and, as conference papers, to appear in Proceedings of IEEE ICNC
in 2013 [40] and IEEE WCNC in 2013 [41].

In Chapter 4, we study the effective capacity of cognitive radio assuming imperfect and /or
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no prior channel knowledge available at the cognitive transceiver. Following channel sensing,
the secondary user is assumed to perform channel estimation to learn the channel conditions
using M MSE estimator via pilot aided transmission. Then, it transmits the data at two
different average power levels depending on the sensing outcomes. Due to interactions and
interdependencies between channel sensing and estimation, a challenging scenario may be
faced. Hence, not reliable detection of the primary users’ activities can lead to degradations
in the estimation of the channel conditions, i.e., if the primary users are active but detected
as idle, the quality of the channel estimate will deteriorate. After performing the sensing
and estimation tasks, the secondary user initiates the data transmission phase. The activity
of the primary users is modeled as a two-state Markov process. In this setting, we jointly
optimize the training symbol power, data symbol power and transmission rates. This chapter
as a journal paper [47] is recently accepted.

In Chapter 5, the effective capacity of cognitive radio channels is studied where the cog-
nitive radio detects the activity of the primary users in a multichannel environment and
then performs data transmission in one of the transmission channels. We consider a scenario
in which the cognitive system employs multichannel sensing and uses one channel for data
transmission thereby decreasing the probability of interference to the primary users. We
determine the effective capacity of the cognitive channel under limitations on the average
interference power experienced by the primary receiver. Optimal criterion to select the trans-
mission channel out of the available channels is obtained. Optimal power adaptation policies
that maximize the effective capacity are derived. We analyze the interactions between the
effective capacity, QoS constraints, channel sensing duration, channel detection threshold,
detection and false alarm probabilities through numerical techniques. This chapter, as a
conference paper, will appear in IEEE WCNC in 2013 [42], and as a journal paper [43] has
been accepted for publishing in Journal of Communications and Network.

Chapter 6, proposes an optimized access strategy combining overlay and underlay schemes
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for the cognitive radio. We model the service state of the system as a continuous-time Markov
model. Based on the service state, the overlay manner or/and the underlay manner can be
used by the secondary users. When the primary user is not transmitting and only one
secondary user has the requirement to transmit, the secondary system adopts the overlay
manner. When the primary user is transmitting and the secondary users want to transmit
simultaneously, an underlay scheme with an access probability is adopted. First, the access
probability is assumed to be the same for both users. Then the work is extended for the
case in which each user has its own probability. We obtain the optimal access probabilities
as well as the maximum capacity in closed forms. This chapter, as conference papers, will
partly appear in IEEE WCNC in 2013 [44] and partly appeared in IEEE ICUE in 2012 [46],
and as a journal paper [45], will be published in Journal of Communications and Network.

Figure 1.1 summerizes the organization of the thesis work. In this thesis, we introduce
extensive capacity analysis and resource allocation for different cognitive radio systems and

different access schemes that improve the overall system performance.
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Figure 1.1: Thesis Organization.
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Chapter 2

System Model and Assumptions

The maximum throughput achieved in wireless systems operating under statistical QoS
constraints can be identified through the concept of effective capacity. The effective capacity
is defined as the maximum constant arrival rate that a given time-varying service process
can support while meeting the QoS requirements [24]. The application and analysis of
effective capacity in various settings have attracted much interest [26,27,30-32,48]. In these
literatures, we focused on the problem of resource allocation in the presence of statistical
QoS constraints.

The rest of this chapter is organized as follows. In Section 2.1, we introduce the effective
capacity concept and illustrate its usage in cognitive radio networks. Related details such as
the QoS constraint as an important criteria in time varying channels, the difference between
effective capacity and Shannon capacity, delay violation, and effective capacity formulation
are presented in subsequent subsections. Gamma distribution as a general case to model the
channel fading is presented in Section 2.2. In Section 2.3, we briefly introduce the system

model and general assumptions used through this thesis.
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2.1 Effective Capacity

The effective capacity approach is particularly convenient for analyzing the statistical QoS
performance of wireless transmissions where the service process is driven by the time-varying

wireless channel.

2.1.1 Quality of Service Constraints in CRNs

Providing certain QoS in many wireless communication systems is crucial in order to provide
acceptable performance and quality. However, this is a challenging task in wireless systems
due to random variations experienced in channel conditions and random fluctuations in re-
ceived power levels and supported data rates. Hence, in wireless systems, generally statistical
rather than deterministic QoS guarantees can be provided.

In CRNs, the situation is further exacerbated in which access to a channel can be in-
termittent or transmission occurs at lower power levels depending on the activity of the
primary users. Furthermore, cognitive radio can suffer from errors in channel sensing in the
form of false alarms. Hence, it is more important to analyze the performance of cognitive
radio systems in the presence of QoS limitations in the form of delay or buffer constraints.

As described before, issues regarding channel sensing, spectrum sharing and throughput
in cognitive radio networks have been extensively studied recently. However, critical con-
cerns of providing QoS guarantees over cognitive radio channels have not been sufficiently

addressed yet.

2.1.2 Effective Capacity vs Shannon Capacity

QoS guarantee in terms of delay constraint plays a critically important role in modern
wireless networks. Non-real-time services such as data, aim at maximizing the throughput

with a loose delay constraint. While for real-time services, such as multimedia and video
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conference, the QoS requirement needs a stringent delay-bound to achieve high spectral
efficiency. Some other services falling in between such as web browsing and paging system,
which are delay-sensitive but the delay QoS requirements are not as stringent as those of real-
time services. Therefore, the diverse services impose totally different delay QoS constraints,
which bring great challenges to the design of future wireless networks.

In wireless communications, the most scarce radio resources are power and spectral band-
width. As a result, extensive research has been devoted to the techniques that can enhance
the spectral efficiency of wireless systems. These techniques use the concept of Shannon
capacity based on the information theory [49]. Power and rate adaptation has been widely
considered as one of the key solutions to improve the spectral efficiency. Water-filling algo-
rithm is one of well known schemes that maximizes spectral efficiency [50], in which more
power is assigned to a channel which is in good condition and less power when the chan-
nel becomes worse. When the channel quality is below a certain threshold, no power is
allocated. Additionally, total channel inversion algorithm has a different idea of power and
rate adaptation [50], in which more power is assigned to a channel that combats with deep
fading and less power for the good channel. This is to keep a constant signal-to-noise ratio,
such that a constant rate service process can be obtained. Apparently, water-filling is better
than total channel inversion since the former provides higher spectral efficiency [25]. It is
important to note that Shannon theory does not place any restrictions on complexity and
delay. However, a natural question is whether the former is also better than the latter in
terms of QoS guarantees. In order to answer the above question, it is necessary to take the
QoS metrics into account when applying power and rate adaptation.

The dual concepts of effective bandwidth and effective capacity give us a powerful ap-
proach to evaluate the statistical QoS performance from the networking perspective. The
effective-bandwidth theory has been extensively studied in the early 90s with the emphasis on

wired asynchronous transfer mode (ATM) networks [51]. This theory enables us to analyze
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network statistics such as queue distributions, buffer overflow probabilities, and delay-bound
violation probabilities, which are important for statistical QoS guarantees. In [24], the au-
thors proposed an interesting concept, namely effective capacity.

By integrating information theory with the effective capacity, we investigate the impact
of QoS constraint on the power and rate adaptation over cognitive radio networks. The prob-
lem is how to maximize the capacity subject to a given delay QoS constraint. There exists
a tradeoff between the capacity and the QoS requirement. The higher capacity gain comes
at the price of sacrificing QoS provisioning, and vice versa. When the QoS constraint be-
comes loose, the optimal power control converges to the water-filling scheme, where Shannon
(ergodic) capacity can be achieved. On the other hand, when the QoS constraint becomes
stringent, the optimal power-control converges to the total channel inversion such that the

system operates at a constant service rate.

2.1.3 Queue Length and Delay Violation

The authors in [24,52] showed that the probability of the queue length of the transmit buffer
exceeding a certain threshold ¢ decays exponentially as a function of ¢q. If we define @) as
the stationary queue length, then the delay rate of the tail distribution of the queue length

() can be written as

log. Pr(Q >
0 — _ lim 108 T(Q_q)‘

q—o0 q

(2.1)

For large threshold (say ¢'" ), the following approximation for the buffer violation probability

can be made
Pr(Q > g™) = 01", (2.2)

where 0 < 6 < 0o is a constant called QoS exponent, (see [24] for details).
The above equation states that the probability of the queue length exceeding a certain

threshold ¢'* decays exponentially fast as the threshold ¢** increases.
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Furthermore, when the focus is on delay-bound violation probability, an expression sim-

ilar to the above equation can be obtained as [26]
Pr(D > d") ~ e=%4" (2.3)

where D and d*" denote the delay and delay bound, respectively, and ¢ is the source arrival
rate determined as ¢ = ¢'*/d™ [28]. The effective bandwidth function intersects with the
effective capacity function at the value of € (see [26] for details).

From Egs. (2.2) and (2.3), we can see that the parameter 6 plays an important role for
the statistical QoS guarantees, which indicates the decaying-rate of the QoS violation prob-
ability. In practical applications, the value of # depends on the statistical characterization
of the arrival and service processes, bounds on delay or buffer lengths, and target values of
the delay or buffer length violation probabilities.

A smaller 6 corresponds to a slower decay rate, which implies that the system can only
provide a looser QoS guarantee, while a larger 6 leads to a faster decay rate, which means
that a more stringent QoS requirement can be supported. In particular, when ¢ — 0, the
system can tolerate an arbitrarily long delay, which corresponds to the scenario studied in
information theory. On the other hand, when 6 — oo, the system cannot tolerate any delay,
which corresponds to an extremely stringent delay-bound. Due to its close relationship with

statistical QoS demands, 6 is called the QoS exponent [24].

2.1.4 Effective Capacity Formulation

Based on the concept of QQoS exponent, the effective capacity is defined as the maximum
constant arrival rate that a given service process can support for which the QoS exponent 6
is fulfilled. Analytically, the effective capacity can be formally expressed as follows.

Let the sequence {R]i],i = 1,2,---} denote a discrete-time stationary and ergodic

stochastic service process and S[t] 2 Y°'_, R[i] be the sum of the service process over time
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sequence of ¢ = 1,2, --- |t. Then, the effective capacity of the service process, denoted by

Ec(0), where 0 > 0, is defined as [24]

1
Ec() = — lim — log, E[e~%1], (2.4)

t—oo Ot

where E[-] denotes the expectation. When the sequence {R]i],7 = 1,2, - - - } is an uncorrelated

process, the effective capacity formula turns to
1 .
Ec(0) = ~3 log, E[e~%l], (2.5)

Actually, the performance measure of E¢(f) is a generalization of the common perfor-
mance measures: ergodic capacity. For 8 — 0, the effective capacity converges to the ergodic
capacity. This can be shown using L’Hopital’s rule in calculus. For § — 0, the numerator
of the effective capacity formula converges to the ergodic capacity while the denominator
converges to one. This case corresponds to less stringent delay-constraints.

On the other hand, for # — oo, the effective capacity in Eq. (2.4) converges to the delay-
limited-capacity defined in [53]. Therefore, the effective capacity represents an interesting

measure which considers non-stringent delay constraints (for finite values of delay exponent

9).

2.2 Gamma Distribution as Channel Fading Model

Among different channel fading models, Gamma distribution is found to be an adequate
model to characterize wireless channel fading such as slow fading (shadowing) or even fast
fading [54, 55]. Gamma distribution fits the experimental data [54] and it is considered
as a general case of most distributions. The probability density function (pdf) of Gamma
distribution is given as
2vm—1 2v
foo) = s o [— (%) ] 26)

where m, v, and ¢ are fading parameter, shape parameter, and scaling parameter respectively.
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With proper choice of these parameters, m; v; ¢, we may have:

e [Exponential distribution (m =1, v =

N =

)

Rayleigh distribution(m = v = 1)

Weibull distribution(m = 1)

Log-Normal distribution(m — oo, v = 0)

AWGN distribution(m — oo, v = 1)

e Rice distribution(m =~ (';;i)f, =1)

Figure 2.1 shows the pdf of Gamma distribution for different m.

0.20
0.15
0.10

0.05

Figure 2.1: Probability density function for Gamma distribution for different fading param-
eters (v =3 and ¢ = 2).

Statistically, if we have two independent Gamma distributions X and Y, then the ratio
Z = % will have Beta prime distribution [56]. The random variables X and Y should be
independent but not necessary to be identically distributed. So the channel coefficients may

have different fading and shape parameters.
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2.3 System Model and Assumptions

System models adapted in this study have different settings and assumptions. In each
chapter, detailed description of the relevant model will be introduced. This section gives the

general depiction of the used models and assumptions.

2.3.1 Cognitive radio Network

A typical CRN [36] model is assumed, in which a cognitive wireless network coexists with
a primary wireless network by sharing B Hz spectrum band as shown in Figure 2.2. The
cognitive network includes a secondary transmitter Ts and a secondary receiver Rg. The

primary network includes a primary transmitter Tp and a primary receiver Rp.

Tp o Rp
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Figure 2.2: The main interference channels for a pair of primary and cognitive links.

The system gain g¢;; shown in Figure 2.2 represents the channel power gain from the
transmitter ¢ to the receiver j, where i,j € {s,p}.

The primary transmitter adjusts its transmit power S, based only on its own transmission
requirement. The secondary transmitter transmits with variable power Ss which should not

exceed a maximum value of S7".
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2.3.2 Underlay Scheme

Even though the concurrent transmission is allowed in underlay cognitive radio system,
interference threshold to the primary receiver is highly respected. In this scheme, cognitive
users generally transmit at low power. When the cognitive radio applies the underlay scheme,
the spectrum sensing is not needed. The secondary user can use the whole frame duration for
transmission with adjusted transmit power no matter whether the primary network occupies

the spectrum or not.

2.3.3 Overlay Scheme

When applying the overlay scheme, the secondary users need to utilize the spectrum sensing
to identify the spectrum occupancy status before accessing the spectrum and can only use
the vacant spectrum for transmissions. Therefore, for a frame of 7' seconds duration, the
first 7 seconds will be used to sense the channel, and the remaining (7" — 7) seconds will be
exploited for data transmission.

The spectrum occupation status can be determined between the following two hypothe-
ses [36]:

detected as idle : y(i) =n(i) 1=1,2---78,

(2.7)
detected as busy : y(i) =n(i) +n,(i) i=1,2---7B8,

where y(i) is the received signal at the detector input of the cognitive transmitter, n,(7) is
the received signal generated by the primary user.
2.3.3.1 Sensing Process

Among different spectrum sensing schemes for reliably identifying the spectrum holes, Energy
Detection incurs a very low implementation cost and is hence widely used [4]. It has a good

resistance against dynamic radio environment where none a priori knowledge about the
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primary user is available (non-coherent detector). In order to identify the presence of primary
user with unknown frequency locations, energy detector serves as the optimal sensing scheme
since it only needs to measure the power of the received signal. Figure 2.3 is a block diagram
of an energy detector, where the bandpass filter is to limit the bandwidth of the input signal,
followed by a squaring device to measure the received energy and the integrator determining
the observation interval T'. After the integrator is a threshold device, which compares the
output of the integrator with a predetermined threshold to decide whether the signal is

present or not.

T Decide
BPF NLD J " | HyoH,

y(t)

A 4

()’ >

Threshold Device

Figure 2.3: Block diagram of a simple energy detector

Two terms associated with spectrum sensing are probability of detection and probability

of false alarm which are previously defined in Subsection 1.1.1.

2.4 General Assumptions
For all system models used through this thesis, the following assumptions are applied. Other
assumptions may occur in each individual chapter.

e All channel power gains are assumed to be stationary and ergodic independent random

processes.

e Information of interference channel gains can be obtained by direct feedback from

the primary receiver or indirect feedback from a third-party such as a band manager
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which interposes between the primary and cognitive users [57]. Tt can also be obtained
through periodic sensing of pilot signal from the primary receiver assuming channel
reciprocity. The case of imperfect information of channel coefficients will be separately

analyzed.

The background noise at the secondary and primary receivers are modeled as AWGN
independent Circularly Symmetric Complex Gaussian (C'SCG) random variable with

zero-mean and variance o7 and o, respectively.

The maximum interference at the primary receiver I'" is assumed to be known to

cognitive user.

Small scale variations are assumed in all settings. Other variations such as distance
path loss dependent or shadowing impacts are considered as background noise or/and

interference.

A block-fading channel model is assumed in which the fading coefficients stay constant
in the frame, and they may change from one block to another independently. When
spectrum sensing is used, the sensing process is assumed to be the same within the

frame and it may change between frames.

The probability of the channel being occupied by the primary users is equal to B, it
is assumed to be known to the cognitive user. It represents the existence activity of

the primary user.

When using markov model, the state transitions between states are assumed to occur

every frame and they may change between frames.

Single transceiver for each network is assumed. Multiple user case is suggested as a

future work.

26



2.4.1 Symbolism in the Thesis

For the abbreviations used in the thesis, the common subscripts s and p refer to the secondary
user and primary user respectively. The superscripts u, o, {0,1} and * refer to the underlay,
overlay, state number and optimal value respectively. The upper limit of a quantity is always
written with superscripts (e.g., I**, S™, E°P"). The power is denoted by capital S, while the
channel power gain is given the letter g with two subscribes ij which refer to the channel

power gain from the transmitter ¢ to the receiver j.
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Chapter 3

Effective Capacity Analysis for CRNs

and Selection Criteria

Recently, satisfaction of QoS demands for secondary users has attracted great attention.
The secondary user can not only discover the transmission opportunities, but also cogni-
tively adapts the dynamic spectrum access strategies to its own QoS requirement and the
environment variations. In this chapter, we study how the delay QoS requirement affects the
strategy on network performance. We first treat the delay-QoS in interference constrained
CRN by applying the effective capacity concept, focusing on the two dominant DS A schemes:
underlay and overlay. We obtain the effective capacity of the secondary network and deter-
mine the power allocation policies that maximize the throughput. The underlay and overlay
approaches may have their respective advantages under diverse propagation environment
and system parameters. If the cognitive network can dynamically choose the DSA strategy
under different environment, its performance could be further improved. We propose a selec-
tion criterion to determine whether to use underlay or overlay scheme under the given QoS
constraint and the primary users’ spectrum-occupancy probability. Thus, the throughput of

the CRN could be increased.
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The functions of cognitive radio networks have been broadened such that the cognitive
users can not only detect the transmission opportunities under the specific DS A approach,
but also cognitively adapt the dynamic spectrum access strategies to the QoS requirement
and the channel variations. In this chapter, we focus on the QoS driven underlay and overlay
schemes by introducing the concept of effective capacity proposed in [24]. We present a
systematic approach which suggests the best access scheme for a given system requirement.
The mixed strategy proposed in this chapter is similar in spirit to the sensing-based spectrum
sharing proposed in [36] except that, in our study, the effective capacity is adopted instead
of ergodic capacity and the general case of Gamma distribution is assumed for the channel
fading. Also in [36], just overlay scheme is analyzed. In this study, both DSA schemes are
studied. We further introduce a new selection criterion to obtain the best access scheme.

