ADDIS ABABA UNIVERSITY
SCHOOL OF GRADUATE STUDIES
INSTITUTE OF TECHNOLOGY

ELECTRICAL AND COMPUTER ENGINEERING DEPARTMENT

Comparative Analysis of Blind Spectrum Sensing Techniques
over Fading Channel

By
Milkias Hailu
Advisor

Dr. Murad Ridwan

A Thesis Submitted to the Addis Ababa Institute of Technology, School of Graduate Studies,
Addis Ababa University in Partial Fulfillment of the Requirements for the Degree of Masters of
Science in Electrical Engineering.

December, 2018

Addis Ababa, Ethiopia



Abstract

A spectrum is a scarce and precious natural resource and a matter of concern with the rapidly
growing wireless communications. However, studies show that licensed spectrum is underutilized.
Cognitive radio system allows unlicensed users also called secondary users to access licensed
spectrum band also known as spectrum hole of primary user when they are not occupied. To do
this the secondary users need to continuously monitor the licensed user’s activity to find the unused
band. Spectrum sensing is the key task for cognitive radio which prevents the unwanted
interferences with authorized users to recognize available radio spectrum and enhance the usage
of spectrum. Spectrum sensing is also a tough task because of shadowing, fading, and time-varying

nature of wireless channels.

This thesis investigates the difference in performance of energy detection and eigenvalue based
blind spectrum sensing techniques (without having prior knowledge) by implementing it over
different environmental models and compares the Receiver Operating Characteristics (ROC)
curves. Evaluation and analysis of performance is done by using Monte Carlo method with
MATLAB software.

The implementation gives detail comparison between blind spectrum sensing technique
performances over fading channel and multiple network nodes. In particular, the result shows the
minimum required energy level for optimal detection (with acceptable interference) over fading
channel and also how effectively cooperative spectrum sensing overcome the hidden primary user
problem for both scheme and channels.

Keywords: Cognitive radio, energy detection, eigenvalue based detection, blind spectrum

sensing, fading channels, spectrum hole.
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Chapter 1: Introduction

1.1 Overview

From the beginning of wireless communications a use of available radio spectrum has always been
a matter of concern because spectrum is a limited and valued natural resource. Then again a static
spectrum allocation policy adopted by governments of many countries has caused underutilization
of spectrum because a huge segment of licensed radio spectrum is not efficiently used [1].
Conventionally, licensed spectrum is allocated over relatively long time periods and is meant to
be used only by licensees [2]. A government organization is responsible for allocating spectrum
bands to operators. In Ethiopia, the ministry of innovation and technology (MInT) is responsible
for this exercise; as federal communications commission (FCC) is for USA. This approach is
termed as the fixed spectrum allocation (FSA) scheme and with this the radio spectrum is divides
into bands allocated to distinct technology based services, e.g. mobile telephony, radio and TV
broadcast services. The FSA supervision structure guarantees that the radio frequency spectrum is

entirely licensed to an authorized party (primary user (PU)) without interference [3].

The current rapid growth of wireless communications has made the problem of spectrum
utilization ever more challenging. On one side, the rising diversity (voice, short message, Web,
and multimedia) and demand of high quality-of-service (QoS) applications have resulted in
overcrowding of the allocated FSA spectrum bands leading to significantly reduced levels of user
satisfaction. The challenge is particularly serious in communication-intensive situations such as in
case of people gatherings or in a substantial emergency. On the other side, major licensed bands
such as those allocated for television broadcasting have been found to be grossly underutilized
which resulting in spectrum wastage. For example, the study report of FCC shows that the
spectrum utilization in the 0-6 GHz band varies from 15% to 85%. In Ethiopia case, the national
radio frequency spectrum allocation table from ETA shows that the spectrum in the 960M—-3GHz
band as highly underutilized [4,5]. This makes the benefit of cognitive radio significant to open
licensed bands to unlicensed users which is known as dynamic spectrum access (DSA).
Accordingly, the IEEE has formed a working group IEEE 802.22 to develop an air interface for
opportunistic secondary access or dynamic spectrum access DSA via the cognitive radio

technology [6].



Cognitive radio as a new concept was first proposed by Joseph Mitola I11 and Gerald Maguire [1]
where presented as an extension of software defined radio enhancing flexibility of personal
wireless services with radio domain model and computational intelligence. CR therefore is an
exciting and new way of thinking about wireless communications. Indeed it is already being
considered as one of the key candidate technologies for the fifth-generation (5G) wireless systems
which aim to provide a higher data rate transmission, adequate capacity, cost efficiency and highly

sophisticated services.

CR aims to improve spectrum utilization and efficiency of spectrum usage by opportunistically
accessing the licensed spectrum without interfering the licensed users [7]. To avoid using the
spectrum at the same time with the licensed users, CR has to determine the existence of primary
user (PU) by sensing the wireless spectrum. It can communicate to its receiver if the spectrum is
vacant. However, when PUs retransmits again, CR users should stop their transmission
immediately to avoid creating interference to the PUs. Hence, spectrum sensing is vital for CR.
The better CR knows about the PU’s existence the better it can communicate and utilize the
spectrum. There are several types of spectrum sensing techniques for CR such as energy detection,
eigenvalue based detection, matched filter and Cyclostationary. This thesis focuses on studying
the performance comparison of blind spectrum sensing techniques which are energy detection and

eigenvalue based detection by applying them over fading channels.

1.2. Statement of the Problem

Spectrum sensing is a fundamental component of cognitive radio since continuous study of the
environment is needed to determine the existence of licensed user. A failure in detection of a
licensed user result either in causing harmful interferences to primary user or in missed

opportunity for secondary user to utilize the spectrum hole.

Multipath fading or shadowing can cause hidden primary user problem which is one of the
challenge of spectrum sensing for cognitive radio while scanning for primary user transmission
[10]. Evaluating detection techniques by considering the channel effect will be necessary to avoid
hidden primary user problem at the pre-deployment stage of cognitive radio.



The problem considered in this work is to determine an effective spectrum sensing technique that
perform better in presence of fading channel without involving priory knowledge of the primary

user signaling scheme.

1.3 Objectives

1.3.1. General Objective
« The main objective of this thesis work is to evaluate and compare the performance of the

blind spectrum techniques over fading channel.

1.3.2. Specific Objectives

The specific objectives are
» To study and analyze the impact of fading channels on blind spectrum sensing techniques.

» To study the behavior of energy detection and eigenvalue based detection via Raleigh and

Nakagami channel environments.

* Toinvestigate the level of effectiveness of cooperative detection on the performance of the
energy detection and eigenvalue based detection spectrum sensing technique over fading

channels.

1.4. Literature Review

Different studies have been made in the area of spectrum sensing techniques of cognitive radio,

among those the following are reviewed to frame the scope of the thesis and the existing problem.

In its simple form, the idea of blind spectrum sensing is to find primary transmitters operating at a
given time by using local measurements and observations without prior knowledge from the
transmitter [4]. With energy detection technique, the secondary user examines the signal strength
generated from the primary user to exploit the free space (whitespace) within the channel and
eigenvalue based detector determines the presence or absence of the primary signal based on the

covariance matrix of the received signal.

In [10] Tevfik Y ‘ucek and H’useyin Arslan outlined that one of the challenges of spectrum sensing

for cognitive radio is the hidden primary user problem which can be caused by many factors



including severe multipath fading or shadowing observed by secondary users while scanning for
primary users transmissions. Here, cognitive radio device causes unwanted interference to the
primary user (receiver) as the primary transmitter’s signal could not be detected because of the

locations of devices.

The work in [11] stated the uncertainty of noise imposes fundamental limitations on the
performance of the energy detector. Below a particular threshold SNR a reliable detection cannot
be achieved by increasing the sensing duration. This SNR threshold for the detector is known as
SNR wall. From experimental studies with the help of the primary user signal information (which
needed prior information); the SNR wall was mitigated but it was not possible to eliminate it
completely. Moreover, the energy detector cannot differentiate the primary user signal from the
noise and other interference signals which may result to a high false alarm. The proposed approach
in case of no information from primary user to set optimal detection with very low false alarm
probability should be by evaluating the performance while considering the energy attenuating

channel behaviors.

In the research paper [12], the author proposed new methods based on the eigenvalues of the
covariance matrix of the received signal. It shows that the ratio of the maximum or average
eigenvalue to the minimum eigenvalue can be used to detect the presence of the signal. Based on
some latest random matrix theories (RMT) [12, 13] they quantify the distributions of these ratios
and find the detection thresholds for the proposed detection algorithms. The probability of false
alarm and probability of detection are also derived by using the RMT. The proposed methods
overcome the noise uncertainty problem and can even perform better in case of highly correlated
signals. Furthermore, the methods can be used for various signal detection applications without
knowledge of the signal [14, 15].