The rest of this chapter is organized as follows. The system model and assumptions are
introduced in Section 3.1. In Section 3.2, the effective capacity optimization and optimal
resource allocation for the underlay scheme are studied. In Section 3.3, spectrum sensing,
effective capacity, and power allocation for the overlay case are studied in three subsequent
subsections. Then, we propose an access strategy selection criterion in Section 3.4. Perfor-
mance analysis and numerical results are presented in Section 3.5. Section 3.6 summarizes

this chapter.

3.1 System Model and Assumptions

A typical CRN [36] model is assumed as shown in Figure 2.2. In which a cognitive wireless
network coexists with a primary wireless network by sharing B Hz spectrum band. The
cognitive network includes a secondary transmitter T and a secondary receiver Rg. The
primary network includes a primary transmitter 7Tp and a primary receiver Rp.

All channel power gains are assumed to be stationary and ergodic independent random
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processes. These system gains are grouped in the vector G = [gss, Gsp, Gpps Jps) fOr a specific
realization as shown in Figure 2.2. All channel power gains are assumed to be independent
and identically distributed (i.i.d.), and follow Gamma distribution since it considered as a
general case. It is also assumed that the cognitive transmitter has perfect information of
interference channel gains. The case of imperfect information of the channel coefficients will
be analyzed in Chapter 4.

The probability density functions (pdf)s of fy.., f4., fo,.» and fg ., are given as

—
fx(z) = %; x>0, (3.1)

where I'(+) is the Gamma function which is defined in Appendix A, p is known as the shape
parameter of the distribution, and ¢ is the scale parameter. The average E[X]| = p¢, and
Var[X] = u¢?. Without loss of generality, we assume the parameter ¢ = 1. The background
noise at the secondary and primary receivers are modeled as AW GN independent Circularly
Symmetric Complex Gaussian (C'SCG) random variable with zero-mean and variance o and
o7 respectively.

The maximum interference at the primary receiver should be kept below a threshold value
I, This value is a system parameter which can be specified by the primary network operator
or by the spectrum regulator. Small scale variations are assumed in this chapter where other
variations such as distance path loss dependent or shadowing impacts are considered as
background noise or/and interference.

As mentioned above, in the underlay scheme, the secondary user is required to always
satisfy the interference constraint. Therefore, even in circumstances when the primary user
is not transmitting, the cognitive user has to adjust its transmission power based on the
interference threshold constraint. Consequently, the derived resource allocation schemes
should not be only a function of system gain vector G, but also will be varied with different
QoS requirement. In order to clearly illustrate our concept, we assume that each frame at

the data link layer (DLL) of the cognitive transmitter has the same time duration. The
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frames are stored at the transmit buffer and split into bit-streams at the physical layer
(PHY'). The cognitive transmitter employs adaptive modulation and power control based
on the statistical QoS constraint and the system gain vector G.

The factors that impact the resource allocation of the cognitive network include:

1. the average transmit and interference power constraints;
2. the statistical delay QoS requirement;

3. the primary network activities;

4. the DS A strategy used by the cognitive network; and

5. the interference caused by the primary transmitter on the cognitive network.

The existing literatures studied only the underlay strategy, and the primary network
activities are ignored. In this chapter, the primary users spectrum-occupancy probability
will be taken into consideration even for the underlay strategy. It is assumed that the
primary network will choose whether to use the spectrum or not at the beginning of each
frame. As the spectrum-occupancy status of the primary network can be viewed as the two
hypothesis tests from the cognitive user’s perspective, we denote the probability that the
primary network does not occupy the spectrum as P; (idle probability), and the probability
that the spectrum is occupied as P, (busy probability). We assumed that these probabilities

will not change during the frame interval.

3.2 Optimal Resource Allocation For Underlay Scheme

In this section, we aim at obtaining the optimal resource allocation which can maximize the
throughput of the cognitive network under a given statistical delay QoS guarantee deter-

mined by QoS exponent 6.
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When the cognitive radio applies the underlay scheme, the spectrum sensing is not
needed. The secondary user can use the whole frame duration for transmission with ad-
justed transmit power no matter whether the primary network occupies the spectrum or
not. The cognitive network with the underlay scheme has two system states for each frame,

which are listed as follows:

e State 0: The channel is idle, i.e., it is not occupied by the primary network, with a
probability P;.

e State 1: The channel is busy, i.e., it is currently used by the primary network, with a
probability B,.

We denote the service rates of these two states as R*“' and R“® at secondary user,

respectively. Based on Shannon information theory, the achievable service rates of the two

system states can be written as

Gss S

2
O

u,b
R“" = TBP,log, (1 + ) , and R"“* = TBP,log, (1 + &) , (3.2)

GpsSp + 02

where S%* and S** are two transmit power levels of the cognitive transmitter when the
spectrum is idle and busy, respectively. The effective capacity formula of the cognitive

network for each state mentioned above can be written as

EE(0) = —glog, (B ") (33)
BE6) = —glog, (ELe™)) (3.4)

where E,__ is the expectation over the random variable g,,, and [E; is the expectation operator
over the ratio of the random variables gss and g,s which will be discussed shortly.

Since in the underlay case, the cognitive user does not preform spectrum sensing, it is
not possible to differentiate state 0 or state 1. Hence, we can impose the cognitive user
to operate in the state that provides higher capacity. Therefore, the aim now is to solve

Eq. (3.3) and Eq. (3.4) individually, and make the cognitive user to choose a power level

that provides better performance.
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The effective capacity Eq. (3.3) can be written as

4 1 —TBP;flog, | 1 9732”
Eg‘yl(e) = _510ge (Egss [6 g2<+ o5 )})

1 gesS\ T

where the term a%’ = (TBP,#/In2) can be named as the normalized QoS exponent. It can

characterize the statistical delay QoS requirement since it is only a function of 6.
Eq. (3.5) can be evaluated by taking the expectation over the random variable g,s which
has the pdf given in Eq. (3.1), and by evaluating the integration, the following formula can

be obtained (see also the derivation in Appendix B)
Ui 1 I'(a"' — u wyi. U
Egt = ——log, (—M)(W 1 Fy (14— ahA")
0 [(aw?)
(3.6)

w,

L —a™) e
" F(M) (7 )

where 7" = ;T27 p1 = p, and the function | F} is called Confluent Hypergeometric function

1Py (@ 14 o = sy )] :

of first kind, defined in Appendix A.

To evaluate Eq. (3.4), we refer to the statistical fact that says: the ratio of two independent
Gamma distributed random variables with shape parameters j; and s, respectively is Beta
Prime distributed random variable with parameters pu; and ps [58]. Let us define the random
variables X and Y as X = g, and Y = (g,sS, + 02)/S%’. Since power channel fading is
assumed to be Gamma distributed, Y is also Gamma distributed with mean ps. The pdf of

Y can be expressed as

yuz—le—y
y) = —~F——, 3.7
(v) T(i2) (3.7)
where py = (”“lg+t“?‘) Then, the pdf of the ratio random variable Z = % has the following

Beta Prime distribution

2u1—1<1 + Z)—ul—uz
Bpr, p2)

Here, p1 = p is the expected value of power channel fading. In Eq. (3.8), 5(u1, it2) is the

fz(2) = (3.8)
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Beta function which is related to Gamma function as [(u1, u2) = % Substituting
R“" defined in Eq. (3.2) into Eq. (3.4), we get
wb 1 fTBPbHIOgQ( gss S )
Eg'0) = —5los. (E.|e
1 ot
— —éloge [Ez[(l +2) bH, (3.9)

where a*® = TBP,0/1n 2.
Eq. (3.9) can be evaluated by taking the expectation over the random variable z which
has the pdf given in Eq. (3.8). By evaluating the integration using the symbolic integration

provided by MapleSoft-12 software, the following formula can be obtained

1 L(a™ + po)T (g1 + H2>>
EY =—Z1o ( : 3.10
: O [ T(awb + g + pig) T (p12) (310)

The effective capacity formula Eq. (3.6) and Eq. (3.10) are derived using the properties of

gamma and hypergeometric functions listed in Appendix A.

In Figure 3.1, we plot Egs. (3.6) and (3.10) as a function of P; in which we allocate the
powers in fixed manner depending on how the channel is busy or idle (i.e., S** = P,S™ and
Sub = P,S™). The figure shows that, depending on the probabilities of spectrum activity,
the maximum achieved effective capacity may vary from a state to another. As a result
of nonexistence of sensing information in underlay base, it is not easy for the cognitive
transmitter to know what power should be used to perform transmission. For this reason,
the following algorithm is proposed to notify the transmitter which power level has to be
used to achieve optimal performance.

Now, the main objective is to find the optimal power allocation for the two power lev-
els {Swi Swbl = { : M} to maximize the effective capacity of the cognitive network
subject to the upper bounded transmit and interference powers. From Eq. (3.6), we can

formulate an expression for the optimal effective capacity for the cognitive network channel
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Figure 3.1: Effective capacity versus probability of idle for idle and busy states. S, =
S™=10 dBw, B=1 KHz, T=50 ms, 0% = 1.

in the state 0, and write the optimization problem as follows

1 F(a“’i — ul) i
| : u\H F -1 _ AWt AU
Ir}ﬁxx 7 log. [(—F(aw) ()" 1y (Ml, + o —aty )

u,

I(p — a™)
(1)

S.t. 0<Sw < 8sr,

+ (v)"

1F1 (au,i;1+au’i—ﬂl;’yu))]7 (311)

I e
The cognitive transmitter should satisfy transmit power constraint, which appears in the first
constraint in Eq. (3.11). At the same time, since the transmissions of the cognitive network
will interfere the primary network, in order to protect the QoS of the primary network, the
average interference power constraint is imposed in the second constraint of Eq. (3.11).

Using the fact that log(-) is a monotonically increasing function, the solution to the
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maximization problem Eq. (3.11) can be mapped to the following minimization problem

(F(Oéu’i — 1)

. ' wu\ M F . 1 RPN T S 7}
n}ln T (o) (v 1Fy (,Uh +pr =y )
(g — a®?) o A A
—— (") (@ T4+ o™ — psyt) ),
INTY) ( ) (3.12)
S.t. 0<S¥ < S,

E[gsp S < I'™.

By studying the behavior of the function | F; through its properties given in Appendix A,
it can be shown that the objective function of the above optimization problem is convex
function. Also the constraints are linear with respect to the optimized variable S“¢. As a
result, we can conclude that the problem in Eq. (3.12) has no more than one minimum. This
global minimum can be found by taking the first derivative of the above objective function
and equating it to zero. So the corresponding optimal power allocation is the solution of the

following equation

{Cful (’Y*u)”1 ( 1By (Ml; T+ py — Oéu’ié ’Y*u) +

YULE (L 4 a2 + g — oty
L+ p —awi

e ) . . Al 1F1(1 + au7i; 2+ Wi — L1 V*u))}
+Cya™ (v (o™ 14+ o™ — py;y™) + : =0,
2 (™) (1 1 ( pa; ™) T+ a" —
(3.13)
where O} =T(a™" — pu1)/T(a™), Cy = T(p — a™")/T ().

Eq. (3.13) can be solved numerically in the domain [0 < S < min{ﬁ—f,Sm}}, where
Syt = T
ol

Similar to the work done in the state 0, the optimization problem to adapt S“° can be

formulated to the following minimization problem

. T(a™ 4 )P (i + o)
min ; ,
ne D(a? + gy + p2)L(po)

St 0< S < sm (3.14)

E[98psg7b] < ]tha
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and the corresponding optimal power allocation of the state 1 is the solution of the following

equation

U (a4 p5) + O (4 p5) = W (@ 4 g+ pi5) = W () =0 (3.15)

in the domain [0 < S** < min{S™, I;—f}} We use the property of I'(z) # 0,Vx € R to
simplify Eq. (3.15). Note that the optimal value pj is the value of py corresponding to S*%?,
i.e., = (1S, + 02)/S:wb. The function ¥ in Eq. (3.15) is known as Polygamma function
defined as [59]

> fmet 1 1
U(z) = i et_ldt:—%Z———z z2#0,—1,-2,---, (3.16)
k=0

where v9 >~ 0.57721 is the Euler-Mascheroni constant.
The cognitive transmitter will be allocated the power that maximizes the effective capac-
ity. The optimal power allocation for the underlay cognitive radio S** € {Sr®%i S*%0} which

optimizes the effective capacity can be determined by

ST = argmax (Eg’ (S B (S;‘“b)> . (3.17)

*U,i qku,b
Ss 0,85

As a result, the optimal effective capacity of the underlay scheme is

(0, 5:) = max (B (0, 8:), E& (0, 51)) (3.18)

3.3 Optimal Resource Allocation For Overlay Scheme

In this section, we aim at deriving optimal resource allocation strategy for the overlay scheme.
As discussed previously, while applying the overlay scheme, the secondary users need to
utilize the spectrum sensing to identify the spectrum occupancy status before accessing the
spectrum and can only use the vacant spectrum for transmissions. Therefore, for a frame of
T seconds duration, the first 7 seconds will be used to sense the channel, and the remaining
(T — 7) seconds will be exploited for data transmission. The resulting frame structure is

shown in Figure 3.2.
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Figure 3.2: The transmission frame structure.

3.3.1 Spectrum Sensing Model

According to [5,9,36], the spectrum occupation status can be determined between the fol-
lowing two hypotheses:

detected as idle : y(i) =n(i) 1=1,2---78,

(3.19)

detected as busy : y(i) =n(i) +ny(i) i=1,2---7B,
where y(i) is the received signal at the detector input of the cognitive transmitter, n,(7) is
the received signal generated by the primary user. Since the bandwidth is B, we assume that
the symbol rate is B complex symbols per second. So we have 78 symbols in a duration of
7 seconds (for simplicity, we assume that 788 is an integer). Assuming that {n,(i)} samples

are 7.t.d. signal and modeled as zero-mean Gaussian distributed with variance of aflp. The

optimal detector response for this hypothesis problem is given in [60] as

v- L z =it 5 (3.20)
where 0 is a pre-designed threshold. The cogmtlve radio assumes that the primary system
is in operation if ) > 9. Otherwise, it is idle. Assuming 7B is sufficiently high, ) can be
approximated, using Central Limit Theorem [61], as a Gaussian random variable with mean

and variance

o? if PU is inactive
Eyj={ % EPUBDa 21)
o; +o, it PU is active,
and
) ol/(TB) if PU is inactive
03 = (3.22)

(E[|np| | + 054207 0F — o, >/(7’B) if PU is active,
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respectively, where E[|n,|*] is the forth moment of the received signal n,,. Note that E[|n,|*] =
202 for the C'SCG assumption [10]. The probability of false alarm of the energy detector is

given as follows

Py =Pr{y > 4P} =Q (%) : (3.23)

where Q)(+) is the complementary cumulative distribution function of the standard Gaus-
sian. If we assume that the primary signal n, has complex-valued PSK waveform [10], the

probability of detection of the energy detector can be written as
Pa= Pr{y>6PR}=Q ( o, ) (3.24)
= Pryy > = L , .
d b os \/(20%1) +a§)/(7-8)

Due to the unavoidable sensing errors, the cognitive network has four states, which are

listed as follows:

1. State 0 : Channel is idle, detected as idle, with probability: (1 —Py)P;
2. State 1 : Channel is busy, detected as idle, with probability: (1 — Py) P,
3. State 2 : Channel is idle, detected as busy, with probability: P;F;

4. State 3 : Channel is busy, detected as busy, with probability: P,;P,

As defined in the overlay strategy, the cognitive network can access the spectrum only
when the channel is sensed as idle. Therefore, the service rates of the cognitive network for

the first two states, denoted by R%, R are

i SSSO”L‘
R* = (T —1)B(1 —Py)P,;log, (1 + g 025 ) ,

050" (3.25)

and, R’ = (T —7)B(1—Py)P;log, (1 + m) :
where S% and S%? are two transmit power levels for the state 0 and 1, respectively. While
the service rates of the last two states are zero because the channel has been detected as
busy and no transmission is allowed in this case.

The cognitive user in both states 0 and 1 detects the spectrum as idle, but due to possible

sensing errors, the channel is actually idle as in state 0 (correct detection event) and it is
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actually busy as in state 1 (false-alarm event). The cognitive user can not differentiate
between state 0 and state 1 in each of them the channel is sensed as idle.
The effective capacity of the overlay scheme for states 0 and 1 can be written as

o0 1 _QRovi
Be'(0) = —log, (E["*")) -
and, FE"(0) = —% log, (E[e’(mo’b]) :

Using the same idea presented in the underlay case, Eq. (3.26) can be expanded as

: 1 (T —r)BA—P;) Piblogy (1422558
Egz(e) = ——log, (Egss {6 ( JBA=Ps) Og2< o? )}>

0
(3.27)
559"
and, E2(6) = 5 log, (Ew [e“T‘”B(l‘”)Pb‘“"g? (”gisswz>] ) :
3 ] 1 gssS.‘S)’b
where [E,, is the expectation over the ratio P

Let a®' = (T —7)B(1—P;) P8/ 1n2, and a®® = (T —7)B(1 — P;) P,0/ In 2 as the normalized
QoS exponent for each state. These parameters can characterize the statistical delay QoS

requirement, since at certain sensing time it is only a function of 6. Egs. (3.27) can be

0,1 1 gsssg’i -
o= b (5. (1+222) )

and, EZ'(0) = —% log, (Ew [ (1+ w)_o‘o’b } >

Similar to the work done in Eq. (3.9), Egs. (3.28) can be evaluated, a solution for each case

written as

(3.28)

can be obtained as

1 (T m) -
B =— -1 . Ot LEF i1 —a%" 9’
C 0 0og, ( T (O[O’l) (’7 ) 141 (,ul) + M1 a7y )
I (lu’l B ao,i) 0\aot 0,i 0,i o
+W(’7) 1A (@5 T+ % = ns°) ), (3.29)
1 I (a® + r +
and, FEX’=— -log, ( . tg) T pis + 1) ,
0 I (e + pn + p3) T (p3)
where 7° = ;(,2“ and pug = (‘“i+202) The derivation is similar to the underlay case of

Eq. (3.6) and Eq. (3.10). See Appendix B for details.