In reference [8] the author shows comparison between AWGN and fading environments. The
Gaussian model is popular in the parameter optimization problems e.g., optimizing the operating
threshold or the power allocation so as to achieve the maximal throughput or minimal error rate.
This model often gives a more convenient cost function which may result in a convex optimization
problem. However, based on the Gaussian model the analysis of the average detection performance

of blind detectors over different fading scenarios is not well practiced in the open literature.



In general, when we consider spectrum sensing techniques in cognitive radio without prior
knowledge of primary user signal we can put most of the recent studies in two groups. Studies on
one perspective focus on values such as less complicated, simple signal processing and less
detection time which end up preferring energy detection over other schemes [4, 21, 27]. On the
other perspective, study papers which deal with robustness to noise uncertainty and high
correlation signals point to Eigenvalue based detection [12, 30, 31]. However, comparison in
performance between energy detection and eigenvalue based detection over varying SNR was not
done in fading channel environments. In this thesis work the performance comparisons between
energy detection and eigenvalue based detection techniques in presence of Rayleigh and
Nakagami-m fading channels is to be investigated. More so, the impact of employing cooperative
secondary user nodes over fading channels is also considered. The designing of the detectors is
based on consideration of fulfilling fundamental sensing requirements proposed in IEEE 802.22
WRAN (missed-detection and false alarm probabilities < 0.1) [6].

1.5. Thesis Contributions

Spectrum scarcity is one of the challenging tasks in telecommunication industry due to
technologies advancement as well as the increasing network size arising from wireless
communication service demand from the public at large. Hence, special attention has to be given
for cognitive radio network and its spectrum sensing performance. This study contributes on giving
information which is useful in reducing interference caused by hidden primary user. It also helps
to achieve the desired performance requirements before network deployment. It provides detail
consideration of energy and eigenvalue based detection over fading environmental. Finally, the
analyzing of cooperative network system in Rayleigh and Nakagami-m fading for bind spectrum

sensing schemes are considered.

1.6. Limitation of the Study
The research:

¢ Is limited to simulation-based investigation which relies on theoretical analysis.
e Considers only the blind spectrum sensing techniques and two fading channel

environments.



1.7. Organization of this Paper

The remaining sections of the paper are organized as follows.

Chapter 2 addresses the background studies of the cognitive radio system, introducing the network
architecture and cycle of cognitive radio. Chapter 3 reviews spectrum sensing techniques:
transmitter detection, cooperative detection and interference based detection and presents an
overview of energy detection, eigenvalue based detection, matched-filtering and cyclostationary
detection. Reasons are then given as to why the energy detector and eigenvalue based detector was
chosen in this research. In Chapter 4, background theories on wireless communications and its
characteristics are presented. Both large-scale and small-scale propagation are discussed along
with common channel models. Chapter 5 describes performance analysis and detection threshold
over Rayleigh and Nakagami-m fading channels. Chapter 6 provides the simulation results and
discussion of single node and cooperative spectrum sensing of energy detection and eigenvalue
based detection over Rayleigh and Nakagami-m fading channels. Finally, in Chapter 7, the

conclusion and suggestions for future work were presented.



Chapter 2: Cognitive Radio Systems

2.1. Introduction

Cognitive radio is an intelligent wireless communication system that is aware of its surrounding
environment (outside world) and uses the methodology of understanding by building to learn from
the environment and adapt its internal states to statistical variations in the incoming RF stimuli by
making corresponding changes in certain operating parameters in real-time with two primary

objectives in mind [17]:

e Highly reliable communications whenever and wherever needed

e Efficient utilization of the radio spectrum

Spectrum utilization can be improved significantly by making it possible for a secondary user to
access a spectrum hole unoccupied by the primary (licensed) user at the right location and time.
Cognitive radio inclusive of Software-Defined Radio (SDR) has been proposed as the means to

promote the efficient use of the spectrum by exploiting the existence of spectrum holes [1].

2.2. Cognitive Radio Networks

By dynamically switching between unoccupied spectrum gaps CRs take advantage of the locally
unused spectrum. Cognitive radios possess the ability to observe their communication environment
and adapt the parameters of their communication scheme to maximize the spectrum while
minimizing interference to the primary users [18, 19]. To do so CRs must continuously sense the
spectrum in use in order to detect reappearance of a primary user. This and other functions of CRs
are contained in the basic cognitive network.

CR is defined as a radio that can change its transmission parameters based on interaction with the

environment in which it operates. CR enables its users to

1. Determine which portion of the spectrum is available and detect the presence of licensed
users when a user operates in a licensed band.

2. Select the best available channel.
Coordinate access to this channel with others.

4. Vacate the channel when PU is detected.



The figure below shows the concept of CR and Dynamic Spectrum Access. CR user dynamically
and opportunistically accesses the spectrum hole or the white space while avoiding an access to

the spectrum which is currently in use by the PUs [18].

Spectrum in Use
o
® / |
° Pynamic
,,,,,,,, Spectrum
Access
‘ v ' L —

“Spectrum Hole”

Figure 2. 1: Cognitive radio concepts [19]

2.3. Cognitive Radio Architectures

Cognitive Radio network architecture can be categorized into two groups; the primary network

and the cognitive radio network [19].

The primary network is an existing infrastructure which has an exclusive right over a certain
spectrum bands for example the cellular networks and TV broadcast networks. The components

of the primary networks are

e Primary User (licensed user): a user which has a license to operate in a licensed band. The
PU operation should not be affected by the operations of CR users.
e Primary Base-Station (licensed base-station): a fixed infrastructure network component

with spectrum license.

The CR network does not have license to operate in a licensed band and its spectrum access is
allowed opportunistically. The components of the cognitive radio networks are



e Cognitive Radio User (unlicensed user): a user who has no license over the spectrum. CR
user can access the spectrum opportunistically only when PU is not present and CR user
must vacate the channel immediately when the PU is detected.

e Cognitive Radio Base-Station (unlicensed base-station): a fixed infrastructure component
with CR capabilities providing a single-hop connection to CR users. In cooperative
spectrum sensing, the CR Base-Station also serves as a fusion center to gather the
information from cooperative users and make the final spectrum sensing decision.

e Spectrum Broker (scheduling server): a central network entity that controls spectrum
resource sharing among the CR users.

Dynamic spectrum improved coexistence Inter-network dynamic spectrum access
Operator A

Operator B
(Primary User)

(CR User) (¢

CR Network
) with Infrastructure

Unlicensed Band =
Operator A ) Operator A
e A (Primary Userc.).

Figure 2. 2: Cognitive radio architectures [25]

2.4. Cognitive Radio Cycle

The cognition cycle by which a cognitive radio may interact with the environment is illustrated in
figure 2.3 below. Stimuli enter the cognitive radio as interrupts dispatched to a cognition cycle for
a response and Such a cognitive radio continually observes, orients itself, creates a plan, decides
and then acts. In addition learning may be pursued in the background [2].The cognitive process

starts with the passive sensing of RF stimuli and concludes with action.



Cognitive radios attempt to improve spectral utilization by performing three key online cognitive

tasks [17]:

a) Radio-scene analysis which encompasses the following:

e Estimation of interference temperature of the radio environment to identify sources of
interference.

e Detection of spectrum holes to notify the absence of primary users or vacant RF spectrum.

b) Channel identification which encompasses the following:

e Estimation of channel-state information (CSI); which includes estimation of fading,
shadowing and modeling signal propagation between receiver and transmitter.

e Prediction of channel capacity for use by the transmitter.

c) Transmit-power control to overcome signal fading and increase system performance and
dynamic spectrum management to allocate frequency ranges based on the information

obtained from the spectrum sensing part of the cognitive radio.

It is apparent that the cognitive module in the transmitter must work in a harmonious manner with
the cognitive modules in the receiver. In order to maintain this harmony between the cognitive
radio’s transmitter and the receiver at all times a feedback channel connecting the receiver to the
transmitter is needed. Through the feedback channel the receiver is enabled to convey information

on the performance of the forward link to the transmitter.

Transmitted

Signal Radio

' Environment

Spectrum
Characterization

RF
Stimuli

Spectrum ’\

Mobility Primary User
Detection

Spectrum
Sensing

Decision
Request

Spectrum
Hole

Spectrum
Sharing Spectrum

Decision

Figure 2. 3: Basic cognitive cycle [26]
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CR function is basically including the following four tasks [17]:

(1 Spectrum sensing — CR continuously sense the environment and determine the unused
spectrum. It is an active spectrum awareness process where cognitive radio monitors its radio
environment and geographical surroundings to detect usage statistics of other primary and
secondary users and determine possible spectrum space holes. Spectrum sensing can be done by
one cognitive radio, by multiple cognitive radio terminals or by independent sensing network

exchanging information in a cooperative way which improves overall accuracy.

1 Spectrum Management — before using unallocated spectrum band CR checks data rates,
transmission mode and capture the best available spectrum according to the user requirement. It
involves making a decision based on spectrum sensing information to allow cognitive radio to
select when to start its operation, operating frequency and its corresponding technical parameters.
Cognitive radio primary objective is to transfer as much information as possible and to satisfy

required quality of service without causing excessive interference to the primary users.

[1 Spectrum Sharing — defines fair spectrum scheduling methods by providing the fare and
sophisticated scheduling mechanism among the coexisting users. Since there are a number of
secondary users participating in usage of available spectrum holes, cognitive radio has to achieve

a balance between its self-goal of transferring information.

1 Spectrum Mobility — during the communication if CR users detect the primary user in its
spectrum, CR must vacant the band to avoid interference with primary users. For faultless
communication CR must switch to another unallocated spectrum band. It involves maintaining
faultless connection during spectrum transition and handoff. That is, if a primary user starts to
operate then cognitive radio has to stop its operation or to vacate currently used radio spectrum
and change radio frequency. In order to avoid interference to primary licensed user this function
has to be performed in real time. Therefore, cognitive radio has to constantly investigate possible

alternative spectrum holes.
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Chapter 3: Spectrum Sensing for Cognitive Radio

3.1. Introduction

Opportunistic spectrum access (OSA) is one that facilitates exploitation of local spectrum
availability without affecting primary user [20]. The foundation on which the CR paradigm is built
is the OSA. With this paradigm devices would be capable of sensing the environment over swaths
of spectrum to find spectral holes and make use of frequency bands that are not occupied by
primary users inducing no harm to the legacy system in the process. Basically, the secondary user
identifies “gaps™ in the spectrum known as a spectrum holes or white spaces and puts them to use.
These white spaces originate from partial or no occupations by the licensed users (primary users
(PU)) e.g. Digital TV broadcasters. SU also needs to vacate the channel immediately when the PU

comes back. As a result, spectrum holes detection plays an important role in the CR system.

3.2 System Model

Analytically, when the decision on the availability of a primary user is to be made, it is reduced to
an identification problem [24]. This is formalized as a hypothesis test as:

Ho ‘ @ =‘ Ho @ P(Ho | Ho)
@ P(Ho [ H1)

@ P(H1 | Ho)
Hy O © ’O i @ P(Hy | Hy)

Figure 3. 1: Hypothesis test with possible outcomes and their corresponding
probabilities [21].

= From Figure 3.1, four possible cases can be defined for the detected signal;
Declaring Ho when Ho is true (Ho:Ho)
Declaring Ho when H is true (Ho:Ha)
Declaring H1 when Ho is true (H1:Ho)

el

Declaring H1 when Hy is true (H1:Ha)

12



Case 4 is known as a correct detection, whereas cases 2 and 3 are termed as false alarm and missed
detection respectively. The goal of the signal detector is to achieve correct detection all the time.
However, this cannot be accomplished absolutely in practice because of the statistical nature of
the problem. Therefore, signal detectors are designed to function within minimum error levels. A
prominent issue for spectrum sensing is missed detection; as it implies interfering with the primary
system and also the false alarm rate has to be kept as low as possible to enable the system exploit
possible transmission opportunities. The performance of the spectrum sensing technique is
influenced by the probability of false alarm PFA = P (H1|Ho) an important metric for spectrum

sensing. As seen in [24, eq. (3.1)] a reliable method to differentiate a signal form noise is required.

Tl(k), HO

x(h) = {h(k)s(k) +ak), H, (3.1)

Where X(k) represents the sample to be analyzed at instant k, h(k) denotes the channel gain at each
instant k, s(k) represents the signal to be detected and n(k) is the additive noise at the CR receiver,
modeled as an independent and identically distributed zero-mean circularly symmetric complex
Gaussian noise that is independent of s(k) (of variance ow?) that is n(k)~CN'(0,0w°I) where |
denotes an identity matrix. Ho is the null hypothesis; representing a sensed state with an absence
of the licensed user signal. H1 denotes the existence of a licensed user signal within the spectrum

under consideration.

To evaluate the performance, a decision threshold (n) is set and compared to the test statistic ()

generated. The detection rule is determined as:
Y >n primary user present
Y <m primary user absent

3.3 Spectrum Sensing Techniques

There are various ways to detect the spectrum holes: transmitter detection, cooperative detection
and interference based detection. Transmitter detection methods consist of matched filter,
eigenvalue based detection, cyclostationary and energy detection [11,21]. These techniques are
further classified as [22] coherent, semi-coherent or non-coherent; that is either having complete

partial or no prior knowledge of the transmitter respectively. Schemes that are cooperative include
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centralized, distributed and relay-assisted sensing methods. Whereas transmitter and cooperative

detection methods perceive spectrum to avoid interference to primary transmitters [23].

Transmitter Interference Cooperative

Based Detection Detection

Detection

Energy Centralized

Detection

Distributed

Matched
Filter

Relay-assisted

Cyclostationary

Eigenvalue based

detection

Figure 3. 2: Classifications of spectrum sensing techniques [11]

An efficient approach to identify spectral opportunities with low infrastructure requirement is to
detect the primary receiver within operative range of a secondary user (SU). However, practically
this is not feasible as the SU cannot locate a receiver since it is not intelligent enough. Hence,
spectrum sensing methods rely on detecting the primary transmitter [11,21]. With this, a primary
user transmitter is detected on the basis of the received signal at the secondary user end. The
primary transmitter detection model represents analysis of the received signal at the secondary
user. In its simple form, the idea is to find primary transmitters operating at a given time by using
local measurements and observations. With these techniques the SU examines the signal strength

generated from a PU to exploit the free space (whitespace) within the channel.

3.3.1. Blind Detection Techniques

Blind Signal Processing involves estimating the presence of a signal only based on the received

signal at the receivers and minimize the error vector. This requires no knowledge of a PU signal.
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3.3.1.1 Energy Detection

This is the most popular detection technique and has “the least computational and implementation
complexity” [27]. Apriori knowledge of the primary user signal is not required for signal detection
[21, 28]. Calculating the received signal’s energy gives the test statistic which is compared to a
predetermined threshold. The threshold is determined from noise energy and its accuracy is a key
to the performance of the energy detector. If the received signal’s energy at the cognitive radio is
greater than the set threshold, the alternate hypothesis Hi is validated and the primary user is
concluded to be present. If the energy is lower, the null hypothesis Ho is validated thus signifying

the presence of a spectrum hole. The binary hypothesis is presented in Equation 3.1.

Decision

1 —
— —Y
O LF pE ADC m ()2 | N o Ho

Figure 3. 3: General blocks of energy detection [11]

Figure 3.3 shows a simple energy detector which contains a Low Pass Filter (LPF), Analog-to-
Digital Converter (ADC), the energy detector and the average N sample. The decision part will

compare the threshold with Y and give its result.

The Neyman Pearson (NP) theorem states that the binary hypothesis test that maximizes the
probability of detection (defined as the probability of deciding H1 when Hiis true) for a given
probability of false alarm (the probability of deciding H1 when Ho is true) uses the likelihood ratio
as the test statistic [21, 28, eq. (3.2)].

p(x|Hp)
= <
P = ey =T (3.2)

Where, x denotes the observations and 7 the threshold.

The optimal Neyman-Pearson test is to compare the log-likelihood ratio to a threshold. That is [21,
28, eq. (3.3)].

Hy
(x|Hy)
P(x) = log (—Z(iIHZ)) 5 n (3.3)
0
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Clearly, the log-likelihood ratio depends on the distribution of the signal to be detected. In energy
detection it is assumed that the signal to be detected does not have any known structure that could
be used for detection. Thus it is assumed that the signal is also zero-mean complex Gaussian s(k)
~ (0, ¥21). Then x|Ho ~ (0, 2I) and x|H1 ~ (0, (ow*+ y?)). The log-likelihood ratio therefore becomes
[21, 28, eq. (3.4)].

llx1I?
(p(xIHl)) — rrN(d‘z,:+y2)N eXp( ga,+y2) (34)

p(x|Ho) ;Nexp<_@)
n:Na‘z,V ow

By removing all the constants that are independent of the received vector x(k) we obtain the

optimal Neyman-Pearson test [21, 28, eg. (3.5)]..
Y =P = lIxlI? = < 2NZ3x[K][2 27, (3.5)

Where || denotes the Euclidean norm of a complex vector and N number of samples taken. In
essence the energy detector measures the received energy during a finite time interval and

compares it to a predetermined threshold.