Depending on the factors (1 — Py)P; and (1 — Py)Fy, the capacity that can be achieved
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from each state might vary. Figure 3.3 illustrates the impact of these probabilities on the
effective capacity in each state. As it can be seen from Eq. (3.25), even though, the state 0
with power level S%¢ is most likely to be chosen, but in some cases, transmission using the
power level S%° which refers to state 1 may get better, especially for lower probability of idle
as depicted in Figure 3.3. Thus, an algorithm which will be able to notify the cognitive user
to select one of these states (whether 0 or 1) is needed. The cognitive user will be forced to
transmit with a power that attains more capacity while satisfying the power and interference
constraints. The cognitive user does not necessarily know what the state is (0 or 1), the

algorithm will compromise between two levels of power (referred as S and S2?).

25
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Figure 3.3: The impact of sensing probabilities on effective capacity for states 0 and 1 in
overlay scheme.

3.3.2 Optimal Power Allocation for Overlay Scheme

The power allocation of the cognitive radio network, {S%¢, 5%} should be carefully assigned
to optimize the overall capacity of the channel. Furthermore, the sensing period 7, which
plays a great role on the system performance, should also be considered in this optimization

process.
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The cognitive network needs to meet transmit power constraint, this can be expressed as

state 0 : Trgoi < 5m, (3.30)
state 1 : Tr5eb < gm. (3.31)

Similarly, the interference from the cognitive transmitter to the primary should also meet

the following interference constraint

state 0 : T2 E[g,, 507 < I, (3.32)
state 1 : TTE[g,,Sot) < It (3.33)

Our objective is to derive the optimal resource allocation {S%¢ S 7} to maximize the
effective capacity under the transmit and interference power constraints in Egs. (3.30)-(3.33).

The optimization problem of the state 0 can be formulated as
1 ] 0,8 0,1 0,1 o
max — log, [ (Cf(vo)“ 1By (s 1+ — a%59°) + C5 () 1 Fy (%514 %' — psy ))
T 3.34)
S.t. Eq. (3.30) & FEq.(3.32) hold, and 0 <7 <T/2,
With the same manner, the optimization problem of the state 1 can be formulated as

ax T(a® + pg)T (1 + Ms)}
st D(a®b + pg + ps)I(pg)

St.  Eq (331) & Eq (333) hold, and 0<7<T/2,

(3.35)

where C¢ and Cf in (3.34) are defined as CY = I'(@®" — 1) /T (a®"), C9 =T(py — a®")/T ().
The variables 4° and ps3 are related to the original optimized variables S%¢ and S%° as

70 = ;UQ and 3 = (1S, + 02)/S%? respectively. The optimized sensing period variable 7

b

i and a®?.

is embedded in the variables o Furthermore, we assume that the sensing time
should not last more than half of the frame period 7. The authors in [10] conclude that
for multi slot spectrum sensing, in all cases, the optimal throughput is obtained when the
sensing period is less than 7'/8.

The problems in Egs. (3.34) and (3.35) can be solved by two steps. In the first step, we

try to obtain the optimal power allocation under a given sensing time 7. In the second step,
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we can obtain the optimal sensing time by exhaustive search given the power allocation.
Similar to the underlay case, the solution of the above maximization problems can be

mapped to the following minimization problems
min (C20 APy (i L+ = 0%1597) + C3(r°)° " 1Ry (0% 1+ 0% = i °) )
T—71 T—71

T

St.  0< St < S™ and SO < It

(3.36)

in r (Oéo’b + ug) [ (p1 + MS)}
U3, T T (Oéo’b + p1 + ,US) r (Mg) (337)

T - T -
St.  0< Tngvb <S™ and L sot < 1t

The corresponding optimal power allocation in the state 0 for a given 7 can be derived by
differentiating the objective function in Eq. (3.36) and equating it to zero, beneficial from
the convexity of the confluent hypergeometric function ; F7. So the following solution can be

obtained

T (7)) ( VP (s 1+ — % 9%)

LR 24— oz"’i;v*")>
L+ — a0
ORI+ a2+ 0% — ul;v*")) _0
1+ a% — B

—O—C'fozo’i (’y*o)aw ( 1Fy (Oéo’i; 14+ a% — s ’V*O) +
(3.38)
in the domain [O < Srot < min{%, %}} Similar to the above, the optimal power

allocation in the state 1 for a given 7 is the solution of the following equation

(\D(ao*’ ) 4 W+ ) — (% 4 iy + 1) — w;)) —0, (3.39)

2

in the domain [0 < S3*" < min{ 7>, %}]. The term 7* in Eq. (3.38) is v** = %7,
and pf in Eq. (3.39) is the value of 3 corresponding to S*? i.e., u} = (1S, + 02)/S:ob.
Different sensing time will result in different performance. Thus, determining the optimal
sensing time is a critically important task in the resource allocation scheme. Therefore, after
deriving the optimal power allocation scheme at any given 7, the optimal sensing time,

denoted by 7*, can be found by ezact line search method [62].

Among two candidate power levels, the cognitive transmitter will be allocated the power
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that maximizes the effective capacity. The optimal power allocation for the overlay scheme

Sxo e {Sroi SxobY can be obtained as

§17 = argmax (B¢ (5:°7) , BE (S:%)) (3.40)

*0,1 q*0,b
Ss7,857

As a result, the optimal effective capacity in the overlay strategy is

EZN0) = (6, 5200, S0 7). (341)

3.4 Underlay-Overlay Selection Criterion

In the previous sections, we have obtained optimal power allocation for both underlay and
overlay schemes. However, underlay and overlay schemes have different features. For exam-
ple, the underlay strategy does not need to perform spectrum sensing but the interference
power constraint should be satisfied all the time. While a portion of time is assigned to sens-
ing process for the overlay case, the cognitive network only needs to meet the interference
power requirement when the primary user is detected to be active. Therefore, the under-
lay and overlay approaches may have their respective advantages under diverse propagation
environment and system parameters. If the cognitive network can dynamically choose the
DSA strategies, the performance of the whole network could be further improved.

In this section, we aim to develop a selection criterion for the cognitive network based
on the two most important parameters: the probability of the primary users activity and
the QoS requirement. The primary users’ traffic load affects the spectrum access activity
of the primary network and thus the performance of the cognitive network. The heavier
traffic load will cause higher spectrum-occupancy probability and vice versa. Moreover, the
QoS guarantee is critically important to the wireless communication system and especially
for the cognitive networks. As different applications and services may have diverse QoS
requirement, it should also be taken into consideration.

Now, we first take a closer look at the relationship between the QoS requirement and the
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QoS exponent. For a given discrete service rate process, the effective capacity Eo can be
calculated from Eq. (2.5). The corresponding constraints for queue length-bound violation
and delay-bound probabilities are determined from Eq. (2.2) and Eq. (2.3) by

Pr{Q > ¢" m~e " < P, (3.42)

and  Pr{D > d"} =~ e %" < pp, (3.43)

where Py and Pp are the maximum queue length-bound violation and delay probabilities
that are allowed by the system, respectively.

The QoS requirements depend on the type of service, for example for audio, d** = 50 ms
and the violation probability Pp = 1072, while for video communication d* = 150 ms and
Pp = 1073 [26]. According to these requirements, the limits of the value of § can be specified.

Consequently, the QoS exponent 6 should satisfy
(3.44)

Note that ¢ is defined in Subsection 2.1.3.

Substituting the optimal resource allocation schemes {S7*% Sz01 and { Sz, Srob 7+}
for the underlay and overlay schemes given in Egs. (3.18), (3.41), respectively, we can obtain
the maximum effective capacity for the DS A schemes.

The methodology of the DS A selection criterion can be summarized by considering a two-
dimensional plane, where the z-axis represents the QoS exponent ¢ and the y-axis denotes
the idle probability P;. Then, we can divide the plane into two regions, denoted by R* and
Re, respectively. The point (6, P;) in R* satisfies E4P(0) > EG(0), and the point (6, P;)
in R° satisfies EZ™'(0) > Eg&'(#). Given the delay bound and its violation probability,
the corresponding QoS exponent € can be calculated. If the point (6’, P)) falls into R, the
cognitive network should choose the underlay scheme. On the other hand, if (9, R-) falls into

R°, the cognitive network should select the overlay scheme.
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3.5 Numerical Results and Performance Analysis

In this section, numerical results are presented to evaluate the performance of the proposed
power allocation strategies for both underlay and overlay schemes. In the calculation, the
frame duration is set to 7' = 50 ms, the sampling frequency is 100 K samples/s. Unless
otherwise is stated, the probability of the channel to be idle is set to P; = 0.4. Other
parameters are listed in the corresponding figures.

Figure 3.4 presents the normalized effective capacity (which is defined as the effective
capacity divided by TB and thus has the unit of “bits/sec/Hz”) of both schemes as a func-
tion of the QoS exponent #. In Figure 3.4(a), we can observe that, in underlay scheme,
the QoS exponent 6 plays a critically important role in the maximum throughput of the
cognitive network. When @ is small (i.e., the QoS constraint is loose), the cognitive network
can realize higher throughput. On the contrary, when 6 is large (i.e., the QoS constraint is
stringent), the cognitive network can only support lower arrival rates. Figure 3.4(b) illus-
trates the normalized effective capacity as a function of delay exponent and the impact of
the probability of the channel being idle, P; for the overlay scheme. We can observe that the
effective capacity is a decreasing function of  and is an increasing function of the probability
P;. In loosely QoS constraint system, the effective capacity variation is insignificant, while
for more stringent QoS constraint, the capacity degrade is dramatically.

Higher P; means the cognitive transmitter assumes that the channel is idle with a higher
probability. The secondary user exploits the situation and transmits with a higher power
level, which in turn, gains more capacity. While at lower P;, the cognitive transmitter
assumes the channel is busy with a higher probability (since P, = 1 — P;) and thus, it
reduces the transmit power to comply with the interference constraint.

To compare the effective capacities for the proposed adaptive with non adaptive schemes,
Figure 3.5 shows the effective capacity as a function of QoS exponent 6 for adaptive and

non-adaptive schemes. Solid curves show the result for adaptive scheme and dashed curves
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Figure 3.4: Normalized effective capacity versus exponent delay 6.

for non-adaptive scheme.
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Figure 3.5: Normalized effective capacity versus QoS exponent # for adaptive and non adap-
tive power policies.

It is shown that the effective capacities under the adaptive schemes are always higher than
the fixed allocated power policies. Moreover, it can be noticed that the rate of performance
degradation in the adaptive algorithms is faster than that of the non adaptive algorithm. This
means that the adaptive algorithm is more sensitive to the QoS delay exponent variation.

The transmit power of the primary network S5, is another critical parameter that affects
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the performance of the cognitive network. Figure 3.6 shows the effective capacity versus S,

for both schemes and for different QoS exponent #. We can observe that the performance

—A— Overlay, 6=0.01

- A - Overlay, 6=0.1
=%~ Underlay, 6=0.001
=WV - Underlay, 6=0.01
/' Underlay, 6=0.1

N

Normalized effective capacity (bit/sec/Hz)

Primary trasmit power SP (dBw)

Figure 3.6: Normalized effective capacity versus primary transmit power with different 6,
P, =0.4.

of the cognitive network degrades as S, increases. This phenomenon can be explained as
a larger S, will cause more severe interference to the cognitive receiver. This causes the
cognitive transmitter need more power to overcome the negative impact brought by the
interference of the primary sender. However, as shown in Figure 3.6, when the QoS exponent
is small (i.e., § = 1073), the performance loss of the underlay cognitive network is not
obvious. On the contrary, the performance of the cognitive network degrades more obvious
when the QoS exponent is large (i.e., @ = 0.1). The reason for this observation is that a
small 6 denotes loose QoS requirement and the power allocation becomes water-filling as
we explained in Subsection 2.1.2, thus the power resource can be more efficiently utilized.
However, large # means stringent QoS requirement, which results the cognitive network
transmit with constant rate. Therefore, more power is used to overcome the more serious
interference caused by larger S, and the upper bounded power resource is less efficiently
utilized.

Figure 3.7 shows the effective capacity versus sensing time 7 for different P;. We can
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observe that the effective capacity is a concave function with respect to 7. In addition, it
is also noticed that the optimal sensing time for each curve changes with P;. The cognitive

user needs more sensing time to achieve optimal capacity when P; is low.

o
o
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—_
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o
&)

Effective Capacity (symb/bit/Hz)

0 5 10 15 20 25
Sensing time () msec

Figure 3.7: Effective capacity of the overlay scheme versus sensing time for different P,
0=0.1(1/bit).

In Figure 3.8, each curve divides the plane into two regions. The region below the curve
is R* , where the point (6, P;) satisfies E&P(0) > Eg®(6), and the region above the curve
is R°, where the point (6, P;) satisfies EZPN(0) > EZ°(0). Based on the figure, the access
strategy selection criterion proposed above can be performed. If the point (9, P;) falls below
the curved border, the cognitive network should choose the underlay scheme, otherwise,
the cognitive network should choose the overlay strategy. If the point falls exactly on the
border, which means Eg”" = E5 | it gives the same effective capacity for both schemes.
Considering the higher implementation complexity of the overlay scheme, the preferred choice
is then the underlay scheme.

Furthermore, Figure 3.8 presents the border curves under different interference thresh-

olds. We can observe from the figure that the area of the region R" increases when the
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Figure 3.8: Underlay/overlay regions as a function of P; and @ for different I'".

interference threshold I** becomes larger. Generally, from the analysis and the comparison
of the two different DSA schemes, it can be deduced that the selection of the efficient strat-
egy depends on several factors. It is a function of the channel occupancy probability, as well
as a function of the interference threshold allowed. The choice of the scheme has also to be
compromised between complexity and the achievable performance. By observing the above
analysis and results, we can notice that the less busy the primary channel with loose QoS
requirement (i.e., high P; and small 0), it is preferred to use the overlay scheme for higher
achievable capacity. On the other side, when the system is more harsh (i.e., low P, and large

0), underlay scheme is preferred to maintain the achievable capacity performance.

3.6 Chapter Summary

In this chapter, we integrated the concept of effective capacity into information theory and
developed the optimal resource allocation for both underlay and overlay DSA schemes. We
studied the impact of the delay-QoS constraint on the network performance, and consid-

ered the primary users’ spectrum-occupancy probability. Analytical results for the effective
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capacity for both schemes were derived. Optimal power allocations to achieve maximum
effective capacity were also obtained. We propose a selection criterion to determine whether
to employ underlay or overlay scheme under the given QoS constraint and the primary users’

spectrum-occupancy probability. Thus, the capacity of the CRN might be increased.
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Chapter 4

Effective Capacity Based on Pilot
Aided Transmissions over Imperfect

Channel Information in CRNs

The main challenge for the secondary users is to control their interference levels not to
exceed the limit where it may introduce harmful impact to the primary user. For this
reason, interference should be carefully controlled under the assumption of imperfect channel
estimation and under the probabilities of getting false alarms and/or misdetections in channel
sensing process. The secondary user should also guarantee its own QoS requirements by
transmitting at certain power for desired rates and by limiting the delay encountered by the
transmission in the buffers [29].

Wireless channel conditions vary over time due to changing environment and mobility.
The imperfect channel fading coefficients are possibly estimated through training techniques,
but this is considered as critical for the successful deployment of cognitive radio systems in
practice.

In addition to channel estimation, activities of primary users should be detected through

52



channel sensing. Hence, more challenging scenario may face the developers. There are certain
interdependencies between these tasks of channel estimation and sensing. A mistake in
channel sensing may lead to errors in the estimation of the channel coefficients. If the primary
users are in the network but not detected, the channel estimate may be worse. Studying
the transmission performance of cognitive radio in a practical scenario in which secondary
users perform channel sensing, channel estimation, and operate under QoS requirements is
the main motivation for recent research.

Some early research in the channel estimation was studied by an analytical approach to
the design of pilot-assisted techniques [12]. Pilot-Assisted Transmission (PAT), in which a
known training symbol is multiplexed with the data symbols, may be used to estimate the
channel state and to adapt the receiver parameters accordingly [11,63].

In this chapter, the transmission performance in cognitive radio networks is studied as-
suming imperfect channel estimation and by adopting again the concept of effective capacity
introduced in Chapter 2.

The cognitive radio initially performs channel sensing, then the channel fading coeffi-
cients are estimated in the training phase of the transmission. Finally, data transmission
is performed. The activity of the primary user is modeled by a Markov process. In this
work, we jointly evaluate and optimize the training symbol and data symbol powers and
transmission rates of the secondary users.

The rest of the chapter is organized as follows. In Section 4.1, the cognitive channel
model is given and channel sensing expressions are formulated. Section 4.2 discusses the
channel training with pilot symbols and derives the M M SFE channel estimation technique.
In Section 4.3, data transmission phase and its performance is studied. A state transition
model for cognitive radio transmission is also analyzed. In Section 4.4, we use the effective
capacity concept to formulate the optimum throughput that the secondary user can achieve.

We provide numerical results in Section 4.5, and summarize the chapter in Section 4.6.