INPUT SIGNAL

ENERGY COMPUTATION
OF THE RECEIVED
SIGNAL

RECEIVED THRESHOLD
SIGNAL

ENERGY >
THRESHOLD

STOP SECONDARY
USER

Figure 3. 4: Energy detection spectrum sensing algorithm flow chart [11]
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3.3.1.2 Eigenvalues based detection

The key idea behind Eigenvalues based primary signal detection is that the primary signal received
at the CR user is usually correlated. Such correlation can be utilized by the CR user to differentiate
the primary signal from white noise [29]. Specifically, Eigenvalues based detector determines the
presence or absence of the primary signal based on the covariance matrix of the received signal.

Suppose that the received signal is given by [29, eq. (3.6)].

x(k) =hs(k)+n(k), 0<k<N-1 (3.6)
Then the sample covariance matrix of the received signal can be estimated as [29, eq. (3.7)].

Ry =~ ZNZ1, x[k]x"[k] (37)
Where

x[k] = (x[k], x[k — 1], ..., x[k — L + 1])7T (3.8)
It can be shown [29] that R,, converges in probability at [29, eq. (3.9)].

R, = E{x[k]x"[k]} = HR + 631, (3.9)
Where Rs is the L x L covariance matrix of the primary signal vector [29, eq. (3.10)].

s[k] = (s[k],s[k — 1], ...,s[k — L + 1T (3.10)
o2 is the noise power, and I_is an L x L identity matrix.

Based on the sample covariance matrix of the received signal R, various test statistics have been
developed for detection of the primary signal including the ratio of its maximum and minimum
eigenvalue [29], the ratio of its diagonal and off-diagonal element [30], and its maximum

eigenvalue [31]. As an example,
Let 1,4 aNd A,,;, denote the maximum and minimum eigenvalues of Ry respectively. Define

U = (Amax Amin) [30, €g. (3.11)]; then according to (3.9)

_ {(0-3\1' 0-3\1)» HO (311)

a (pmax + G\%vr Pmin + G\%v )’ H1
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Where ppnax @and pin are the maximum and minimum eigenvalues of Rs, respectively. Because
of the correlation among the sampled primary signals pnax > Pmin. Therefore, if there is no

primary signal [30, eq. (3.12)]

Amax _
Otherwise
}\max

Based on the above empirical, the eigenvalue-based detection algorithm can be formulated as
follows [29].

1) Estimate the covariance matrix of the received signal according to (3.7).

2) Calculate the maximum and minimum eigenvalues of the sample covariance matrix as

ey and A, respectively, and compute the decision statistics [30, eq. (3.14)]

Y = hmax (3.14)

==
3) Obtain the final decision
if Y >y primary user present
if Y <y primary user absent

In [29], the statistical characteristics if A,,,,, and A,,;,, under H, have been investigated. Based on
that a closed-form expression of the decision threshold y for a given false-alarm probability has
been obtained. In general, it is tough to obtain a closed-form expression of the detection
probabilityPp, = P-{Amax > ¥Amin|H1}. However, it can be calculated using numerical methods

(RMT).
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Figure 3. 5: Eigenvalue based spectrum sensing algorithm flow chart [11]

3.3.2. Other Detection Techniques
3.3.2.1. Matched Filtering

This is a coherent sensing technique and requires accurate knowledge of the transmitted signal
from the PU to optimally detect the signal at the cognitive user. Such information includes the
bandwidth, operating frequency, modulation and pulse shaping. The information is used for
demodulating the received signal [32]. The apriori knowledge at the cognitive user increases the
sensor’s detection speed and accuracy. Matched filtering is therefore considered as the most
efficient method for primary user detection as it takes the least time to determine the probability
of false alarm [10]. Figure 3.4 shows the implementation of a matched filter using a Finite Impulse
Response (FIR) of the known signal S(k) to generate filter coefficients. The received signal x(k)
will then be matched to the response of the FIR filter as in [33, eq. (3.15)].

y[n] = Xk=o hln — k]x[k] (3.15)
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Where, y[n] is the output of the signal from FIR filter for the received signal and hence response
h[n]=S[N-1-n]forn=0, ... ,N-1.

x(n)
nN=N-1

Figure 3. 6: Matched filter [11]

While matched filter detection needs less detection time due to a much better complexity compared
to bind detection, matched filter detection requires a prior knowledge of every primary signal. If
the information is not accurate, the detector performs poorly. Also a cognitive radio would need a

dedicated receiver for every type of primary user [10].

3.3.2.2. Cyclostationary Feature Detection

Most man-made signals show periodic patterns related to symbol rate, chip rate, channel code or
cyclic prefix that can be appropriately modeled as a cyclostationary random process [34]. Thus,
radio communication signals can also be modeled as a Cyclostationary Processes as most
modulated signal are associated with a signal wave that could give a cyclic property. Periodicity
is introduced in signal transmission to insure receivers with good estimation of the signal sent. If
we assume a signal x(k) to be discrete zero-mean signal with autocorrelation function Rx(n, k)
cyclic with period T as in [35, eq. (3.16)].

R.(nk) = Ry(n+ T,k +T) (3.16)

The Cyclic Autocorrelation Function (CAF) is important parameter used to in feature detection.
The Spectral Correlation Function (SCF) is also given by (3.17). That is frequency domain of
(3.16).1t can give an interpretation on the degree of correlation between frequency shifts of the
signal as given by [35, eq. (3.17) & (3.18)]

SE(f) = Yo RE(k)em™ (3.17)
RE(k) = lim —— Ny x(n)x*(n — k)e 2maneimak (3.18)

20



Where, RZ(k) is the CAF of the discrete signal and a cyclic frequency. SZ(f) is the power
spectrum of the signal for o = 0. The detection method can be put as shown in Fig.3.5. the
algorithms search for peak Cyclic Spectrum magnitude of the signal at any of the cyclic

frequencies. If the peak is found signal exists otherwise signal does not exists. [12]

Search for CS

Peak CS magnitude H,

magnitude at

Cyclic No Peak CS magnitude S gisi
Frequencies

Figure 3. 7: Cyclostationary feature detection [11]

Phase information of signal is not problem for this method nevertheless the performance of feature
detector will also depend on signal energy. Different modulation techniques incur different energy
on the signal. Furthermore the method will require coherence of signal information like carrier
frequency and is sensitive to sampling offset. This will increase the detection time as compared to
energy detection. In that case using the spectrum holes is a run against time and spectrum

occupancy need quicker response. More details could be obtained in [36].

3.4. Interference Based Detection

This theoretical method employs an interference temperature model; which is a measure of how
well a radio operating within a particular modulation scheme and protocol can tolerate interference
in its spectrum space [37]. This follows the fact that signal power received at a primary receiver
reduces exponentially with distance; continuously till it reaches a level of the noise level [38].
Though a primary transmitter still operates at this point, the receiver handles this process as noise
and not transmission. This makes it possible for a secondary user to utilize the channel, since no
interference is introduced to the primary users' communication (as the primary receiver is not in

receiving mode).
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Figure 3. 8: Interference temperature model [19].

Above the maximum noise level an interference cap is introduced beneath this threshold; the
primary receiver will treat this transmission as noise. An illustration of the interference
temperature model is shown in Figure 3.8 above. The SU may exploit the channel if the detected
primary signal level is below the interference temperature limit. More so, if the power of
transmission of an SU stays below the interference gap, it may utilize any frequency parameter of
its choice. With this approach it is hypothesized that the SUs will be allowed to transmit
concurrently with the PUs under stringent interference avoidance constraints; wherein it is
categorized as a spectrum underlay scheme. It is noteworthy nonetheless, that this method is far
more challenging; since the prime problem faced with an implementation of this technique will be
in determining specific receiver interference temperature levels for the various communication
standards. Recently however, in [39] this approach to spectrum sensing was reportedly analyzed
and declared to be non-implementable thus no further survey on this method will be conducted in

this work.

3.5. Cooperative Detection

In cooperative detection multiple SUs collaborate in a centralized or decentralized manner to
ascertain spectrum holes for opportunistic access. Each cooperating node within this context
employs locally any of the sensing methods previously described while sharing the raw/refined
sensing information with other node(s); dependent on a selected cooperation strategy [39] . This
concept of collaboration is considered since effects of shadowing, multipath fading and receiver
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uncertainty pose severe challenges to single user transmitter detection approach in SS [18]. A

depiction of these phenomenons is depicted below and described in detail afterwards.