93



4.1 Channel Model and Spectrum Sensing

Figure 4.1 depicts the proposed frame model for the cognitive transmission. Initially, the
secondary user performs channel sensing which lasts 7 seconds of a frame of total duration T’
seconds. We assume that pilot symbols are employed in the system to facilitate the sensing
of channel fading coefficients. This will make the receiver able to track the time-varying
channel. Since the M MSFE estimate depends only on the training energy and not on the
training duration [64], it can be claimed that transmission of a single pilot at every 7" seconds
is enough and optimal [64,65]. Instead of increasing number of pilot symbols, a single symbol
with relatively high power is used as a pilot. With this, a decrease in the duration of the
data transmission can be avoided. Consequently, it is assumed that the transmission is over

flat fading channel in which fading remains constant in each frame. Both powers of pilot

SENSING DATA

}‘* T (sec) A’I % "7 T—-—7-— %) (sec) 41

(sec)

PILOT

Figure 4.1: Transmission frame model consisting of channel sensing, a single symbol as a
pilot, and data transmission.

and data symbols, and transmission rates are related to the channel sensing results. Let S,
and 7, be the average transmission power and rate if the primary user is detected as busy,
respectively, while, they are S; and rg4, if the channel is detected as idle. The input-output
relation between the cognitive transmitter and receiver in the i"® symbol duration can be

expressed as

h;x1; + n;, if PU is inactive,

hixo; + ni + ny,, if PU is active,

where x1; and x9; are the secondary transmitted signal when the channel is idle and busy
respectively. y; denotes the channel output signal, h; represents the fading coefficient between

the cognitive transmitter and receiver, modeled as Rayleigh random distribution with rms
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value of a. The statistical values of the Rayleigh distribution are [66]:

{ Elf] = a3 (4.2)

op=a*(2-13%).

The term {n;} in Eq. (4.1) is zero-mean Gaussian distributed random noise samples at the

cognitive receiver with variance o2 for all . The term np, represents the sum of the active
primary users’ signals received at the cognitive receiver with a variance of Uip.

By performing spectrum sensing for reliably identifying the spectrum holes, and using the

Energy Detection described in Chapter 3, Section 3.3.1, the probabilities of detection, false,
and miss-detection can be obtained. The decision can be made according to the following
two hypotheses: Ho : 2= i=1,2---78,
Hi: 2 = N + Ny, i=1,2---7B.
Since the symbol rate is B, we have 73 symbols in a duration of 7 seconds.
Regarding the channel sensing result, the cognitive radio network has the following four
cases:
1. Correct detection: with two possible cases
e Channel is busy, detected as busy, (BB).
e Channel is idle, detected as idle, (DD).

2. Miss-detection: channel is busy, detected as idle(BD).
3. False alarm: Channel is idle, detected as busy (DB).

4.2 Pilot Power Analysis

In Pilot Aided (or Assisted) Transmission (PAT), a known symbol is embedded in the data
transmitted stream to facilitate the receiver to estimate the channel fading coefficients [67].
The cognitive transmitter sends one pilot symbol after the processing of channel sensing to
make the receiver able to estimate the channel coefficients. Obviously, this estimation will

be affected by channel sensing results.
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As mentioned in Section 4.1, with the assumption of constant fading within a frame, one
pilot symbol is adequate to provide estimations. The first 7 seconds of a frame with duration
T is reserved for sensing process, while sending a single pilot with relatively high power is
optimal [65]. This increases the duration of the data transmission. After channel sensing
and pilot symbol transmission phases, the rest ((7'— 7)B — 1) symbols are devoted for data

transmitting. The average input power in each frame can be written as
TB

S, = Z E[|zu?]; i=0,1,---, I=1,2 (4.3)
i=TB+1

where x; is defined in Eq. (4.1). The total power assigned to the pilot and data symbols in
a frame is limited by S, when the channel is sensed as busy, or by S; when the channel is
sensed as idle. For the possible two cases mentioned above in which the channel is busy (i.e.,
BB and BD), the cognitive transmitter transmits with an average power S, for the case of
BB. While for the case of BD, the cognitive transmitter transmits with an average power
S4, making the active primary user suffer from interference introduced by the secondary
user. Depending on the capabilities of the transmitters and the energy resources they are
equipped with, there exists peak constraints on both average powers, say: S™, the following

constraint on S, and Sy must be imposed:
PaSy + PmSa < S™, (4.4)

where P, and P,, = (1 — P,) are the detection and miss-detection probabilities defined in
Egs. (3.23) and (3.24). Additionally, the average interference experienced by the primary

user can be expressed as
E{PuS|hsp|* + PrSalhsp|*} = (PaSy + PmSa) E{|hsp|} < I, (4.5)

where hg, denotes the fading coefficient between the secondary transmitter and primary
receiver, and I is the average interference constraint. Note that hg, is not known at the
cognitive transmitter and hence the cognitive transmitter cannot adapt its transmission

according to it. However, if the statistics of this coefficient (E[|hgp[?]) is known, then in
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order to satisfy Eq. (4.5), the cognitive transmitter can choose S™ = i

— E{fha Y

The pilot symbol power is also related to the sensing result. Let the power of the pilot
symbol be Sy, = f,.S; if the primary user is detected, while, it is S,y = fqS; when primary
user is not detected, where f;, and f; are the fractions of the total power assigned to the pilot
symbol and data when channel is detected as busy and idle, respectively. Since we assume

that the fading coefficients {h;} be constant within each frame, the index i will be omitted.

The received signal in the pilot phase in a certain frame (i.e., y,), can be written as

(

h(Sp)Y? +n +n, for BB case
h(S,a)Y? +n for DD case

e h(S,)Y? +n+mn,  for BD case (46)
h(Su)/2+n for DB case.

\

If the receiver employs minimum mean-square error (MMSE) estimator to estimate the

fading coefficients, then the estimates can be found as [65,68]

Sp o2
j — W;ﬁ:aﬁpyp for BB and DB cases .
= /S, o2 ( . )
7Y for BD and DD cases.

It is essentially to know that the M M SFE estimates given above are related to the channel
sensing results. Appendix C provides the derivations of M M SE technique and its relations
with the probabilities of the channel occupancy. h in Eq. (4.7) is the estimated channel
fading, which is a circularly symmetric complex Gaussian random variable with zero mean
and variance o? (i.e., h ~ CN(0, 0?)). It can be expressed as h = o;w, where w is a standard

complex Gaussian random variable, (i.e., w ~ CN(0,1)). Thus the fading coefficient can

now be expressed as follows [17]

~

h=h+e, (4.8)

where ¢ is the estimate error in the fading coefficient h, and € ~ CN(0,0?) [12,17,28].

Now, the input-output relationship for data phase in Eq. (4.1) can be rewritten as

(4.9)

. hxi 4+ n + Ny if channel is busy,
Y= -
hxry +n if channel is idle,
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The estimation of the channel variance is [67]

( 4
QS‘”# for BB case
Spbotha?LJrJ%p
Spdaﬁ
9 SpdTh'f‘O'% f()r DD case
i = d (4.10)

h Spacy, 2 2 2
(Spaoi+02)? (Sdeh +o,+ Un,,) for BD case

4

Spbos,
T 2, 3.3 2
Bt +o2 403,

(Spoj + 02) for DB case,

\
2

€

Using Eq. (4.2) and Eq. (4.8), the variance of the estimation error o2 can be found as

03:a§+a2(1+g), (4.11)

by assuming that there is no correlation between the error and its estimation.

4.3 Data Transmission Phase

Finding the capacity of the channel in Eq. (4.9) is not an easy task. A lower bound capacity
is generally obtained by considering the estimate error e as another source of Gaussian
noise, i.e., by considering the term (ez; + n); [ = 1,2, in Eq. (4.9) as Gaussian distributed
noise uncorrelated with the input [29].

The channel can be modeled as a two Morkov chain states (i.e., ON and OFF), for the
state when target transmission rate is greater than or less than the instantaneous rate that
the channel can support, respectively. These two states are possible in each of the four cases
discussed in Section 4.1 in page (54). Hence, totally there are eight states (2 x 4).

The lower bound instantaneous channel capacities in a frame for the four scenarios de-

scribed above can be written as
Ch = C,logy(1 +npw?),  k=1,2,34 (4.12)

where C, = %, and
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( 2
SdbUh

W k=1 ,BB case
€ n np
Sgq02
m k=2 ,DD case
e = { Suotior, (4.13)
deaﬁ
€ n 7Lp
Sapo?
L WQ‘:‘T% k:4;DBcase,

C! is the frame’s lower band capacity of each scenario k, which is obtained by assuming the
factors {e-z} and {n,} in Eq. (4.9) as worst case noise whereas it is considered as Gaussian
distributed [64]. Sy is the data symbol power when the channel is detected as busy, while
Sgq 1s the data symbol power when the channel is detected as idle. These two powers are
related to the cognitive average powers, as Sy = Sy(1— f,)/TC, = Sp(1—f) /(T —17)B—1),
and Sgq = Sq(1 — fa)/ (T —17)B —1).

Since w ~ CN(0,1), the magnitude |w| will have the Rayleigh distribution and the
squared magnitude |w|? will have Exponential distribution [69].

We assume that the transmitter will send its data at fixed rate r if the channel is sensed
as busy, and at ry if it is sensed as idle. If these rates are below the instantaneous capacity
values, i.e., when r, < C, Cl or rq < Cl, C’é, the transmission can be assessed to be in the
ON state and, so, the target rates can be achieved. While , if r, > C!, C} or 74 > C%, CL,
the channel is in the OFF state, where reliable communication can not be achieved.

The activity of the primary user between the frames can also be modeled as a two-state
Markov model. Busy state indicates that the primary user occupied the channel, and iDle
state indicates the absent of the primary user in the channel, as can be seen in Figure 4.2.
Switching from busy state to idle state and from idle state to busy state is with probability
b and d, respectively. The state transition is assumed to occur every 7' seconds. Taking
into account the four possible cases related to the channel sensing results jointly with the

reliability of the transmissions states, the cognitive radio transmission can be represented by
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Figure 4.2: Primary user activity between two states: Busy and iDle

state transition model as P(8x8) transition matrix denoted as

P
P
p1
p1
p1
P

p1

B2

P2
p2
D2
D2
p2
D2
D2

D2

p3
p3
D3
D3
p3
p3
D3

D3

P4 Ps P6 PT DS
b4 P5 DPe P7 P8
Pa Ps Pe D7 Ps
Pa Ps Pe DPr P
P4 Ps Peé PT DS
pPa P5 DP6 P7 P8

Ps D5 Pe Pr  Ps

Pa Ps DPe DPr DPs

(4.14)

The transition probabilities depend on channel coefficients, sensing probabilities, trans-

mission rates, and the two state Markov model in Figure 4.2. Table (4.1) summarizes the

entries of the matrix P, where ¢, in the table is defined as:
(2m/C) — 1), k=14
(2lra/Co) — 1) | k=23

.

The details to calculate these transition probabilities are provided in Appendix D.

1
i

1
i

Table 4.1: The transition probabilities of Matrix P

[=1,2,5,6 n=3,4,7,8
pin = (1 —b)Pge™ =p1 | Pn1 = dPge™ % =P,
p2=(1—=0)Py(l—e"?) =py | pna=dPa(l —e %) =p2
pis = b(1 — Prle™#? =p3 | pn3 = (1 —d)(1 — Py)e™#? =Ps
Pu=01-Pr)(1—e ) =py|pu=01-d)1-P)(l-e*) =
pis = (1 —b)Pe s =ps5 | Pns = AP %3 — s
o= (1—0)Pn(l—e%) =pg | pps = dPpn(l — e %2) — e
pir = bPre™# =p7 | pur = (1 — d)Ppe % S
pis = bPy(1 —e™%) =ps | Pus = (1 — d)Pp(1 — e7#4) — g
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According to the entries of the matrix P listed in Table (4.1), the rank of this matrix is 2.

4.4 Effective Capacity Optimization for Cognitive User

The Effective Capacity (E¢) theory introduced in Chapter 2, is a powerful approach to
evaluate the capability of a wireless channel to support data transmissions with diverse
statistical QoS guarantees.

We aim here, to analyze the maximum capacity that the cognitive radio channel can
achieve under the constraints specified by the QoS exponent (i.e., Effective capacity instead
of ergodic capcity).

The effective capacity for a given 6 is defined in Eq. 2.5 as
1
E.= —tlim p log E(exp(—0R(t))), (4.16)
—00

where R(t) = Y'_, r(4) is the time-accumulated service process. Here we assume that r (i) is
discrete time stationary and ergodic stochastic service process. E(-) is the expectation with
respect to r.

It can be noticed that the service rate per frame is r(i) = r,T if the secondary user
is in the state ON; or ON; at time i (the subscript number under the state refers to the
state number). Similarly, the service rate is r(i) = r47 in the states ON3 and ON;5. For
the remaining states (OFF},j = 2,4,6,8), the target transmission rate is greater than the
instantaneous channel capacities and, so, communication can not be achieved. This leads to
vanish all the service rates in these four even states.

Eq. (4.16) can be solved using the technique given in [70] as follows

1 1
E. = —5logp(M) = —Zlogp(D - P), (4.17)

where p(M) function is the spectral radius of the matrix M, D = diag(dy(0),--- ,dn(0)) is
a diagonal matrix with elements equal to the moment generating functions of the processes

in the N states [70] (here, we have 8 states). Spectral radius of a matriz is the mazimum
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of the absolute values of its eigenvalues, i.e., p(A) et

m?X(|wi\), w;’s are the eigenvalues of
the matrix A. P in Eq. (4.17) is the transition matrix given in Eq. (4.14). Note that in our
assumptions, the transmission rates are deterministic and constants in each state, thus, the
possible rates are: T'ry,, Trq, and 0 for which the moment generating functions are e, 7%

and 1 respectively. Therefore, D = diag(e?%,1,eT%4 1, eT% 1, €70 1). As a result, the

matrix M can be filled as

mpyp1  MpP2 MppP3  MpPs MpPs  MpPe  MpP7  MpPs
b1 b2 b3 2 DPs DPe b7 Ds
MaP1 MgP2 MaP3 MghPs MgDs MaPe MaPr  MaPs
D1 D2 D3 D4 Ds Do D7 Ds
M= (D-P)= . (4.18)
magp1 Mgpe MgpP3z MgpPs MgpPs MgPe MaPr  1MGPs
b1 b2 b3 y2 Ps DPe b7 Ds
mpP1 MpPe  MpPs  MpPs MpPs  MpPe NP7 MpPs
D1 D2 D3 D4 Ds Do D7 Ds

where my, = €79 and my = €% are the moment generating functions of the possible rates

when the channel is busy and idle respectively.

It is easy to note that the matrix M has also a rank of 2. The characteristic polynomial

of the matrix can be written as (See Appendix E for details.):

Q(w) = w2 — C7w + 067

(4.19)

where the nonzero-eigenvalues w can be found by solving the above quadratic equation.

The effective capacity in Eq. (4.16) can be optimized by choosing the maximum values

of r, and r;. This maximization is done by choosing the maximum value of the eigenvalue

of the matrix (D - P) which maximizes the function p(M) in Eq. (4.17).

We formulate a general optimization problem for effective capacity in Eq (4.20).
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E® = max b log 1(7”'%(271 + p7) + mq(ps + D3) + pe + pe + Py + 158>
¢ 0<Sb,Sd§Sm HTB 2
0<fp,fa<1
75,740
1 , , , .\ ?
+§ (mb(pz + D7) + mq(ps + D3) + pe + s + Py + Ps)

—4 (mi(ﬁv pi — B1 pr) + mi(ps B3 — ps Ps) + mu(Pr pe + Br s — P Dy
(4.20)
—P2 pr — D5 D7 — D6 D7 — D1 P8+I58p1)+md(153p2 — P2 D3 —p4155

+p5 Dy — D3 D6 + D6 Ps — Ps Ps + Ds P5) + myma(Ps pr + P7 05 — D1 Ps)
7
—Papy + Dy P2+ Dy P1 — Py P+ D6 Py —252p8—156p8+258p6+158p2)> }

S.t. PiSy + P, Sqg < S™ and (PdSb -+ ’Pde)E(‘hsp‘Q) <™
The effective capacity expression in Eq. (4.20) is obtained by choosing the largest value

of the eigenvalues of the matrix M for a given sensing duration 7, detection threshold 9, and
QoS exponent 6. One can note that if the sensing results are perfect with no errors, i.e.,
the probability of detection P; = 1, and so (P,, = Py = 0), the transition probabilities in
matrix P, ps = ps = pr = ps = pPs = pe = pr = pg = 0.

An analytical optimized solution for the problem Eq. (4.20) is possible whenever the gen-
erating function has an analytical expression [62,71]. In the following section, we investigate

the impact of several parameters on the effective capacity through numerical results.

4.5 Numerical Results

In this section, numerical results are presented to illustrate the impact of the sensing dura-
tion 7, detection threshold 9, and other factors on the effective capacity. Without loss of

generality, we set all variances to unity (o, = 0, = 0,,, = 1). We also assume the symbol rate

P

B=10 K symbol/s, and the frame duration 7=0.25 s. This means there are 2500 symbols in
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the frame. Unless they are not variable, time allocated for sensing is set to 5 ms, and QoS
exponent f is assumed to be 0.1. The maximum power constraint S™=20 dBm. The fraction
assigned to the pilot symbol is 10% whether the channel is busy or idle (i.e., f, = fg = 0.1).
To simplify the objective function of the effective capacity, we set the transition probabilities
of the two-state Markov model in Figure 4.2: b and d, such that b=1 — d.

In Figure 4.3, the normalized effective capacity (which is defined as the effective capacity
divided by TB) is plotted versus the delay QoS exponent 6 for various interference limit
values. We observe that the capacity increases as 6 decreases. The figure shows that in the
case with loose QoS restrictions (i.e., lower values of ), the capacity benefits significantly,
whereas in the case with higher values of 6 (i.e., §= 10 (1/bit)), about 70 % reduction in

the capacity is seen.
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Figure 4.3: Effective capacity versus delay QoS exponents, for various interference-limit.

Figure 4.4 illustrates the effective capacity of the secondary user versus the interference
limit I*" for various QoS exponent values. This figure reveals that the capacity gain that
can be achieved under strict peak interference constraint is much lower than the one under
released interference constraint. Also, similar to the conclusion in Figure 4.3, for specific I*
value, the capacity increases as 6 becomes lower which means loose QoS restrictions.

Figure 4.5 studies the effect of the channel sensing duration 7. It can be seen that for a

short time reserved for sensing process, the secondary user is more likely to get a false alarm
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Figure 4.4: Effective capacity versus Interference-limit for various 6.

detecting the primary user, whereas the probability of detection approaches to one for long

sensing duration.
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Figure 4.5: Probabilities of sensing (P; & Py) versus channel sensing duration 7.

In Figure 4.6, we display the effective capacity (normalized value) as a function of the
probability of detection for different values of S™. As expected, with increasing S™, the
effective capacity value increases, more power means more relax constraints, which leads to
more capacity. The effective capacity increases with probability of detection due to the fact
that more reliable detection of the activity primary users leads to fewer miss-detection.

In Figure 4.7, we plot the normalized effective capacity as a function of the ratio of the

power allocated to the pilot symbol to the total power when the channel is sensed as busy
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Figure 4.6: Effective capacity versus probability of detection P, for different values of S™.

fo (here, we assume f,=fy ). We consider two different interference thresholds. The optimal
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Figure 4.7: Normalized effective capacity versus the ratio of power pilot symbol to the total
power allocated for two different values of I**.

ratio occurs at f, = fq ~ 10%. As the interference constraint increases which means more
allowance to the secondary user to transmit, the effective capacity increases. This can be
intuitively understood. More f, (or f;) means more power allocated to the pilot symbol and

less power allocated to data transmission, which in turns reduces the capacity.
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4.6 Chapter Summary

In this chapter, the effective capacity of cognitive radio channels has been analyzed taking
into account QoS constraints, imperfect channel information, and transmission power limita-
tions. First, a system model is introduced in which the cognitive transmitter initially senses
the channel in order to detect the activity of the primary user. It then sends a pilot symbol
for channel estimation followed by data transmission. The estimation of the channel fading
coefficients is performed through pilot transmission in the training phase. The minimum
mean square error estimator M MSFE is assumed to be employed at the receiver. Through
the study, the interrelation between channel sensing and estimation has been investigated.
We have observed that degradation in the channel estimation is a result of faulty sensing.
The cognitive transmitter is assumed to transmit data at fixed powers and rates according to
the channel sensing results. For the secondary user, we have constructed a state-transition
model taking into account the reliability of the transmission, channel sensing results, and
the primary user activity in the channel. We have formulated the transition probabilities for
this model. A closed form for the effective capacity is obtained as a function of exponent
delay constraint. Numerical results are provided to examine the impact of delay constraint,
interference limit, channel sensing duration, threshold, --- etc, on the effective capacity.

Many insightful observations and investigations are presented.
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Chapter 5

Effective Capacity and Interference

Analysis in Multichannel Sensing

In this chapter, the performance of multichannel transmission in cognitive radio is studied.
Both QoS constraints and interference limitations are considered. The activities of the
primary users are initially detected by cognitive user who performs sensing process over
multiple channels. The cognitive user transmits in a single channel at variable power and
rates depending on the channel sensing decisions and the fading environment. The cognitive
operation is modeled as a state transition model in which all possible scenarios are studied.
The QoS constraint of the cognitive user is investigated through comprehensive statistical
analysis. The effective capacity of the cognitive radio channel is found in a closed form, taking
into account the interference caused on the primary users and the required QoS constraints.
Optimal power allocation and optimal channel selection criterion are obtained. Impact of
several parameters on the transmission performance, as channel sensing parameters, number

of available channels, fading and other, are identified through numerical example.
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5.1 Introduction

In cognitive radio systems, challenges in providing QQoS assurances increase due to the fact
that cognitive user should operate under constraints on the interference levels that they
produce to primary users. For the secondary user, these interference constraints lead to
variations in transmit power levels and channel accesses. This discontinuity in accessing the
channels due to the activity of the primary users make it difficult for the cognitive user to
satisfy their own QoS requirement. The authors in [72] proposed a QoS constrained power
and rate allocation scheme for spectrum sharing systems in which a minimum-rate to the
primary user for a certain percentage of time was guaranteed. The same authors, in [73],
considered variable-rate variable-power modulation employed under delay QoS constraints
over spectrum-sharing channels.

In this chapter, the effective capacity of cognitive radio channels are studied where the
cognitive radio detects the activity of the primary users in a multichannel case, and performs
data transmission in one of these channels using both rate and power adaptation that depends
on the channel conditions and the activity of the primary users. An average interference
constraint on the cognitive user is formulated. Maximum throughput formula is obtained
through the effective capacity approach. Optimal power allocation is derived and investigated
through numerical results.

The rest of the chapter is organized as follows. In Section 5.2, the system model and
assumptions are given. Channel capacity and state transition model are formulated and
constructed in Section 5.3. Section 5.4 discusses outage constraints and interference limit.
In Section 5.5, the effective capacity equation for the cognitive user channel is formulated.
Channel selection criterion is proposed in Section 5.6. Numerical results are provided in

Section 5.7, and the chapter is summarized in Section 5.8.
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5.2 System Model and Assumptions

The considered system model consists of cognitive radio network in which the cognitive user
senses L channels with a bandwidth B; for each, where [ = 1,2,--- , L. Among these bands,
the cognitive user chooses a channel for data transmission. The channel sensing and data
transmission are performed in frames of duration 7'. It is assumed that 7 seconds is allocated
for channel sensing while the remaining (7" — 7) seconds are allocated for data transmission.
The primary user activity influences the transmission power and rate levels. If all of the
channels are detected as busy, the cognitive transmitter selects one channel with a certain
criterion, and sets the transmission power and rate to Sp;(7) and (), respectively, where
1 =1,2,--- denotes the time index in the transmission frame. On the contrary, if at least
one channel is sensed to be idle, data transmission is sent with power Sq;(7) at rate rq;(i). In
the case of multiple channels are detected as idle, one idle channel can be selected according
to a certain policy explained later in Section 5.6.

The input-output relation between the cognitive transmitter and receiver in the 7*" symbol

duration in the [* channel can be expressed as

(0 { s, (1)1 (1) + ny (i), if no PU is active,
1) =

(5.1)
s, (0)21(7) + ny (i) + ny,(7), if at least one PU is active,

where (i) and y;(i) denote the input and output complex-valued channel, respectively. The
term, hgg, (7), is the channel fading coefficient between the cognitive transmitter and receiver
with an arbitrary distribution. Tt is defined g, (1) = |hss,(7)|? as power fading coefficient. A
block-fading channel model is assumed in which the fading coefficients stay constant in the
frame, and they may change from one block to another independently in each channel. In

Eq. (5.1), ny,(7) denotes the active primary user’s signal arriving at the cognitive receiver in

2
Np,

the ["" channel, and it is assumed to have zero mean and a variance o2 . Finally, n(4) in

Eq. (5.1) represents the AWGN at the receiver which is modeled as a zero-mean, circularly

2 V.

symmetric, complex Gaussian random variable with variance o7, ,

70



In order to identify the presence of primary user with unknown frequency locations,
energy detector serves as the optimal sensing scheme since it only needs to measure the
power of the received signal.

The channel sensing can be modeled as a hypothesis test between the noise n;(7) and the
signal n,,(7) in noise. In a duration of 7 seconds, there are 75; complex symbols in each

channel with bandwidth B;, this model can be expressed as

Hay o z(t) = m(i), 1=1,2---78,

Moot 2(i) = m(i) +ny(i), i=1,2---7B;. (5.2)
By the assumption that ny, (i) signal samples are i.i.d., the optimal detector response for

this hypothesis problem is similar to the model given in Eqgs. (3.20) - (3.24), and it can be

rewritten as
TB;

1 N2 ~Ha,
2 = B ; [21(0)]° Sy Oy (5.3)
where ¢; is a pre-designed threshold. Assuming (71;) is sufficiently high, Z; can be ap-

proximated, using Central Limit Theorem, as a Gaussian random variable with mean and

variance
o2 if PU is inactive
E[Z] = l (5.4)
o ton if PU is active,
0.4
) T—gll if PU is inactive

ny

(E[ [ |Y] + o, + 207 07— aflm> /(tB;) if PU is active,
respectively, where E[|n,,[!] is the forth moment of the received signal n,. Note that
E[|n|*] = 202 for the C'SCG assumption.

If we assume that the primary signal n,, has complex-valued PSK waveform, the prob-

abilities of detection and false alarm are given, respectively, as follows [10]

0—op
Py = Pr{Y>0|F}=Q =L ) (5.6)



2
51 — Unl

on (T8))

(5.7)

The probability of miss-detection occurs when the primary user is in operation but the
cognitive radio fails to detect it, thus Ppiss; = 1 — Pay-

In Figure 5.1, the probability of detection and the probability of false alarm are illustrated
as a function of energy detection threshold ¢ for different values of channel sensing duration.
The bandwidth is set to B = 10 kHz and the frame duration is 7" = 100 ms. We can see
that when the detection threshold is low, both P; and P tend to be 1, which means that
the secondary user, always assuming the existence of an active primary user, transmits with

power Sp(7) and rate 7,(7).

o—'%

0.75r

0.25

Detection prob. (pd)
o
o1

o
o
o
3,
-
=
o1
S
o
o1
w

)~y

o

~

(5
.

——1=0.0001sec
—%—1=0.001 sec

False alarm prob. (pf)
o
[Sa)

0.25| - — .1=0,01 sec
0 ——1=0.05sec=T/2 ‘ ‘
0 0.5 1 15 2 25 3

Energy detection threshold (3)

Figure 5.1: Probability of detection P; and false alarm Py versus detection threshold ¢ for
different sensing times.

On the other hand, when the detection threshold is high, P; and P; are close to zero,

which means that the secondary user, being unable to detect the activity of the primary users,
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always transmits with power Sy(i) and rate r4(i), possibly causing significant interference.
The main purpose is to keep Py as close to 1 as possible and P as close to 0 as possible.
Therefore, we have to keep the detection threshold in a reasonable interval. Note that the
duration of sensing 7 is also important since increasing the number of channel samples used
for sensing improves the quality of channel detection, but on the other hand degrades the

transmission time which in turns decreases the throughput.

5.3 Channel Capacity and State Transition Model

Perfect Channel State Information (CSI) is assumed at each receiver. It is further assumed
that each channel has a bandwidth that is equal to the coherence bandwidth B.. Coherence
bandwidth is a statistical measurement of the range of frequencies over which the channel
can be considered to be flat. In other words it is the approximate maximum bandwidth over
which two frequencies of a signal are likely to experience comparable or correlated amplitude
fading. With this assumption, it can be supposed that independent flat fading is experienced
in each channel.

In order to further simplify the setting, it is considered a symmetric model in which fading
coefficients are identically distributed in different channels. Moreover, the background noise
and primary users’ signals are also assumed to be identically distributed in different channels
and hence their variances o2 and aflp do not depend on [. So the subscript [ in the subsequent
expressions will be dropped for the sake of brevity. The probability of each channel being
occupied by the primary users is assumed to be the same and equal to P,. In channel sensing
process, the same energy threshold ¢ is assumed in each channel. Due to possible error in

channel sensing, we have the following possible cases

e (. All bands are sensed as busy, and the selected channel is actually busy.

e (y: All bands are sensed as busy, and the selected channel is actually idle.
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o Cy: At least one band is sensed as idle, and the selected channel is actually busy.

o (4. At least one band is sensed as idle, and the selected channel is actually idle.

Finding expressions of the probabilities of being in each of these cases is very important
for the subsequent analysis. By the assumption that the state transitions occur every frame
and they may change between frames, the probability that the channel is detected as busy

can be written as

p = (BPa+ (11— B)Py) (5-8)
The probabilities of being in each of the above cases can be formulated as follows:
P, £ Pr{being in the case Cy} = pL_lePd, (5.9)

Pyg 2 Pr{being in the case Cy} = p* (1 — PPy, (5.10)

lI>

Py, Pr{being in the case db}

= Pr{at least one ch is detected as idle}

x  Pr{the ch chosen is busy | it is detected as idle}
L
L Py(1— 1—-pP(1 —
= (B )ty BUZP) Q2 DRUZP) g g
—1 [ -p -p
Similarly for the forth case

(1_pL)<1_Pb>(1_Pf) (5.12)

P,y 2Pr{being in the case dd} = 1 ;
—-p

Table 5.1 summarizes these probabilities.

Table 5.1: The Probability of being in each four cases

Case Probability being in this case
Case bb | p*~1PPy

Case bd | p~1(1 — P)P;

Case db Ww

)
Case dd a pL)(ll_—];b)(l_Pf)
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These probabilities are plotted in Figure 5.2 as a function of the probability of detection
for two cases in which the number of channels is L = 1 and L = 5. As expected, Py, and Py
decrease with increasing the number of channels. It can also be seen that Py and Py have

small values when the probability of detection is high.

[y

D D U S S
——0—0—0—0—0—0—0—0—0—$

Probability of the 4 cases
o
©

o
o

o
~

o
)

0 61 02 03 04 05 06 07 08 09

Probability of detection (P_)

Figure 5.2: Probability of being in each of the four cases vs. probability of detection.

In each of the above cases, we have two states, namely either ON state in which the
instantaneous transmission rate exceeds the instantaneous channel capacity, or OF F' state
if it does not. Assuming the interference caused by the primary users n,(i) as additional
Gaussian noise, the instantaneous channel capacities for the above four cases can be expressed

as follows

Ri(i) = B, logy(1 + (i), (5.13)

where [ € {bb,bd, db,dd} refers to the possible case and 7;(i) represents the SINR for the
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corresponding case in the i** channel which is given by

Yoo (1) = —Sb(i])\?%(i)v Yo (i) = —Sb(i])\?%(i) 5.14)
N N 5.14
Yap (1) = —Sd(lj)\iss(l)a Yaa(i) = —Sduj)\gs(l),

where Ny = (07 + 07, ) and Ng = o}, represent the total noise when a channel is busy and
idle respectively.
It can be seen that in the cases Cy, and Cyq, the cognitive transmitter detects all channels

as busy and transmits with rate
(i) = B loga(1 + 1(0)): (5.15)

While for the cases Cy, and Cyy, at least one channel is sensed as idle and the transmission

rate is
ra(i) = Belogy (1 + vaa(i)), (5.16)

since the transmitter assumes the channel as idle, it sets the power level to Sy(7) and expects

that no interference from the primary transmissions will be produced as seen by the absence

2
Np

of o7 in the denominator of 744 in Eq. (5.14).

The transmission rate for the cases Cy, and Cyg is less than or equal to the instantaneous
channel capacity. Hence, reliable transmission at rate 7,() is attained and channel is in the
ON state. Similarly, the channel is in the ON state in the case Cy4 in which the transmission
rate is r4(¢). While in the case Cy, transmission rate exceeds the instantaneous channel
capacity (i.e., 7q(i) > Ra(i)) due to mis-detection. In this case, reliable communication
cannot be established, and the channel is assumed to be in the OF F state. The effective
transmission rate in this state is zero.

Referring to the above discussion, the cognitive transmission model can be constructed
as depicted in Figure 5.3. We have (L + 1) ON states and 1 OFF state. The first ON
state is a combined version of the ON states in the cases Cy, and Cpy in both of which

the transmission power and rate are Sy(i) and r,(i) respectively. All channels are sensed

as busy in this first ON state. The remaining ON states labeled 2 through (L + 1) in the
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figure can be represented as the expansion of the ON state in the cases Cyy in which at
least one channel is sensed as idle and the selected channel for transmission is really idle.
More specifically, the I!" ON state for [ = 2,3,---, (L + 1) is the ON state in which (I — 1)
channels are sensed as idle and the channel selected for transmission is actually idle. The
transmission power and rate for these states are Sy(i) and r4(i) respectively.

The single OF F state labeled (L +2) in the figure represents the case Cyy, in which trans-
mission rate exceeds the instantaneous channel capacity. Reliable communication cannot be
established in this state.

To characterize the state transition probabilities, the probability of staying in the first

ON state in which all channels are sensed as busy can be easily expressed as

pi1 = (PP + (1 — PPyt = p* (5.17)

It is important to note that the transition probability in Eq. (5.17) is obtained under
the assumptions that the primary user activity is independent among the channels and also
from one frame to another as mentioned above. By this assumption of independence over
the frames, the state transition probabilities are independent on the originating state, so the

transition probabilities p;1, [ = 1,2,--- , (L + 2) can be expressed as
A L
P1=Pp1u1 =DPa =" = DL+l = D(L+2)1 = P (5.18)
Forl=2,3,---, L+ 1,, we can obtain
2/ £ Pu = P2 = P+1) = P(L+2)

= Pr{(l—1) out of L channels are sensed as idle}

X Pr{the selected channel is idle | it is sensed as idle}
L _ _ 1-F)(1-P
_ pL l+1(1_p)l 1y ( ) )
l—1 L—p
= O - (1= )2 (1= B)(1 - Py),

where C(k,l) = is the Binomial coefficient.

k!
N(k—1)1

7
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Figure 5.3: (L + 1) ON States and one OFF state for the cognitive radio channel and their
corresponding state transition probabilities.

The transition probabilities for the OF I state are

A
PLy2 = PiL+2) = p2(L+2) = = PLA)(L42) = D(L+2)(L+2) (5.19)
L+1 L

_ 1—Zpll_ZCLl L1 = p) T By (1 = Py) = __pppb(1—7>d).

In Eq. (5.11) and Eq. (5.19), we use the series relations in [74,75] as

1—at

L] _ g1 —
Z —zvzv (1-a) 1—a

=1

From the above definitions, it can be seen that the state transition probability matrix
s (L +2) x (L+ 2) with rank of 1. Note that in each frame, there are r,(1)(7" — 7) bits
transmitted and received in state 1, and r4(I)(T — 7) bits are transmitted and received in

states 2 through (L + 1), while in state (L +2), the transmitted bits are assumed to be zero.
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5.4 QOutage Constraints and Interference Limit

To adapt the transmission powers of the cognitive user and ensuring not producing any harm-
ful impact on the primary users, interference power constraints is considered and analyzed
in this section.

From the above discussions, it can be concluded that the interference to the primary
users is caused only in the cases Cy, and Cyg. In the case Cy,, the channel is actually busy,
and the cognitive user, detecting the channel as busy, transmits at power level S,. The
instantaneous interference power introduced on the primary user is (S, gsp), where gs, is
the fading coefficient of the channel between the secondary transmitter and the primary
user. While, for the case Cy, although the channel is actually busy, the secondary user,
detecting the channel as idle, transmits at power S; . The instantaneous interference power
is (54 gsp) in this case. Since power adaption is considered, transmission power levels .S, and
Sq in general vary with gs, and g,s, which is the power of the fading coefficient between the
secondary transmitter and secondary receiver in the chosen transmission channel.