B S Réu.—:iver
N Uncertajnty

KER3
Interferénce\ : \

/ » T - \ \ CR \
e \ Network
. Network PU Tx ]

PU Rx

v11]""ﬂ& ’
‘ﬂ oW I ’]'1",0'

Figure 3. 9: Receiver uncertainty and multipath/shadow fading [18].

From the figure 3.7 above, CR1 and CR2 are within range of the primary transmitter (PU TX1)
while CR3 is not. As a result of the obstruction from the house and due to multiple copies of the
attenuated signal being sent CR2 suffers multipath and shadowing problems such that signals from
the PU Tx may not be detected correctly. CR3 on the other hand is unaware of the transmission
from PU Tx and the existence of primary receiver (PU Rx). Consequently, transmission from CR3
may interfere with reception at the PU Rx; this phenomenon is known as the receiver uncertainty

problem.

However, owing to spatial diversity it is unlikely that all SUs spread in space within a network
will simultaneously experience receiver uncertainty or fading problems. Since secondary users that
observe a strong signal from the PU Tx like CR1 in the figure can sense and communicate sensed
result to other users. This collaborative paradigm should tackle flaws in observation at the other
users considerably. By this technique of cooperation amongst users robustness is achieved without

severe demands on individual radios enhancing effective primary detection [40].

For CSS SUs require two channels for local sensing to arrive at a decision. Initially SUs establish
a link with the primary transmitter to carryout local sensing; this link between primary transmitter
and the various cooperating SUs is known as the sensing channel. To share local spectrum sensing

data with each other or the fusion center (FC) requires a control or reporting channel. So far, a
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medium access protocol coordinates the shift between these two channels [39]. Considering the
mode of collaboration between sensing nodes in a detection scheme CSS is broadly categorized as
centralized, distributed and relay assisted based on how collaborating SUs convey sensing data
within the network [18].

3.5.1. Centralized Cooperative Detection

In a centralized structure a central unit designated the fusion center (FC) or basestation (BS)
determines eventual availability of spectrum holes after collating local SS information from
cooperating SUs [40]. This opportunity is either broadcast to all SUs or the FC itself controls traffic
by managing detected spectrum usage opportunity in an optimum fashion. The central node (FC)
could be an access point (AP) in a wireless local area network (WLAN) or a base station (BS) in
a cellular network; while in ad hoc networks any node - once identified - can act as a master to
coordinate CSS. In operation the FC selects a control channel for the transmitter and tasks the
various SUs to send their local sensing results via a reporting channel. Cooperating SUs would
send collected data to the FC allowing it perform a data fusion to decide the presence of a primary
signal or they could each send individual decisions and the FC conducts decision fusion to assume
a decision. For the scenario where the SU sends complete local sensing data, the fusion process is
termed soft combining. When the SU quantizes the local sensing information before sending to
the FC this fusion process is termed quantized soft combining. For hard combining fusion an SU

makes decision after sensing and sends one bit as its decision to the FC [40].

3.5.2. Distributed Cooperative Detection

In a distributed cooperation, SUs would not rely on an FC to make a cooperative decision rather it
is conceived that the SUs communicate within nodes then converge to a joint (global) decision on
the presence or absence of PU in an iterative manner [39]. This is accomplished in three steps
defined by a distributed algorithm as follows. First, each cooperating user sends its local sensing
data to other users in its neighborhoods (defined by the transmission range of the users).Next,
cooperating users combine data with the received sensing information from other users to decide
on the presence or absence of a PU based on the local criterion. The shared spectrum observations
are usually in the form of soft sensing results or quantized (binary/hard) version of local decisions
about spectrum hole availability. In a case where the spectrum hole is not identified, SUs send

combined sensing information to other users in the next iteration. This process continues until the
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scheme converges and a final unanimous decision on spectrum availability is achieved. In this

manner each SU in a distributed scheme partially plays the role of an FC [39].

3.5.3. Relay- assisted Cooperative Detection

It is predicted that under realistic conditions the sensing and reporting channels in the schemes
outlined previously may not function properly. For instance, a particular SU reporting channel may
be weak while its sensing channel strong arising from shadowing or multipath consequences yet
another SU may possess a strong reporting channel and a weak sensing channel [39, 40]. The relay-
assisted detection paradigm provides a scheme where a SU serves as a relay forwarding sensed
information. In [40], the centralized and distributed schema is considered one-hop cooperation,
while the relay-assisted approach is thought of as a multi-hop cooperative scheme.
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Chapter 4.  Wireless Communication Channel

4.1. Introduction

Wireless communication operates through the media which is the air interface. The transmitted
signal will travel along the transmission path from the transmitter to the receiver. This path can be
obstructed not only by objects in the line-of-sight between them but also objects that cause changes
in the electromagnetic field at the receiver [41]. As a result the received signal will degrade and
become different to the transmitted signal. As the wireless channels are random, the wireless

channel modeling is typically done in a statistical way [42].

Wireless channel modeling is classified upon the variation in the channel. The variation due to
path Loss and shadowing occurring over relatively large distances is referred as the large-scale
propagation. On the contrary, the variation due to rapid fluctuations and fading over a short

distance or time is referred as the small-scale propagation [8,43].

4.2. Large-scale Propagation

Large-scale propagation can be classified into two models; path loss and shadowing. These models
are used to predict the average received signal strength at large transmitter-receiver distance [42].

4.2.1. Path Loss

Path loss is used to model the attenuation of the signal which travels from the transmitter to the
receiver. The further the signal travels the more attenuation it experiences. Hence, path loss
increases exponentially with the increasing distance. The propagation model for path loss at the

distance x is given as [42, eq. (4.1)].

Bl (4.1)

Pt xM

Where 1 is path loss exponent which is different and dependent on the propagation environment
for instance it is 2 for free-space propagation and 4 to 6 under shadowed urban cellular radio. Pr
and Pt are respectively the received and transmitted power [42]. Lo is the path loss at a reference
distance do which is given as [42, eq. (4.2) & (4.3)].
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2
Lo _ (4mdy) (42)

A2GGy

Lo(dB) = 101logyo (Sre”) 4.3)

126Gy

Where A is the wavelength, Gt and G, are the antenna gains for the transmitter and receiver

respectively.

4.2.2. Shadowing

Shadowing is an effect of the variation in terrain and presence of obstacles. This affects the
received power at different locations with a fixed distance x and is modeled as log-normal
distribution. The effect of shadowing can be expressed as [44, eq. (4.4)].

L(dB) = Lo(dB) + 10, log;, (di) +X, (4.4)

Where the summation for first two terms (Lo and the 1og10 terms) are the path loss at distance do
and Xs, which is a zero-mean Gaussian distributed random variable in log-scale, represents log-

normal shadowing effect.

4.3. Small-scale Propagation

Small-scale propagation is to characterize rapid fluctuations over short distance or time. There are
various factors which influence small-scale fading such as multipath propagation, speed of the

mobile, speed of surrounding objects and the transmission bandwidth of the signal.

4.3.1. Multipath Fading

Multipath fading occurs when signal arrives at the receiver through different paths, as a result of
reflection, diffraction or scattering. This creates many replicas of the transmitted signal as each
path can arrive with different gains, phases and delays. Mathematically, the multipath channel with

S number of multipath components can be modeled as [42, eq. (4.6)].

h(t,7) = ¥iZo ai(t, D)exp[j6;(t, D16 (z — 7:(t)) (4.6)

Where h(t, 1) is tap-filter representing multipath channel, ai(t, t ), 0i(t, 7),7i(t) is gain, phase and
path excess delay respectively. There are two time-related variables in this equation as t is time

variation due to motion and 7 is time variation due to multipath delay.
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4.3.2. Doppler Shift

Doppler shift is the shift in the received signal frequency due to the relative motion of transmitter
and receiver. This shift can influence small-scale fading and it depends on the velocity and
direction of motion of the mobile. The Doppler shift fq can be expressed as [42, eq. (4.7)]

fa = 5cosy 4.7)

Where, v, 4, v is the speed of movement, the wavelength and the angle between the direction of

motion and the wave’s arrival path.

Small-Scale Fading

(Based on multipath time delay spread)

Flat Fading Frequency Selective Fading

1. BW of signal < BW of channel 1. BW of signal > BW of channel
2. Delay spread < Symbol period 2. Delay spread > Symbol period

Small-Scale Fading
(Based on Doppler spread)

Fast Fading Slow Fading

. High Doppler spread . Low Doppler spread

. Coherence time< Symbol period . Coherence time > Symbol period

. Channel variation faster than . Channel variation slower than
baseband signal variation baseband signal variation

Figure 4. 1: Types of small-scale fading [42]
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4.3.3. Types of Small-Scale fading

There are two types of small-scale fading. One is based on multipath time delay spread while the
other is based on Doppler spread. However, these two types of fading are not mutually exclusive.
Figure 4.1 summarizes small-scale fading based on multipath time delay spread and Doppler
spread [42].