On the other hand, it is important to note that increasing L always brings a benefit to
the primary users in the form of decreased probability of interference. In order to quan-
tify this type of gain, we consider below the probability that the channel being selected
for transmission is actually busy and hence, the primary user in this channel experiences

interference:

ch selected all chs are ch selected at least one
P I = Pr is actually AND detected as + Pr is actually AND is detected
busy busy busy as idle

1— pb — Py(1 = pbt
— Pyt Py=pP-—" 1_d(p r) (5.20)

Clearly that P depends on Py and Py (through p in Eq. (5.8)). It can be seen in Figure 5.4

that this interference probability decreases with increasing the number of channels L.
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Probability of detection (P d)

Figure 5.4: Probability of primary user being in interference versus probability of detection
for different L, P, = 0.2.

. - P . . . )
For large L, Lhm P = Pb(l—d). In this asymptotic regime, P; becomes zero with perfect
— 00

—-p

detection. Note that the cognitive user transmits even when all channels are detected as
busy. As L grows up, the probability of such an event vanishes. Having perfect detection
makes the cognitive user to avoid the third case Cy,. Hence, the primary user will be avoided
to experience interference.

In the cases: Cy, and Cg, described above, the instantaneous interference power levels
depend on both g¢,, and gs; whose distributions depend on the criterion with which the
transmission channel is chosen and the number of available channels from which the selection
is performed. For this reason, it is necessary in the case Cy, to separately consider the
individual cases with different number of idle-detected channels. There are L such cases.

[ case for [ =1,2,--- , L, there are [ channels detected as idle and the

For instance, in the
channel chosen out of these [ channels is actually busy.

According to the above considerations, and using Egs. (5.9), (5.11), the average interfer-
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ence has to be constrained to the value I". This can be expressed as
I lt h > Pr{being in Cy,} X average interference in Cyy,

+Pr{being in I** channel in Cy,} X average interference in Cgp.

(1-p"(A = B) - py)

This yeilds to: [lth > pL_lePd X E[Spgsp] + 1
—pP

X El [Sdgsp] .

(5.21)

The expectations should be taken over the distribution gy, and over the probabilities of

different cases. The term E;[S;gs,] in Eq. (5.21) depends on the number of idle-detected
channels, [.

It can be assumed that the interference constraints of all channels are the same i.e.,

Ih = [th = [th = ... = [th regardless of which case is being realized. In general, and for

more strict requirements on the interference, the following individual interference constraints

can be imposed:
P E[Sygsp] < I, and  E[Sags,] < I, (5.22)

As considered in [72], by appropriately choosing the values of I'" and I/* in Eq. (5.22),
primary users can be provided a minimum rate guarantee for a certain percentage of the

time through the following outage constraints

Sppp(%)
P 1 1 pJpp < ) < Pout 9
108 (14 50,0 7)< Fnn <1 o)

Sppp(%)
Sa(i)gsp(i) + o,

PT{ 1Og2 (1 + ) S Rmzn} S PdOUtv (524>

where S, is the transmission power of the primary user, R, is the required minimum
transmission rate to be provided to the primary users with specific outage probabilities.
Pt and P9 in Egs. (5.23), (5.24) are the outage constraints in the cases Cy, and Cg,
respectively. g¢,,(7) is the power fading of the channel between the primary transmitter and
primary receiver and o2 is the variance the thermal noise at the primary receiver.

In a Rayleigh fading channel between the primary transmitter and receiver, g,, is an
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exponential random variable. The outage probability in Eq. (5.23) can be evaluated as

Prllog (1+ =290y < b= Py, < 20 (s 000,00 + o))
Sp(1)gsp(i) + 05" — " Sp ’ !
Riin . .
thus Pbout > ]E[l _ 6_2 Sp (Sb(l)gsp(l)‘f'ffi)] (525>

where we perform the integration with respect to the probability density function of g,, in
the evaluation of the probability expression in Eq. (5.25). The expectation in Eq. (5.25) is
with respect to the remaining random gs,. By calling the Jensens inequality [76] and making
use of concavity of the function (1 —e~7), the right hand side of Eq. (5.25) can be written as

2Rmin

. . Rimin . .
E[l —e S (Sb(l)gSp(Z)“‘U%)} < 1 — 6_2 Sp E[Sy (1) gsp (1)) 407, (526)

From this inequality, if the following condition

S
0 < ElSigy] < 52— log, (1 B")| - o2 (5.27)

is imposed, then the constraint in Eq. (5.23) will be satisfied. A similar analysis can be done

for the constraint in Eq. (5.24).

5.5 Effective Capacity for Cognitive User

As a powerful approach to evaluate the capability of a wireless channel to support data trans-
missions with diverse statistical quality of service QoS guarantees, the Effective Capacity
(E¢) term introduced in Section 2.1 of Chapter 2 is again studied here.

It can be noticed that the service rate in our current model is r(I) = r,(I)(T" — 7) if the
cognitive user is in state 1 at the channel [. Similarly, the service rate is () = r4(T' — 7) in
states between 2 and (L + 1). In the remaining state (i.e., OF'F state), reliable connection
can not be achieved because the instantaneous transmission rate exceeds the instantaneous
channel capacities, so the service rates in this state is zero.

The normalized effective capacity defined as the effective capacity divided by TB (in
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bits/sec/Hz or 1/nat) under the average interference power constraint Eq. (5.21) can be

formulated as the following optimization problem

L
! —=T)or —(T'—7)6r
Ee= " OTB. T%‘?iio log, (plE[e e |+ Zp“rlEl [e (r=re 4] +pL+2>,
Sp,Sa>0 =1
s.t.  Eq. (5.21) holds, (5.28)

where p; for [ =1,2,--- , L 4 2 are the state transition probabilities defined in Section 5.3.
The maximization operator should be taken with respect to the power adaptations S, and
Sq.

Note that the expectation E[e=(?=7%] in the objective function and E[S,gs,] in the
constraint of the above optimization problem are with respect to the joint distribution of
(gss, gsp) of the channel selected for transmission when all channels are sensed busy. The
expectations Ej[e~T=7%4] and |;[S,g.,] are with respect to the joint distribution of (gss, gsp)
of the channel selected for transmission when [ channels are sensed as idle.

To identify the optimal power allocation that the cognitive user should employ, the prob-
lem Eq. (5.28) can be converted to a minimization problem using the fact that logarithmic

function is a monotonic function.

L
E. = . E —(T—1)0ry E —(T—71)0ry
c= min pEfe [+ pmiiBile ]+ prae

S0 I=1 (5.29)
s.t. FEq. (5.21) holds

Above, f(gss, gsp) denotes the joint distribution of (gss, gsp) of the channel selected for trans-
mission when all channels are detected busy. Hence, in this case, the transmission channel
is chosen among L channels. Similarly, fi(gss,gsp) denotes the joint distribution when (/)
channels are detected idle, and the transmission channel is selected out of these [ channels.
The objective function in Eq. (5.29) is strictly convex and the constraint function in
Eq. (5.21) is linear with respect to S, and Sy. This can be concluded from the fact that

strict convexity follows from the strict concavity of r, and ry4 in Eq. (5.15) and Eq. (5.16)
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with respect to S, and Sy respectively, strict convexity of the exponential function, and the
fact that the nonnegative weighted sum of strictly convex functions is strictly convex [62,71].
Lagrangian method for solve convex optimization problems is an efficient approach [38,
62]. By inserting Lagrange multiplier (v), the problem can be converted from a constraint
into an unconstrained optimization problem. First, we construct the Lagrange function (or
Lagrangian) defined by
L
A(Sp, Sa,v) = piBle T 43 "p Bile T 4opp (5.30)
=1

" V(pL_lpde, x E[Shgsp] + (L= p")( = R)(1—py)

IL—p

X El [Sdgsp] - [lth)

Taking the partial derivative of the above function for each variable and setting the deriva-

tives of the Lagrangian with respect to S, and S; equal to zero, we obtain:

—a—1
[Vpbfdgsp - aﬁff (1 * #i%)) } X p" [ (sss gsp) = 0 (5.31)
and -
V(1= Pa)gs, - a(l— Pb)(Nt — Py)gss (1 . gs;fd) |
L ! (5.32)
X 3 pE L= p)' T (L) filgass Gip) = O,
=1

The multiplier v can be found numerically by satisfying the constraint Eq. (5.21) with
equality. Algorithm 5.1 presented below illustrates the pseudocode to find the optimal
Lagrange multiplier v.

Solving Eq. (5.31) and Eq. (5.32) for S, and Sy, we get the optimal power as

( 1
l((w—) - 1), et
S;)k — Gss b b (533)
0, otherwise,
\
( 1
&((i>a+l_1)7 L>1;
Sp=4q AN v (5.34)
0, otherwise,
\
where z = Zﬁ, o= —Bc(lfg_;)g, wy = —Nbfzpdz/, and wy = %
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Algorithm 5.1 The pseudocode to determine the optimal Lagrange multiplier.

Initialization: v/
REPEAT - -
(1)- Compute: Sj and S} by Eq. (5.33) and Eq. (5.34)
(2)- Compute: subgradient of v by substituting Sj and S’ calculated above in:
SG(v') = pF " PyPu x E[Sig,y] + U200 sy [53g,,] - 10,
(3)- Update: v**! by:
vl =i+ €. SG(1VY)
UNTIL v* converges.
The parameter ¢ is the stepsize to update the multiplier. It has been chosen to equal to (1 + ¢)/(a + ¢),
where c¢ is some adaptive constant and a is the number of iteration. This variable stepsize is shown
to give a fast convergence [38,71]. See Figure 5.5.

Using these optimal transmission powers, the effective capacity in Eq. (5.29) can be

expressed as

o

L o
1 (o] z a+1 (o) z at1
EoPt = — 1 — d — d .
c 4TB, 08 [Pl/ (wb> f(2) Z+l§1 P+ /wd <w ) filz)dz+pri2| (5.35)

wp d

5.6 Channel Selection Criterion

The task in this section is to propose a certain criterion by which the transmission channel
is selected from a set of available channels. If a function g(z) is a monotonically decreasing
functions of z, then [ —log g(z)] is an increasing function. Since the terms (2/w,)=1 and
(z/wg)a1 in Eq. (5.35) are monotonically decreasing functions of z, it can be observed
from Eq. (5.35) that the effective capacity depends only on the channel power ratio z, and
it is increasing with increasing this power ratio. Therefore, the criterion for choosing the
transmission band among multiple busy bands unless there is no idle band detected, or
among multiple idle bands if there are idle bands detected should be based on this ratio of
the channel gains. Clearly, the policy that maximizes the effective capacity is to choose the
channel with the highest ratio of z. This also intuitively leads to a result that as we want to
maximize gs; to improve the secondary transmission and at the same time minimize g, to
diminish the interference caused to the primary users. Maximizing z provides us the problem

key in the channel selection algorithm.
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Let w = max{z}, VI = 1,---, L, where z; = Zﬂ is the ratio of the gains in the
sp]

lth

channel. It is assumed here that all these ratios are independent and identical distributed.

By using the statistical fact that states: if Y = max (X3, -+, X), where X, are inde-
pendent and identically distributed random variables with probability density function (pdf)
of f.(z), then the cumulative density function (cdf) and pdf of Y are given as [Theo-
rem 5.7 in [61] ] respectively as

Foy) = [Fx) and thus, fyly) = 00— L@ (539

Using this fact, we can express the pdf of w as

f(w) = Lf.(w) (F(w))" ", (5.37)

where f, and F, are the pdf and cdf of the gain ratio z in one channel, respectively.
Now, the first integral in Eq. (5.35) can be evaluated with respect to this distribution.

Similarly, let w; = max{z;}, Vj =1,--- ,l. The pdf of w; can be expressed as follows:
filw) = Ufo(w) (Fo(w)) ™" 1= 1,2, L. (5.38)

The second integral of Eq. (5.35) can be evaluated using this distribution, and by using the
power series property [74]:

> (L_lf!z).' P =p) T = L (1= p)r )"
=1 ’

In the following two subsections we apply this criterion for the case where the channels

have Rayleigh fading distribution and for the more general case where the channels have

Gamma fading distribution respectively.

5.6.1 Effective Capacity in Rayleigh Fading Channel

The analysis in the preceding sections apply for arbitrary joint distributions of g, and g,

under the assumption that they have finite means (i.e., fading has finite average power).
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In this subsection, a Rayleigh fading is assumed in which the power gains g,s and g, are
exponentially distributed. We assume that these fading are mutually independent and each

has unit-mean. The ratio of two independent exponentially distributed variables has the pdf

f:(z) = z>0 (5.39)

(See the proof in Appendix F).

Thus, the pdf of w in Eq. (5.37) and Eq. (5.38) can be expressed, respectively, as

flw) =L ! 2( - )H (5.40)

(w+1)2 \w+1
1 w -
filw) = l<w+1)2 (w+ 1) : (5.41)

Using Egs. (5.35), (5.18), (5.19) and Egs. (5.40), (5.41), the effective capacity formula for
Rayleigh fading channel can be written as in Eq. (5.42), where oy = a/(a + 1), as =

(2ac + 1) /(v + 1), and the superscript R refers to Rayleigh.

0 L+1
ER = ! log, | Lp"wi / w2tk b dw
¢ orB, ~° w+1

wb

o0 1 I+1
(1_Pb 1—73]0 ZZCLZ L= l >_1/ U)_OQ—H (w——i—l) dw+pL+2:|.
wq
(5.42)

5.6.2 Effective Capacity in Gamma Fading Channel

The Gamma distribution has been considered as an adequate model to characterize wireless
channel fading such as slow fading (shadowing) or even fast fading [54,55]. It has been
observed that this distribution fits the experimental data [54].

The pdf of Gamma distribution is given in Eq. 3.1 as

xu—le—x/k A
fx(z) TR x>0, (5.43)

where p is known as the shape parameter of the distribution, and & is the scale parameter.

Note that for a=1, Gamma distribution reduces to exponential distribution. So Gamma
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distribution is a general case of exponential distribution, and it closely approximates the
log-normal distribution.

As demonstrated in Chapter 2, the ratio of two independent Gamma distributed ran-
dom variables with parameters py and ps is Beta Prime distributed random variable with
parameters pq and po [56,58].

The pdf and cdf of the channel power ratio z = g¢4/gs, have the following Beta Prime

distribution functions
= il d F =71 44
f2(2) B0 i) (o & Dyen an 2(2) = 1=, (, p2), (5.44)

where (1, o) is the Beta function defined in Appendix A, and I,(a,b) is known as Regu-

larized Beta function defined as [77]

L(a,b) = Bg’g;%? _ 6(; 5 /0 "1 — g, (5.45)

The cdf can also be written in terms of Hypergeometric function o Fy [75] as

29 By (pa, g + po, pn + 1, —2)

F.(z) = . 5.46
) B 1) (5:40)
Now, the pdf of w in Egs. (5.37) - (5.38) can be expressed as
f) = L e ()] (64T
Bl ) - Lyt AL |
w“l*l l—l
and fillw) =1 [Iﬁl (Nlaﬁ@)] , (5.48)

6(1“’17 ,M2)(w + ]_)Ml-f—uz

Similarly as in Rayleigh, the effective capacity formula for Gamma fading channel can be

written as in Eq. (5.49), where the superscript G refers to Gamma.

1 Lpral o0 1 H1+pe L—1
ES =~ log, |2 % / aotn (= (JL ) d
c HTBC 08, {5(,&1,,!12) w ("LU—l- 1) Py (:uh,UQ) w

(1= 5) = Ppwy' - L—l(q _ \l-1
B i) ;zO(L, Dp* (1 = p) (5.49)

00 i 1 H1tp2 -1
a2 1
X /wd w (w—+1) (I#H(U1au2)> dw+pL+2}

The impact of several parameters on the effective capacity is investigated through the
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following numerical example.

5.7 Numerical Results

In this section, several numerical analysis for the obtained effective capacity expressions will
be investigated. The impact of channel sensing parameters and the average interference
constraint are illustrated. Throughout this numerical example, it is assumed that QoS
parameter is € =0.1. The frame duration is 7" = 100 ms with 10% of this time is conserved
for sensing process. The prior probability of the channel being busy is the same for all
channels. All variances are set to unity. The channel bandwidth is B=10 KHz.

First, we evaluate the convergency of our algorithm. Figure. 5.5 shows the iterative algo-
rithm for determining the optimal Lagrange multiplier. The maximum secondary transmit
power is set to 10 dBw. The interference threshold and the primary transmit power are set
to 0 dBw, and S,=10 dBw, respectively. As shown in Fig. 5.5, the Lagrange multiplier can
quickly converge to its optimal value when choosing a dynamic step size stated in Algorithm

5.1.

x 1072

=
o
T

=
T 8
2
Sl
E . * —w— (fixed step size)
E 4t Trackingv ——v (dynamic step size)
(=]
G
S 2r
S
-

O 11

0 10 20 30 40 50 60

Iterations

Figure 5.5: Tracking the optimal Lagrange multiplier.

Figure 5.6, shows the effective capacity versus probability of detection for different num-
ber of channels when the interference constraint is normalized by the noise power, i.e.,

th _ 2
I'" = o7,
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Figure 5.6: Effective capacity vs. probability of detection for different number of channels.

As P, increases, the effective capacity increases due to the fact that more reliable de-
tection of the activity of the primary users leads to fewer miss-detection and hence the
probability of the case Cy, effectively diminishes. It can also be seen that the highest effec-
tive capacity is attained when L = 1. Hence, the cognitive user does not benefit from the
availability of multiple channels. This is especially pronounced for high values of P;. We
can further observe that several parameters affect the value of the effective capacity. One
explanation for this observation is that the probabilities of the cases Cy, and (g, in which
the cognitive user transmits with power Sy, decrease with increasing L; while the probabili-
ties of the cases Cg and Cyy in which the cognitive user transmits with power S, increase
as can be seen in Table 5.1. Note that in the case Cy,, no reliable communication is possible.

In Figure 5.7, the effect of the primary user’s occupancy P, on the effective capacity is
investigated for different number of sensed channels. This effect is observable for probability
of detection less than 0.8.

Figure 5.8 examines the impact of the QoS exponent values, # for L=5. This figure
confirms that significant capacity gains can be achieved for lossy QoS constraints (i.e., small
0). While the capacity decreases dramatically for highly strength QoS constraints.

In Figure 5.9, the effective capacity is plotted versus the interference threshold I'* for

different number of channels for the case of Rayleigh fading channel. The probability of
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Figure 5.7: Effective capacity vs. probability of detection for different L and different busy
probabilities P,, 8§ = 0.1. Dashed curves represent the P, = 0.4 case and solid curves
represent the P, = 0.2 case for relevant colors.
detection is sit at P;=0.8. The figure shows that as the interference gets more strict (i.e., I*"
becomes smaller), a higher number of channels is needed to maximize the effective capacity.
As an example, if the interference threshold I** <-15 dB, then five channels are needed
to reach maximum capacity; while if the interference threshold I** < 2 dB, one channel is
enough to get the highest throughput. As it is mentioned before, increasing the number of
available channels from which the transmission channel is selected provides no benefit or can
even degrade the performance of the cognitive user. On the other hand, it always provides
benefits to the primary users in the sense of lowering the probability of interference as it is
discussed and drawn in Section 5.4, Eq. (5.20), and in Figure 5.4.

In Figure 5.10, the effective capacity is plotted versus the interference threshold I** for
different number of channels for the case of Gamma fading channel. Similar results and
conclusions can be observed. Higher capacity is obtained by sensing more than one channel

in the presence of strict interference constraints.
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Figure 5.8: Normalized effective capacity vs. probability of detection for different QoS
exponent delay 0, L =5, P, = 0.2.
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Figure 5.9: Effective capacity vs. I'" for different number of channels in the Rayleigh fading
channel, P; =0.8, P, =0.2,0 =0.1.
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Figure 5.10: Effective capacity vs. I*" for different number of channels in the Gamma fading
channel, P; = 0.8, P, =0.2,0 = 0.1.
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5.8 Chapter Summary

The performance of cognitive transmission under QoS constraints and interference limita-
tions is studied. Cognitive user is assumed to perform sensing in multiple channels and then
select a single channel for transmission with rate and power that depend on both sensing
outcomes and fading distribution. A state transition model for this cognitive operation has
been constructed . All possible cases and states are considered and analyzed. These states
are functions of sensing probabilities, channels being busy or idle, and transmission rates
being smaller or greater than the instantaneous channel capacity. Interference constraint
is statistically analyzed and formulated. Maximum throughput formulas for the cognitive
user is obtained. Selection criterion that maximizes the capacity is proposed for arbitrary
channel fading then we apply it for two different fading distributions. The optimal power
allocation are also determined.

Increasing the number of available channels from which the transmission channel is se-
lected provides no benefit or can even degrade the performance of the cognitive user. It
is found that sensing multiple channels is beneficial only under relatively strict interference
constraints. On the other hand, it always provides benefits to the primary users in the sense

of decreased probability of interference
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Chapter 6

Optimal Access Strategies for

Throughput Optimization in CRN

This chapter proposes an optimized access strategy combining overlay and underlay schemes
for the cognitive radio. We model the service state of the system as a continuous-time
Markov model. Based on the service state, the overlay manner or/and the underlay manner
is/are used by the secondary users. When the primary user is not transmitting and only one
secondary user has the requirement to transmit, the secondary system adopts the overlay
base. When the primary user is transmitting and the secondary users want to transmit
simultaneously, an underlay scheme with optimal access probabilities is adopted. We obtain

these access probabilities in a closed form which maximizes the overall system throughput.

6.1 Introduction

As it is now well known, that in spectrum sharing systems, the secondary user can adopt
two types of access schemes: overlay scheme and underlay scheme. In underlay scheme, the
licensed spectrum band can be accessed without considering the primary user’s activities,

but with strict power constraint. In overlay scheme, the secondary user senses the spectrum
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bands and accesses the unused spectrum spots. The secondary users must stop its transmis-
sion when the primary user appears in the band and resume when the primary user finishes
its service.

The different features of these two schemes enable them to make up with each other.
In [36,37], the papers give a mixed access strategy. When the channel is being used by
the primary user, the secondary users access the channel with a probability in underlay
manner; when the channel is idle, they choose to access in overlay manner. However, the
optimal access probability is not a precise value. An optimal access probability with different
criteria is given in [35] for pure underlay scheme. Based on [35], this chapter proposes a
mixed overlay and underlay access scheme. The secondary users access the channel with an
optimal probability in an underlay scheme when the spectrum is occupied by the primary
user. While, when the spectrum is idle, the secondary users access the channel in an overlay
manner. This approach can maximize the total average throughput for the secondary users
and limit the interference on the primary user.

The optimized access strategy proposed in this chapter shares some similarities to the
work done in [35]. We further introduce a new optimized parameter p to determine the
best access probability to achieve the highest throughput. In this work, closed forms for the
achieved capacity are provided as well as the optimized access parameters.

The rest of this chapter is organized as follows. Section 6.2 introduces the system model
and assumptions. In Section 6.3, the maximal throughput expressions for the two schemes
are given. The optimal access strategy for equiprobability case is introduced in Section 6.4.
While Section 6.5 introduces the case of unlike access probability. Performance analysis and

simulation results are given in Section 6.6. Finally, the chapter is summarized in Section 6.7.
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6.2 System Model And Assumptions

Figure 6.1 illustrates the system model which consists of a primary user (P) and two cognitive
users {A, B} sharing a B Hz wireless channel. It is assumed that both cognitive users can
sense the primary user perfectly. A cognitive base station is assumed to make the cognitive
users exchange their information among them. An example of these information is the
real-time service state. The service state indicates a user’s requirement for transmitting at
specific time. The primary user can employ the channel without considering secondary users’

service state.

O Primary user —  » Mainpath

D Cognitiveuser ______ » Interference path

Figure 6.1: The additive interference channel for a pair of primary and cognitive links with
channel gain coefficients: g¢,,, gss, Gps, Gsp-

The traffic pattern of the primary and the two secondary users is modeled as indepen-
dent Poisson processes with arrival rates (in packet/s) Ap, A4 and Ap, respectively. The
service times are assumed to be exponentially distributed with rates 1/up, 1/pua and 1/up
in seconds, respectively. The service state of the system is defined as the sum service state of
all the users in the system at a moment. Based on the individual’s service state, we get the
service state set for the system as S € {0, P, A, B, AB, PA, PB, PAB}. State ‘0’ represents
there is no user tends to transmit on the channel; State ‘P’ represents only the primary

user is transmitting on the channel; State ‘A’ represents only user A wants to transmit on
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the channel; State ‘B’ represents only user B wants to transmit on the channel; State ‘AB’
represents both cognitive users want to transmit on the channel at the same time; State
‘PA’ represents user A wants to transmit on the channel while the primary is transmitting;
State ‘PB’ represents user B wants to transmit on the channel while the primary user is
transmitting; State ‘PAB’ represents both A and B want to transmit on the channel while
the primary user is transmitting.

These states in the cognitive radio system can be modeled as an eight-state continuous
time Markov model, as shown in Figure 6.2 [35].

The rate at which transitions take place out of state s; equals to the rate at which
transitions take place into state s;. The normalization equations governing this flow balance

can be written as

Figure 6.2: The continuous time Markov model of the service state and the flow balance.
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To(Ap +Aa+Ag) = 7pup+ Tapa+ TEUB
Tp(Aa+ A+ pup) = ToAp + Tpapia + Tppiis
Ta(Ap + Ap + pta) = Toda + Tapis + Tpaitp
m8(Ap +Aa+ ) = ToAB + Tappa + TpBip (6.1)
TaB(Ap + fta + piB) = TaAp +TAA+ TpaBP
pa(AB + fp + f1a) = Talp + TpAa+ TpaBiB
mpp(Aa + pp + i) = Tip + TpAp + Tpapiia
Tpap(pp + A+ pB) = Tpadp+ TpAa + TapAp,

where 7, represents the steady-state probability of being in state s; and s; € §. Also we

have
Y, Ts;, = To+Tp+Tag+7Tp+Tap+Tpa+ Tpp+ Tpap = 1. (6.2)

The steady state probabilities for all the states can be found by solving the set of the linear

equations Eqgs. (6.1) and (6.2).

6.3 Secondary User’s Maximal Throughput

6.3.1 Maximal Throughput for Overlay Scheme

In the overlay scheme, the secondary users can only access the spectrum hole which is
currently not used by the primary user. They can not co-exist on the same spectrum band.
If one secondary user is transmitting, the only interference is the background noise. The

user A or B accesses the channel with power S?. Since in the overlay manner, only one user
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can transmit, the maximal data rate for each of them individually is

aaS;)
9 = Blog2(1+902 )

S

R% = Blog, <1 + gbbss)

(6.3)

o3
where 0?2 is noise power. These rates can be achievable with the following corresponding
probabilities:

PoMA) =, and P>®) = 15 respectively.

6.3.2 Maximal Throughput for Underlay Scheme

Unlike the overlay scheme, in the underlay system, secondary users are allowed to share the
channel simultaneously with the primary user pledging not to violate the limits of interfer-
ence.

Since the secondary users A and B can get the service state of the system with the
help of their base station, A and B make access decision based on the service state of
the system. Here, we have two possible service state sets. When the service state is
s; € 8§ = {A, B}, which indicates the primary user P is not transmitting and only one
secondary user has the requirement to transmit. The other case is when the service state
s; € S = {PA, PB, PAB, AB}, which indicates that the primary user is transmitting or
both secondary users want to transmit at the same time. User A and B have to adopt their
powers S¥ to access the channel with probability pa = pp = p in the underlay scheme. In
order to protect the primary user and decrease the mutual interference between secondary
users, we assume that SY satisfies the minimum SIN R requirement.

The probability p determines the sum throughput of the secondary users and the inter-
ference on the primary user. When p is large, the sum throughput may be large and the
chance to coexist with primary user is large, too. Our goal is to obtain an optimal access

probability p to maximize the sum throughput, while limit the interference on the primary
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user. The service state set of the system in the underlay manner is S;. Hence the actual

access state set is S3 € {A, B, PA, PB, PAB, AB}. The users’ maximal date rate under

each state in the underlay manner is given as

RyY = Blog, (1+ g5, RLPB)
RZ’(A) = Blog, 1+%); RE(A) -
R = Blog, (1+ 55, RLAB)

Blog,,
Blog,
Blog,
Blog,,

1+ b S >

Spgpb‘i’o'g
gop S
1+ 22

Js

1+ gopS™ )

Sugab“l‘o'g

gopS™
1 + Spgpb+sugab+0'g> !

where R?’(S),i € {A, B}, s € 83 denotes the i’s maximal data rate for the underlay case. The

term g;;,4,7 € {p,a, b} is the channel power gain between the transmitter of the user ¢ and

the receiver j as shown in Figure 6.1. S, is the transmit power of the primary user. The

corresponding probabilities of these rates are:

P = prpa+ p(1 = p)Tpag

PP = prpp + p(1— p)wpas
P = p(1—p)map
P B = p(1 - p)map

Pu,(AB) — ,027TAB

pu(PAB) _ PP pan

(6.5.2)
(6.5.b)
(6.5.¢)
(6.5.d)
(6.5.¢)

(6.5.1)

6.4 Equiprobability Optimal Access Strategy

In this section we introduce an optimal access strategy which makes the cognitive network

to operate in both schemes. During primary user’s idle periods, the network employs the

overlay scheme; while in primary user’s busy periods, the network permits the secondary

users to use the channel with probability p subject to satisfying the interference threshold

constraint. The parameter p is a secondary service parameter which has to be adjusted

based on the spectrum status to achieve maximum throughput.

101

(6.4)



Based on Eq. (6.3) to Eq. (6.4), we can get the average throughput for the secondary

users as

R4 = RZPO’(A) + RZ»(PA)PU,(PA) + RZ(A)PU’(A) + RZ(AB)P%(AB) + RZ(PAB)PU’(PAB)

Rp = Ry PP+ RyED puPB) o g pu(®) | gi(48) puaB) | pe(PAB) pu(PAB) o
The total throughput of the cognitive network is
Rs=Rs+ Rp (6.7)
Using Eqgs. (6.5) - (6.6), Rs can be written in the quadrature form as
Ry(p) = B1p” + Bap + Bs, (6.8)
where 1, B2 and 35 are given as follows
Bi= Tap ( RYUD) | guAB) _ ( wld) ng<3>>>
B ( RZ,(PAB) I RE(PAB) _ ( RZ,(PA) I RuB,(PB))) ’
fo= TaB ((RZ’(A) B RZ;(B))> + TpaB (RZ((PA) + RZ;(PB)> (6.9)

+7TPARZ7(PA) + WPBR%’(PB),

63 = WARZ + WBROB
To maximize the throughput of the secondary users, we take the first derivative of R, with

respect to p and equate it to zero. Solving for p leads to the optimal access probability,

OR;(p) By
=20t =0 M=o 6.10
o e ’ 26, (6.10)
An expression for p°* can be written as
P = —Ba/2p:
T ((RZ(A) " RE(B))) +TPAB (RZ(PA) + RE(PB)) + 7TP,Llf'_fZ{(PA) + WPBRE(PB)

Q[MB (RZ’(A) LR (RZ{(AB) n Rqé,(AB)» b Tpap <RZ,(PA) + RPB) _ (RZ,(PAB) n Rg(pAB)))]
(6.11)

We can note from Eq. (6.9) that 8 is always positive. Since p is a probability value (i.e., p°Pt €
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[0,1]), the value of B; is always negative. The throughput function of the secondary network in
Eq. (6.8) is concave down. Thus it must have a unique maximum value, it can be expressed as

B3

R = B3 + 21,
ST 4B

(6.12)

where | - | denotes the absolute value.

6.5 Diverse Access Probabilities Strategy

In this section, a similar approach will be followed as in the previous section except that it is
assumed that each user A and B has its own access probability (p4 and pp) respectively. The
goal here is to optimize these parameters. So the best access probability for each secondary user is
found to achieve the highest possible throughput.

User A and B have to adopt their powers S¥ to access the channel with probabilities pg4,
and pp, respectively in the underlay scheme. In order to protect the primary user and decrease
the mutual interference between secondary users, we assume again that S satisfies the minimum
SIN R requirement.

These probabilities p4 and pp determine the sum throughput of the secondary users and the
interference on the primary user. When py and/or pp are large, the sum throughput may be
large and the chance to coexist with primary user is large, too. Our goal is to obtain optimal
access probabilities to maximize the total secondary throughput, while limit the interference on
the primary user.

Same service state set S3 € {A, B, PA, PB, PAB, AB} exists. The users’ maximal date rate

under each state in the underlay manner is given in Eq. (6.4). The corresponding probabilities of

103



these rates given in Eq. (6.5) can be written now as

PP — pampa+ pa(l — pp)Tpas
PuPB) — pprpp + (1 — pa)pBTPAB
PYW = pu(1 - pp)Tag

P B = (1-pa)ppTan

P(AB) — PAPBTAB

PuPAB) = ppmpas

Using Eqgs. (6.6) and (6.13)), Rs can be written in a nonlinear equation form as

Ru(pa,pp) = Brpaps + Bapa + Bspa + Ba,
where Bi, i=1,---,4 is given as follows

b= [man (R + RE®) — (REUD + D))
tTpaB (RZ,(PA) i R%,(PB) _ (RZ,(PAB) 4 Rg(PAB))”

Bo = (mpa +TpAB) RZ’(PA) + FABRZ’(A),

B3 = (npp + TPaB) R%’(PB) + WABRZ;’(B),

,3’4 :TFAR?L‘ + WBROB

To find an optimization solution for Eq. (6.14), we bring up the following theorem [75].

(6.13.)
(6.13.1b)
(6.13.c)
(6.13.d)
(6.13.¢)

(6.13.f)

(6.14)

(6.15)

Theorem 1 Let f be a function with two variables with continuous second order partial derivatives

frws fyy and fry at a critical point (a,b). Let D is the determinant of the Hessian matriz of the
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function f, i.e., D = fyz(a,b)fyy(a,b) — fgy(a, b), thus

If D >0 and fyx(a,b) >0, then f(a,b) is a relative minimum ;
If D >0 and fyz(a,b) <0, then f(a,b) is a relative mazximum ; (6.16)
If D <0, then f(a,b) is a saddle value; '

If D=0, then no conclusion can be drawn.

Using Theorem 1, it is forward to conclude that the possible maximum of the utility function

R (i.e., Eq. (6.14)) occurs at the saddle point of this function which appears at (p%,p5) =

(—%, —%) Then the maximum throughput of the secondary users can be found by substituting

this point into Eq. (6.14), this yields
Rt = 3, + 258 (6.17)
|81

6.6 Simulation Results

In this section, we will carry a simulation example to illustrate the proposed algorithm. The follow-
ing powers are set: S¢=5 mw and S, = S¢=10 mw. The arrival rates are set as A\ p=80 packets/ms,
Aa=110 packets/ms and 100 < Ap < 120 with equal average times 1/u,=10s, v € {A, B, P}.
The wireless channel bandwidth =100 KHz. It is assumed that the loss of power in propagation
follows the exponential propagation law with exponent loss 3.5. The position of the primary user’s
transmitter and receiver are (300,0) and (0,0) respectively. The user A’s transmitter and receiver
locations are at (600,0) and (700,0). User B’s transmitter and receiver are located at (450,0) and
(500, 0).

In Figure 6.3, the normalized throughput (which is defined as the throughput divided by B) for
user A , B are shown. Clearly, user B’s throughput is larger than that of A. This is because B’s
transmitter and receiver are located closer than those of A. As the arrival rate of B increases, the
throughput of B gets better, which can be understood intuitively. The throughput of A decreases
because the user B transmitting creates more interference to it.

In Figure 6.4, the performance of the optimized access strategy, the pure overlay strategy,
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Normalized throughput

Figure 6.3: Normalized throughput of the secondary system users, A and B.

the pure underlay strategy and the overall throughput of the secondary network are compared.

Note that the underlay strategy can obtain more throughput than the overlay strategy because we

Normalized throughput of CR

Figure 6.4: Throughput of the secondary system comparison with different access schemes.

assigned more power for S¢. It should be remembered that the overlay strategy avoids the coexisting
time with the primary user, which has the least influence on the primary user. Our optimized access
strategy maximizes the total throughput and has limited interference on the primary user.

In Figure 6.5, the normalized throughput for the pure underlay and the proposed underlay

45
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—A— Throughput of user B
5 L 4
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4t |
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1t |
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User B’s arrival rate ()\Bllms)
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strategies versus the access probability is shown. The value of the arrival rate of the user B is
fixed at 115/ms. As mentioned in Section 6.4, there is an unique optimal access probability that

maximize the throughput.