4.3.3.1. Fading Effects due to Multipath Time Delay Spread
Signals can experience either flat fading or frequency selective fading depending on the Multipath
time delay spread.

» Flat Fading
Signal undergoes flat fading when coherence bandwidth, over which the mobile radio channel has
a constant gain and linear phase response, is greater than the bandwidth of the signal, and the delay
spread is smaller than the symbol period. Flat fading can be summarized as [42, eq. (4.8) & (4.9)].
Bs << Bc (4.8)
and
Ts>>oT (4.9)
Where Bs, Bc, Ts, oT is respectively the bandwidth of the signal, the coherence bandwidth, symbol
period and the rms delay spread of the channel.
» Frequency Selective Fading

Signals undergo frequency selective fading when coherence bandwidth is smaller than the
bandwidth of the signal and the delay spread is greater than the symbol period. In this case, the
received signal is distorted because of multiple waveforms and channel induces intersymbol
interference (IS1) to the signal. Frequency selective fading can be summarized as [42, eq. (4.10) &
(4.112)].

Bs > B¢ (4.10)
and

Ts<oT (4.11)
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4.3.3.2. Fading effects due to Doppler Spread
This type of fading is subject to the change of the channel due to motion. Channel can be classified
as fast fading or slow fading based on the symbol duration and the change of channel.

» Fast Fading

In fast fading, the channel impulse response changes rapidly within the symbol duration. In other
words, coherence time, which is time duration that the fading parameters remain fairly constant,
is smaller than the symbol period. Fast fading is also called time selective fading. Fast fading can
be summarized as [42, eq. (4.12) & (4.13)].

Ts>Tc (4.12)
and

Bs > Bp (4.13)
Where, Tc, Bp is the coherence time and the measure of spectral broadening caused by the time
variation of the channel. Bp is defined as the range of frequencies where the received Doppler
spectrum is non-zero.

» Slow Fading

In slow fading, the channel impulse response changes much slower than the transmitted baseband
signal. In other words, coherence time is greater than the symbol period. The channel can be
assumed to be static over one or several bandwidth intervals. Slow fading can be summarized as
[42, eq. (4.14) & (4.15)].

Ts<<Tc (4.14)

and

Bs >> Bp (4.15)

4.4. Common Channel Models

In this section, four common channel models are presented; AWGN channel, Rayleigh, Rician and

Nakagami-m fading channel.
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4.4.1. AWGN Channel

The additive white Gaussian noise (AWGN) channel model is an ideal channel model as it merely
adds the white Gaussian noise linearly into the signal. Being the non-fading channel model, the
phenomenon of fading is not taken into account for this channel type, where the channel gain is

always 1.

4.4.2. Rayleigh Fading Channel

Rayleigh fading channel model is normally used to describe the time-varying nature of the received
envelope of a flat fading channel. This model is based on assumptions that there are infinite arrival
paths at the same time at all angles, all paths have zero mean and similar variance, which means
there is no dominant path and all path gains are statistically independent. By taking central limit
theorem, I (In-phase) and Q (Quadrature) components of the Rayleigh fading channel are Gaussian
distributed.

In Rayleigh fading channel, the instantaneous SNR follows the probability density function (PDF)
given by [45, eq. (4.16)]

1 14

= —Z >

L) = {7 K3 v =0 (4.16)
0, otherwise

Where y and y is respectively the instantaneous and average SNR [45].

4.4.3. Rician Fading Channel

Rician fading channel is used to model propagation paths between the transmitter and the receiver
when there is a dominant line-of-sight path and many weaker multipath. Channel fading statistics
in this case is Rician distributed as follows [46, eq. (4.17)]

fy(y) = {% exp(— (yz;lZ))IO(i_)z/)' Az20,y=20 (4.17)

0, otherwise

Where, A denotes the peak amplitude of the dominant signal and lo(- ) is the modified Bessel

function of the first kind and zero-order.
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The Rician distribution is also described in terms of a parameter K, which is the ratio between the

deterministic signal power and the variance of the multipath [46, eq. (4.18) & (4.19)].

AZ
. (4.18)
K(dB) = 10logyo 2 dB (4.19)

The Rayleigh distribution is a special case for Rician distribution where K approaches 0 or —oo
dB.

4.4.4. Nakagami-m Fading Channel

This fading distribution is assumed in the analysis of many terrestrial wireless communication
systems since it is flexible and embraces scattered, reflected and direct components of the original

transmitted signal.

In Nakagami-m fading channel, the instantaneous SNR follows the PDF given by [47, eq. (4.20)]

mmy

_ m-1 _my
H) =T e (-2F), y=0 (4.20)

Where, m is the Nakagami-m parameter which describes the severity of fading; m < 1 suggests
severe fading, while m > 1 indicates less severe fading [47]. Rayleigh fading channel is a special
case for Nakagami-m fading channel where m equals to 1. Also, in the limit where m — +oo,

Nakagami-m fading channel converges to an AWGN channel [48].

4.5. Statistical Distributions and Random Variables

A random variable (RV) is a variable whose value depends on the randomness and it is statistically
modeled by the distribution or the PDF it follows. In this section, commonly used statistical
distributions in wireless communication are presented with its PDF and cumulative density
function (CDF).

4.5.1. Gaussian Distribution

If a RV follows a Gaussian or Normal distribution, its PDF is defined by [49, eq. (4.21)]

1 -
fiy) = == O=m?/20*  _ oo <y < oo (4.21)

32



Where, n and o2 are the mean and variance [49]. The notation y ~ N (p, 62) means that a random

variable y is Gaussian-distributed, with mean p and variance 2. Its CDF is defined as [49, eq.

(4.22)]
F(y)=P(Y <y)

- yoof(y)dy

sfiven(z)

4.5.2. Chi-squared Distribution

(4.22)

A Chi-Squared or a central Chi-Squared distribution is defined as a summation of squares of

independent standard normal RVs, Y with zero mean and unit variance. A RV Z is [49, eq. (4.23)]

Z = Z{‘;l iz

(4.23)

and it is distributed according to the Chi-Squared distribution with k degrees of freedom. It is also

denoted as z ~ X% .The PDF for the Chi-Squared distribution is [49, eq. (4.24)]

LI
yz e 2, 0<y<o

f) = zgr(k/z)
0, otherwise

Its CDF is defined as [49, eq. (4.25)]

F(y)=P(Y <y)

and its CCDF is defined as [49, eq. (4.26)]

CCDF(y) =P(Y >y)
=1-F(y)
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4.5.3. Non-central Chi-squared Distribution
A Non-Central Chi-Squared Distribution is defined as a summation of squares of independent
Normal RVs, Y with mean p and variance 6. A RV Z is [49, eq. (4.27)]

z=3, (%) (4.27)

and it is distributed according to the Non-central Chi-Squared distribution with k degrees of

freedom and the non-centrality parameter i nc, which is defined as [49, eq. (4.28)]

Ve = 2 (&)’ (4.28)

O

The PDF for Non-Central Chi-Squared distribution is [49, eq. (4.29)]

k/4-1/2
1 _ y
=1z (G) T e () L 0=y <o (4.29)
0 , otherwise

and its CDF is defined as [49, eq. (4.30)]
F(y)= 1_QE(\/¢nc;\/;) ,OS}’<°° (430)

Where, Qm(a, b) is Marcum-Q function.

4.5.4. Summation of Two Random Variables
Let X and Y be independent RVs with the PDF of fx(x) and fy (y). The summation of these two
independent RVs are Z= X + Y . The PDF of Z is given by [50, eq. (4.31)]

f2(2) = fx(x) * fy (y)
= [ fx() - fr(z —x)dx (4.31)

In other words, fz(z) is the convolution of fx(x) and fy (y) [50]. For instance, let Z be the summation
of two independent Gaussian distributed X and Y with p, 6%, py and 2. The PDF of X can be
written according to (4.21) as [50, eq. (4.32)]

1
V2 |o?

e~ (x—ux)?/20% (4.32)

fx(x) =
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and similarly the PDF of Y is [50, eq. (4.33)]

1
V2m /032,

fr) = e Om)/20y (4.33)

The PDF of Z, which is Z = X + Y, becomes [50, eq. (4.34)]
f2(2) = fx(x) * fy ()
— [ £ frlz = 0)dx

o0 1 2 /02 1 2/, 2
= e~ C—u)?/20f . 1 —(z—x-py)" /205 4, (4.34)
%z fo vz [

After some derivations, we have [50, eq. (4.35)]

—(z—w—x”y”zl

_ 1
fZ(Z)_\/meXpl 2(0,%+O'32,)

This derivation shows that if X and Y are independent Gaussian distributed RVs such that [50, eq.
(4.36) & (4.37)]

(4.35)

X~N (py, 0%) (4.36)
Y~ (uy, 07) (4.37)

then Z which is a summation of X and Y , Z = X + Y is distributed as [50, eq. (4.38)]
Z~N (iy + phy, 07 + 0 (4.38)

4.5.4.1. Central Limit Theorem
The Central Limit Theorem is defined that a sum of n independent, identically distributed (11D)
RVs can be approximated as a hormal distribution when there is a large number of RVs and the

contribution for each of them is small compared to the total.

For instance, let X1,Xo, .... Xn be IID. RVs with mean p and variance g?andletSn =Y + Yo +

... +Yn, then

. Sp—nu _
lim P (= <y)=F@©) (4.39)

Where F (- ) is the CDF for Gaussian distribution as in (4.21) [27, eq. (4.39)].
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Chapter 5: Performance Analysis and Detection Threshold

5.1. Introduction

The accuracy of the spectral availability information is defined using sensing quality parameters.
This feature make up the performance metrics. Sensing the performance of the energy detector is

specified by the following general metrics:

o The probability of detection, (Pp)
o The probability of false alarm , (Pra)
o The probability of missed detection, (Pwm)

In opportunistic spectrum sensing the probability of detection specifies that a detector makes a
correct decision that a channel is occupied (H1). The (Pp) is an indicator of the level of interference
protection provided to the primary user. Hence, a large Pp denotes exact sensing; which translate

to small chance of interference.

A false alarm event occurs when the detector assumes Hi; when the right decision is Ho. The
probability of this occurrence is specified as a probability of false alarm. When a false alarm event
occurs the SU would not exploit the free spectrum thus missing a chance to utilize the free channel.
Pea should be kept as small as possible in order to prevent underutilization of transmission
opportunities. The performance of the spectrum sensing technique is usually influenced by the
probability of false alarm, since this is the most influential metric [51]. The probability of declaring
the spectrum space vacant Ho, when it is indeed occupied H; is referred to as the probability of
missed detection (Pwm). A high PM implies an increase in the chance of interference between the
PU and the SU. If the detection fails or miss detection occurs, the SU initiates a transmission which
resulting in interference with the PU signal; contravening the opportunistic access concept. In
essence, the spectrum sensing method should record a high probability of detection (low miss

detection probability) and low probability of false alarm.

5.2. Performance Measurement

The receiver performance is quantified by depicting curves of probability of detection against SNR
values (Pp versus SNR) and the receiver operating characteristics (ROC) curves. These curves

serve as a tool to select and study the performance of a sensing scheme. Pp versus SNR graphs are
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employed to show trade-offs between detection probability and SNR thus allowing the
determination of an optimal scheme. Complementary ROC curves depict plots of probability of
miss-detection (Pm= 1-Pp) versus the probability of false-alarm (Pra).These curves enable
exploration of the relationship between sensitivity (probability of detection) and specificity (false
alarm rate) [10]. To plot ROC curves, one parameter is varied while the other is fixed. This enables

the study of various scenarios of interest.

5.3. Detection Performance over Fading Channels

Since signals take more than a path between a transmitter and receiver, they are generally modeled
by fading distributions that account for uncertainties encountered in the channel. Among these are
Rayleigh and Nakagami fading models. These channel models serve as tools for studying both
multipath and path loss features of a typical environment where spectrum sensing is to be
employed.

For Rayleigh fading, the signal is not received on a line-of-sight path; directly from the transmitting
antenna [52]. This fading model considers urban multipath features, including effects of the
ionosphere and troposphere. More so, it describes the statistical time varying nature of the received
envelope of a flat fading signal or the envelope of an individual multipath component [42]. When
this model is employed then attenuation of the signal is Rayleigh distributed making the SNR at

every node exponentially distributed [53].

The Nakagami fading distribution is a convenient model for analyzing the performance of digital
communication systems over generalized fading channels. This fading distribution is assumed in
the analysis of many terrestrial wireless communication systems since it is flexible, embraces
scattered, reflected and direct components of the original transmitted signal. For urban multipath
environments the Nakagami-m fading model has been shown to be very suitable [53].

5.4. Probability of Detection and Threshold for Energy Detection

The noise n(k) is considered a bandpass process consisting of two (2) components; the in-phase
noise component ni(k) and quadrature phase component nq(k) whose sample function is written
as [54, eq. (5.1)];

n(k) = n;(k) cosn.t —ng(k) sinn k (5.1)
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Where nc is the angular frequency. If n(k) is restricted to bandwidth Bw, with power spectral
density No, then ni(k) and nq(k) are considered to be two low pass processes with bandwidth less
than Bw/2. The power spectral density of each is equal to 2No. When a sample function has
bandwidth B and duration T then it is described approximately by a set of values 2BwT or its
degree of freedom is equal to 2BwT. Therefore, ni(k) and nq(k) each possess degrees of freedom

d=2BwT. Applying the approximation in [55, 56, eq. (5.2)], that;
Jy n2(k) dk = 3 [T [n? (k) + n2(k)]dk (5.2)

Also, the integration f_°°m nZ(k)dt over the interval 0 to T can be written as; [55, 56, eq. (5.3) &
(5.4)]

[) n?(k)dk = —z’jwf c (5.3)
Likewise,

Jy ndUde = -3 cZ; (5.4)

[y n2(ydt = [£7 d? + X2 d2)] - N, (5.5)

In the same vein, considering the transmitted signal S(k), as a band-pass process

We have that[55, 56, eq. (5.6) & (5.7)].:
[) s2(kydt = [£77 b2 + X217 b2,] - N (5.6)
Or,

Yol (bf +b2) == (5.7)

Where E; = fOTsZ(k)dt is the energy of the signal the output of this filter is then squared and

integrated over a time interval T to yield a measure of the energy of the received waveform. The

output of the integrator denoted Y is the test statistic (testing the hypotheses Ho and H1) [55, 56,
eq. (5.8)];
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Y = Nio [} %2 (k)dk (5.8)

Under Hypothesis Ho (with the primary signal absent) the received signal is only noise, i.e.
X(k)=n(k). Applying (5.5), the test statistic Y is written as;

= Y (dF + dZ)) (5.9)

The test statistic under Ho is said to be chi-square distributed with 2B, T degrees of freedom, i.e.
Y~x2, [55]. The chi-squared distribution is used to test for significant difference between the

expected and observed result under the null hypothesis.

Under hypothesis Hz the received signal is a sum of the signal and noise, i.e. x(k)=s(k)+n(k).

Therefore, using equations (5.2)-(5.6) we get;
i xGydk = [B27 (dij + byj)* + 277 (dgj + bej)”] - No (5.10)

Applying the same approach as above i.e. using equation (5.8) and (5.10), the test statistic is written

as;

v =[S0 (dyj + by)” + 20 (dgs + bgy)] (5.12)

The test or decision statistic (output of the detector) under the case of Hi is said to have a non-
central chi-square distribution with 2B T degrees of freedom. Non-central chi-squared distribution
offers a statistical test the chance to estimate departures from the null hypothesis. This presents an

admissible hypothesis alternative to Ho.

The non-centrality parameter i, i in terms of the non-

centrality parameter, gives [55, eq. (5.12)];
ES ES ¢

Which is ¢ = 2y.

Therefore, the decision statistic for the hypothesis Hy (i.e. when the primary signal is present)
is Y~xZ2,(1); alsoY ~x3,4(2y).
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Following the notations so far the decision statistic for the energy of signal is [55, eq. (5.13)];

2

X2d» Hy

~ (5.13)
{xgd(z)/)i Hl

The probability density function (PDF) for a chi-squared distribution; for this case Y is (from [55,

eq. 5.14]);

"
d-1,—5
2ar? ¢ Ho

=" e, (5.14)
5(%) ’ e_TId—l(\/ﬁ): H;

Where r(.) is the gamma function and I,(.) is the vi"-order modified Bessel function of the first
kind.