— Proposed underlay
—+— Pure underlay

Normalized throughtput

0 0.2 0.4 0.6 038 1
Access probability (p)

Figure 6.5: Normalized throughput of the secondary system versus the access probability p.

In Figure 6.6, the throughput is plotted versus the two access probabilities. When p4 = pp =0,
the throughput is at the worst case which equivalent to the overlay throughput.

Accessibility of user A enhances the throughput more than that of user B. This is because user
A creates less interference on the primary user. The small circle on the graph shows the optimized
value of Ry = 9.78, note that (pa > pp).

To study the effect of changing the arrival rate of the far user A, Ap is fixed at 110 packets/ms
while A4 is varied in Figure 6.7. Because of the shorter distance of user B where the probability
to introduce interference on the primary is hight, pp is always less than p4. As A4 increases, both
access probabilities decrease to mitigate the interference on the primary user. This degradation is

more for the closed user B.
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Total secondary throughput
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Figure 6.6: Throughput of the secondary system versus the access probabilities pa, pp
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6.7 Chapter Summary

The two dominant access schemes in the cognitive radio architecture, underlay and overlay, are
studied. It is found by some literatures that these two schemes can make up with each other to
enhance the system performance. This chapter proposes a mixed access strategy combining these
two schemes. It is assumed that the secondary users access the spectrum with a certain access
probability. The focus is on the service state of the two schemes. The service state of the system
is modeled as a continuous-time Markov chain. Finally, optimal access probabilities for this mixed
strategy are obtained in closed forms which maximize the overall throughput of the network. The
simulation results show that the proposed underlay can achieve much better performance for the

secondary uses, compared with the overlay cognitive radio system.
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Chapter 7

Conclusions and Future work

This dissertation is mainly focused on power control and capacity issues in cognitive radio networks.

The main contributions and proposed future work of this study are summarized in this chapter.

7.1 Conclusion

The concept of effective capacity as a metric of QoS delay satisfaction, rather than Shannon
channel capacity, was applied. We developed optimal resource allocations for both underlay and
overlay DSA schemes. Modeling the channels as general Gamma distribution, assuming hybrid DSA
schemes, and proposing selection criterion to dynamically choose the best access scheme, were the
main contributions compared to the existing literatures. The underlay and overlay approaches may
have their respective advantages under diverse propagation environment and system parameters.
If the cognitive network can dynamically choose the DSA strategy under different environment, its
performance could be further improved. The impacts of different network performance, such as
primary users activity, power and interference constraints, required sensing time, delay restrictions,
etc, were analyzed and investigated.

Then, the study was extended to estimate the channel information via MMSE technique
for the case of imperfect information of the channel coefficients. In which, the cognitive radio

initially performs channel sensing, then the channel fading coefficients are estimated in the training
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phase using Pilot Aided Transmission technique followed by data transmission. The activity of the
primary user was considered and modeled in each case. We jointly evaluated and optimized the
training symbol and data symbol powers and transmission rates of the cognitive user.

We further studied the case where the cognitive user is assumed to perform sensing in multiple
frequency channels and then a single channel was selected for transmission. The applied rate and
power depend on both sensing outcomes and fading distribution. A state transition model for this
cognitive operation was constructed. All possible cases and states were considered through extensive
statistical analysis. These states are functions of sensing probabilities, channels being busy or
idle, and transmission rates being smaller or greater than the instantaneous channel capacity.
Interference constraint was statistically analyzed and formulated. Maximum throughput formulas
for the cognitive users were obtained. Selection criterion that maximizes the capacity was proposed
for arbitrary channel fading then we applied it for two different fading distributions. Optimal
power allocations were also determined. We concluded that increasing the number of available
channels from which the transmission channel is selected provides no benefit or can even degrade
the performance of the cognitive users. It was found that sensing multiple channels is beneficial
only under relatively strict interference constraints. On the other hand, it always provides benefits
to the primary users in the sense of decreased probability of interference.

Finally, we proposed a mixed access strategy combining the two dominate DSA schemes to
maximize the overall throughput of the cognitive network. It was assumed that the secondary users
can use the spectrum with certain access probabilities. Then we optimized these probability values
by modeling the service state of the system as a continuous-time Markov chain. Closed forms
for these probabilities, which significantly improve the throughput of channel, were analytically
derived.

Extensive numerical and simulation results were provided to examine the proposed algorithms.

Many insightful observations and investigations were presented.
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7.2 Future Work

As future studies, a number of research topics to be explored in the field of cognitive radio resource

management are listed here

e In most of the chapters in this thesis, we analyzed the environment with single-user and single-
network assumptions. When multiple users and/or network coexist(s) in a cellular network,
resource management and capacity analysis become more critical but complicated. Studying

these imperative cases is very important to get a global view of the system requirements.

e The objective functions studied in this thesis examine only secondary user transmit power
based on given transmission rate requirement for traffic. Extension to objective functions is
possible by considering more network figures, like supporting variable rate traffic, providing

the users with a certain requirements like fairness, considering user mobility, etc.

e Although this study considers the case of multichannel sensing in Chapter 5 in which the user
senses more than one channel at a time and selects the more suitable one, the scheme might
be extended toward more recent effective sensing techniques. As an example, cooperative
spectrum sensing is a good candidate to reduce the probability of false alarm and miss

detection.

e QoS delay satisfaction based on effective capacity concept is considered in this work as
an important metric in time variant wireless network. The work does not consider other
QoS factors such as throughput, FER, which depends mainly on the modulation schemes.
Extending the study jointly with all these QoS requirements might be a good motivation as

a future work.
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Appendix A

Gamma & Hypergeometric functions

In this Appendix, we illustrate some mathematical definitions and properties of Gamma and Hy-
pergeometric functions [59, 74,77, 78] which we used to simplify the expected values of the service

rates.

A.1 Gamma Function

In mathematics, Gamma function is an extension of the factorial function, with its argument shifted

down by 1

z—1
(z—=1)!'= J] 4, ifzis positive integer;
i=1

I(z) = : (A1)

Joo e ¥ tde,  if z is real or complex.

The function I'(z) is undefined for negative integers where the function has poles. Using inte-

gration by parts in the relation (A.1), Gamma function satisfies the functional equation

T(2+ 1) = 2I'(2). (A.2)
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Other important functional equation for Gamma function is

T(:)D(1—2) = — (A.3)

sinmz’

Sitting z = 0.5 in (A.3), we get the best-known value of Gamma function I'(3) = /7.

The derivative of Gamma function can be expressed in terms of Polygamma function as:

aazr(z) =T(2)¥(2), (A4)

where, we previously defined ¥(z) in (3.16).

Another important special case of Gamma function is that of Beta function

I'()I'(y)

1
Blay) = o) = [ (1= oy et = L (4.5)

The derivative of Beta function can be expressed in terms of Beta and Polygamma functions as:

0

5, 8@ y) = B(z,y)(¥(z) = ¥(z +y)) (A.6)

A.2 Hypergeometric Function

The general Hypergeometric function ,Fj is defined as

= ai)n, -, @ TLZn
qu(G/l,"' 7a/p;b17'.. 7bq;z> :Z ((b1; ( p> 77 (A7>

n=0

where (v),, is known as rising factorial, defined as

(0)n = qu(v+1)(v+2)--~(v+n—1), 27:50; (AS8)
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A confluent hypergeometric function 1 Fi(a, b, z) is the first kind of ,F}:

1Fi(abz) = Y EZ;Z % (A.9)

n=0

and its a solution of a confluent hypergeometric differential equation

2z

dz
z@—i—(b—z)——axzo. (A.10)

dz
There are several common standard forms of confluent hypergeometric functions, Kummer function
M (a;b; z) is the common form.

The n'" derivative of the general hypergeometric function (A.7) is given by [74,79]

a’l’b

9o pFy (a1, - ,ap;by, -+ by 2) (A.11)
(al)n’ T (ap)n

(b1)ns -+ (bg) x pFylar +mn,--- ,ap+n;b1 +n,- -+ by +n;2).
ny 9 q/)n

Hypergeometric function 1 Fy is related to MapleSoft Laguerre function as

I'(a+b+1)

L) =t om0

1F1(*a;b+ 1;2) (A]_Q)

There are very useful relations especially, when deriving the expected value of (3.9), these relations
are needed to simplify the integration.

Some important properties of | F}
e It converges for any z, it is defined for any a and b, (b # 0).

a;b;0) =1 for any a and b, (b # 0).
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Appendix B

Proof of Eq. (3.5) Solution

In Underlay case, for the state 0, to evaluate the expectation term in Eq. (3.5) using the distribution

Eq. (3.1), we get

1 [o.¢]
7= F(M)/o (14 cz) @ 2t te?dz (B.1)
Using the change of variable, let u = H%’ then du = ﬁ = —cu?, and zu = (1 —u)/c. The
integration can be simplified as
cro ot . L _G-w
7= F(M)/o u Pl —uw)t e e du (B.2)

By using the integration by part and making use of the following definition of | F}
I'(b !
1Fi(a,b; z) = ())/ e (1 — u)b" L du, (B.3)
—a) Jo

and the definition of Gamma function I'(z) = [ e "~ 1dt = I'(1 + 2)/z, the formula in Eq. (3.6)
can be obtained. The proof for the state 0 term in Eq. (3.29) is similar to the above.

While for the state 1 in both schemes, we use Wolfram Mathematica services which are the
extensive mathematics resources in the Web [75] and by properties of the power series functions

illustrated in [59,77,78].
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The integrations are also verified using two different symbolic integration softwares (MapleSoft-

)
12 and MatLab R2012a), similar results are obtained.
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Appendix C

MMSE Derivation and Relations

The signal received by the cognitive receiver in the training phase is

\/Spth +n if PUs are inactive(channel is idle) 1)
Y= .
\/Spth+n+n,  if PUs are active(channel is busy)

Spt represents the pilot’s power, which is equal to Sy, if sensing result is busy and equal to Spq if
sensing result is idle. It is assumed that n and n, are zero mean independent Gaussian random

variables with variances o2 and a,%p, respectively. Hence, the overall variance of the noise is o2 or

2

= depending the sensing results. Noticing that the cognitive receiver does not have exact
P

0721 +o
information about the occupancy status of the PU, but it has predictions via sensing probabilities,
the inclusive noise variance, o2, is randomly taking these two values.

The Minimum Mean-Squared Error (MM SE) estimator of a parameter is defined as the con-

ditional expected value of the parameter given the observations [60,80]. The M MSE to estimate
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h in (C.1) can be expressed as follows:

h=Ehly = Pr(o® =0} +o0n |9)EDly,0* =0} + 07 ]

+ Pr(o® =o2ly)E[hly,o? = o2] (C.2)

n

A/ Spta}%

Spto? + o2 + o2

V50 (C.3)

Spto? + 02

= Prio? =0 43Iy

+ Pr(g2 = Un‘y)

Here, we use the property of conditional expectation [76] E[A|B] = E[E[A|B, C]|B], where the outer
expectation on the right-hand side is with respect to the conditional distribution of C given B. In
our setting, C' is the noise variance. Hence, the above formulation indicates that we can find the
MMSE estimate by evaluating the average of the M MSFE estimates with fixed noise variances
with respect to the conditional distribution of the noise variance given the observation. This is
indeed what is done in (C.2). (C.3) is obtained by noting that the noise variance is fixed.

Using Bayes’ rule the conditional probabilities expressions are as follow

Pr(c? =02 + Jip]y) = L AL (C4)

Pr(o® = aoply) =

y is conditionally Gaussian distributed with zero mean and variance o2 as the relations (C.4) points.

The conditional distribution function of y, i.e., f(y) is defined as [23]

1 N
2 — 2 — Spto'%‘“”% C5
Fulo? = 03) = e (©5)
2
1 _ |yl
f<y‘0_2 _ 0_721 _’_0_72117) — e Spta%+a%+o%p . (CG)

m(Sptos + 02 + on)

The noise variance is related to the channel sensing result. Let us assume that the channel is sensed

2

as busy, so, Pr(c? = 02) means that there is no PU in the channel and hence channel is idle. Since

our assumption, channel is sensed as busy. Therefore, Pr(c? = ¢2) is equal to the conditional
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probability Pr (?glésﬂ( Ch is ). See the derivations from (C.7) to (C.9).

sensed busy

2 2 ch is ch is Pr (Cilclilies) Pr <(sensce}21 iksmsy) ‘ (Clglies))
Pr(c*=o07) = Pr -l ‘ db = ch is
1aie sense usy Pr (sensed busy)

false detection
. h is ch is
P (fh is P C
T(‘dle) T(sensed busy ‘ idle

- ch is ch is - ch is ch is
P gh 5 p P ch is j2)
7“( ldle) " <(sensed busy) ‘ <idle >> * r(busy) " <<sensed busy) ‘ <busy>)

false detection correct detection

5raPr bPy

5P+ 5 Pa bPp+dPa

Channel is sensed busy (C.7)

Using a similar approach, we can obtain the other cases:

Pr(o? =02) = 13(13(713;% Channel is sensed idle
Pr(c? =02 + U%p) = be—fdde Channel is sensed busy (C.8)
Pr(o? =02 + U%p) = 1;(1—70?;% Channel is sensed idle

Note that the probability of the channel state can be derived easily from the transition matrix of

the two-state Markov chain of Figure 4.2.

d .o
4 1 is bus
P,(channel in state i) = { b9 Y (C.9)
g0 dsidle
)
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Appendix D

Transition Probabilities

Let p1 = Pr{the channel is being busy and it is detected as busy and r, < Cl(k) in the k' frame
given that the channel is being busy and it is detected as busy and 7, < Ct(k — 1) in the (k — 1)
frame}

The chain rule in probability theorem states that if there are four events: A, As, A3 and Ay, then
PT(Al,AQ,A3|A4) = P’I’(Al ﬂA20A3|A4)
= P?”(Al‘A4) -PT(AQ‘A1QA4) -PT(Ag‘AlﬂAgﬁAzl) (Dl)

Thus
p11 = Pr{chis busy in it" frame |ch is busy in (i — 1)y

Pr{ch is busy in ith frame ’ ch is busy in (i)th} . Pr{rb < C’i (0)|rp < C’{ (i—1)}
= (L=0)PaPr{r, < Ci(i)lry < Ci1(i — 1)}
= (1 =0)PyPr{z; > p1|zi-1 > v1}
= (1=0b)PyPr{zi > 1} =1 =bPyPr{iz> i1} =m (D.2)

We omitted the index 7 in z; due to the fact that z; and z;_1 are independent due to the block

fading assumption.
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By the same manner , the transition probabilities from any state to state 1 can be expressed as

pin=pi1 =p21 = p31 =pa1 =(1 = b)PaPri{z > 1} =(1—-0)Pge™ " =p D3)

Pl = P51 = pe1 = pr1 = ps1 =dPaPr{z > @1} =dPge % )
Using the same modality, the full transition probabilities can be obtained as listed in Table 4.1. o
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Appendix E

Eigenvalue Maximization

Let A be an n X n matrix, the eigenvalues (w)s of the matrix A are the zeroes of its characteristic

polynomial, det(wl — A), which can be written as
Qw) = w" = Cpaw" ! + Cpgw™ 2 — - (=1)"Cy (E.1)

It is well known that the coefficients C,_; and Cj are, respectively, the trace(A) (the sum of its
diagonal entries) and the det(A). All other coefficients C,,_r,k = 1,2, -+, can be expressed by the
sum of the k—rowed principle minors of A. A k-rowed principal minor of an n X n matrix A is the
determinant of a k x k submatrix of A whose entries, a;;, have indices 7 and j that are the elements
of the same k—element subset of 1,2,--- ,n.

With rank (the dimension of the largest square submatrix of A with nonzero determinant) r,

where, 7 < n. All nonzero eigenvalues of A are among the zeros of the polynomial [81]

Q) =w" — Cpoqw™ 4+ (=1)"Chy (E.2)

w?  —(+ Ps + nB7 + p6 + Taps + Py + Tabs + p2 + Tp1)w

+  (TaPspe + TTabsp1 + TPrP2 + ToB7D6 + ToTaPrD5 — ToB1Ps — ToTaB1P3TaPe — s + T P11

—  Popy + Bypebipi — TipsPs — TapyPs + TaPs P, + TiPsPs — TapsPe — P4 Pe + ey + TapePs

—  TP1p7 — TPep7 — ToBs Dy — ToB6P7 — TyP1Ps — P2Ps — TabsPs — PeDs + Psbe + TaPsps + Psps

+ mpspi) =0 (E.3)
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The solution for the maximum eigenvalue of (E.3) is

w

1, . . . 1, . . .
= §(p8+7bp7+p6+7dp5+274 + TdP3 +P2+pr1)+§ (pg + D7 + P + Taps + Py + TaPs

P2 + pr1) - 4<po3 D2 + TvTaPs P1 + ToD7 P2 + ToD7 D6 + ToTaP7 P5 — ToP1 P — TvTdD1 Ps3
TaPe Ps + Te D7 P1 — P2 Py + Py P2 + By D1 — Taps Bs — TPy Ps + Taps By + Taps Bs — Taps Pe

Py P6 + D6 By + Tape Ps — TeP1 Pr — ToP2 D1 — Tols P7 — ToPe P7 — ToB1 Ps — P2 Ps — Tabs Ps

1

2

D6 P8 + Ps P6 + Tals P5 + Ps P2 + TyPs pz)} (E.4)

)
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Appendix F

Ratio of Exponential distributions

The random variable X is exponentially distributed with rate « if and only if Pr(X > z) = e™*
for every x > 0. Similarly, the random variable Y is exponentially distributed with rate g if and
only if Pr(Y > %) = e P for every y > 0. Let Z = X/Y and t > 0. Conditioning on X and
applying our characterization to y = X/t, one gets

Pr(Z <t)= Pr(Y < X/t) = E[e /"]

hence for every v > 0,

E[eX] = /OO ae~@NTgy — % [e_(a*ﬁ)]go -
0 o+ o+

Substituting v = 8/t, we have

and hence the (pdf) of Z is
_dFyz (t) af

dt  (at+ p)?

fz(t)
For unity mean of the both random variable (i.e., « = f = 1), the above pdf eliminates to (5.39).

)
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