The probability of detection is the probability that Hi is selected when a signal is present.
Probability of detection, Pp and false alarm Pra for a given threshold (n), are represented
respectively by [55, eq. (5.15) & (5.16)];

Pp = P(Y >nlH;) (5.15)
Ppy = P(Y > nl|Ho) (5.16)

Where, 7 is the decision threshold expressing the Pp and Pra in terms of the probability density
function yields [55, eq. (5.17)];

Pra = J, fr(dy (5.17)
Applying (5.14);
Py = —— [“()i-1¢73d (5.18)
FA ™ 2dar@@)’n *2 €2y '
Also, substituting 2 = k,dz—y = dk and changing the limits of (5.18);

Py = % fg""(k)d-l e~ ®dk (5.19)
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reab
Pra =<3y (5.20)

Where, r(d,x) is the incomplete gamma function, defined by I'(d, x) = fxoo(k)‘jl‘1 e~ Mdk [57].
Since the signal power is unknown, the false alarm probability Pea is set to a constant; applying
(5.20), the detection threshold Y can be determined. The value of n in real communication systems
is influenced by the system requirements. Research efforts like [4] choose a threshold 7 in a way
the Prais bounded by a target value. From (5.20), Pra depends on two parameters: time-bandwidth

product d and the threshold n. Thus the value of n is not related to SNR (y).

Typically, Prais given a value between 10 - 102, The IEEE 802.22 standard recommends Pga <
0.1 for spectrum sensing [58]. Time-bandwidth product (d=BwT) is between the range 1-25 [56].
Praeasily computed using (5.20) for a given d.

From (5.14), the probability of detection is obtained by the cumulative distribution function (CDF);
Pp=1-F(y) (5.21)

The CDF of Y is obtained (for an even number of degrees of freedom -2d in this case) as;

Fr) =1-Qu(J¥\/y) (5.22)

This, from (5.22), the probability of detection, Pp for an AWGN channel is;

Pp = Qa(\b,/m) (5.23)

Equivalent to;

Py = Qa(\/2v,\m) (5.24)

Where, Qq (.,.) is the generalized Marcum-Q function. Using egns. (5.20) and (5.24); which are
expressions for the Pra and Pp respectively.

By averaging the conditional PD in the AWGN case as given in (5.24) over the SNR fading
distribution we can have closed form expression for the PD in Rayleigh fading channels is
expressed [55]. If the signal amplitude follows a Rayleigh distribution, the SNR follows an
exponential PDF [55, eq. (5.25)];
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-1 _Y
fe@) = Texp (%) y =0 (5.25)
To obtain the Probability of Detection for Rayleigh channels, (5.24) is averaged over (5.25) i.e.

Pray = Jp Pofr(¥)dy (5.26)

The probability of detection over Nakagami channel is determined by averaging the detection
probability for a given SNR over the Nakagami distribution. If the signal amplitude follows a
Nakagami distribution then PDF of SNR follows a gamma PDF given by [55, eq. (27)];

S 2 W W
) == (2) vy ren (-2y), =0 (5.27)
The average Pp in the case of Nakagami channels is obtained by averaging (5.27) over (5.24).

Poyae = Iy Po)fu(@)dy (5.28)

5.5. Probability of Detection and Threshold for Eigenvalue Based Detection

RMT has proved to give solution for two major problems in wireless communication. One is to
provide mathematical tools to estimate and characterize wireless communications channels to
efficiently use radio spectrum and power of transmitters and secondly it will give methods to
improve channel capacity for fading, wideband, multiuser and multi-antenna channel features of

wireless communications [13].

Recent year studies of RMT stretched to meet the demands of many areas of science. The
development of RMT in relation to wireless communication found its place in detecting weak
signals. The benefit obtained from RMT in signal detection is to improve existing channel and
noise uncertainties. RMT takes a closer look at the Eigenvalues distribution large square matrices.
It enables to characterize the existence of a signal by analyzing the distributions. The end results
of RMTs are also used to set threshold values to draw decision for signal detection. Some important
Random Matrices used in wireless communication include Gaussian, Wigner, Wishart and Haar
Matrices [59, 13].

Assuming that, the frequency band of interest has got a central frequency fc and bandwidth .

During a particular time interval the frequency band may be occupied by only one primary user
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and several secondary users are randomly distributed in the cognitive radio network. Each
secondary user is equipped with a single antenna. A non-cooperative spectrum sensing scheme is
considered where the sensing work is completed by only one secondary user (only one transmitting

source, only one receiver).

For signal detection two hypotheses: (1) hypothesis Ho: there exists no signal (only noise); (2)
hypothesis Hi: there exists both the signal and additive white noise. The binary hypothesis test can
be replaced by [59,13, eq. (5.29) & (5.30)]:

Hy:x(k) =n(k), k=0,,.. (5.29)
Hi:x(k) = YN oh(D)s(k — 1) + n(k) (5.30)

Where x(k) denotes the discrete signal at the secondary receiver, s(k) is the primary signal seen
at the receiver, h(k) is the channel response, N is the order of the channel and n(k) are the noise

samples.

Considering a sub-sample L of consecutive outputs and defining [59,13, eq. (5.31)-(5.35)]:

2(k) = [x(k), x(k — 1), ., x(k — L + 1)]” (5.31)

ACk) = [n(k),n(k — 1), ., n(k — L+ D]7 (5.32)

(k) = [s(k), s(k — 1), ., s(k —N; — L+ D]” (5.33)
Yielding

(k) = Hs(k)a(k) (5.34)

Where H is L x (N+L) matrix, defined as

h(0) - h(N) - 0

o = (5.35)

0 h(0) h(N)

Considering the statistical properties of the transmitted signal and channel noise, let us assume that

the noise is white and that the noise and the transmitted signal are correlated.

Let R be the covariance matrix of the received signal, that is [59,13, eq. (5.36)],
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R=3-Siou 2 (021 () (5.36)

Where, N5 is the number of collected samples. If Ns is large based on the assumptions made earlier,
we can verify that [59,13, eq. (5.37)]

R ~ E[&(k)&H (k)] = HR,HY + 621, (5.37)

Where, Rs is the statistical covariance matrix of the input signal; Ry = E[5(k)3H(Kk)], 6% is the
variance of the noise and 1. denotes an L x L identity matrix. Let A, and A,;, be the maximum
and the minimum eigenvalues of R, and p,.x and Py, be the maximum and minimum
eigenvalues of HRsHM. Then [59,13, eq. (5.38)]

~

Amax = ﬁmax + G\ZN and j\\min = ﬁmin + G\ZN (5-38)

Obviously, p_. = p_.. if and only if HRsH" = 8L where, § is a positive number. Again

n
obviously, when the primary signal is absent, Apmax = Amin = 0. Hence, if there is no signal
Mmax/Amin = 1; Otherwise Amax/Amin > 1.The ration of Ayax/Amin Can be used to detect the
presence of the primary signal. However, X,,., and A, are the estimated eigenvalues. The real

maximum eigenvalue A4, and minimum eigenvalue X,,;,,0f Rs will be obtained based on RMT.

5.5.1. Threshold Calculations

The threshold calculation for eigenvalue based detection algorithms are based on RMT. The
detection algorithms are based on probability of false alarm as we have no information on the
existence of signal or not. Hence, RMT theories will give up a relation between the false alarm
probability and threshold. Obviously we can say that if we decrease the missed detection

probability we have better chance to detect the signal i.e. probability of detection increases.

In the general model of the spectrum sensing algorithm a threshold must be determined to compare
with a test statistic of the sensing metric in order to sense the presence of a primary user.
Consequently, to find the threshold for the statistical test it is important to study the statistical

distribution of the covariance matrix.
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The eigenvalue distribution of R is very complicated [60]. Moreover, there is little or no
information about the signal. In fact, we don’t even know whether the signal is present or not. This

in turn makes the choice of the thresholds very difficult.

Therefore, in this subsection, we shall use random matrix theory to approximate the distribution
of this random variable and derive the decision threshold based on the pre-defined probability of

false alarm, Pra.

When the primary signal is absent, R turns to, the covariance matrix of the noise defined as

R =Ty (DA™ (K) (5.39)

n=L
Rn is nearly a Wishart random matrix [60, eg. (5.39)].

The joint probability density function (PDF) of ordered eigenvalues of a Wishart random matrix
has been known for many years [60]. However, since the expression for the PDF is very
complicated and no closed form expression has been found for the marginal PDF of ordered

eigenvalues.

Recently though, researchers have found the distribution of the largest eigenvalue [61] and

smallest eigenvalue [62] for real and complex matrices as described in the following theorems:

Theorem 1: Assume real noise and defining the quantities [61, 62 eq. (5.40)-(5.43)].

Q== (5.40)
u=(J/Ny—1++VML)? = (WK + VP)? (5.41)
And
v = (/N; — 1+ VML) (ﬁ + ﬁ)g = (VK +VP) (= +5)’ (5.42)
Where
K=N;—1and P = ML (5.43)
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Where, Ns is the number of collected samples L is the length of the covariance matrix and M is the

number of receivers that is one.

max(Q)—
v

Now assume thatKlimg =a (0 < a < 1).Thenthe quantity’1 converges with probability

one to the Tracy-Widom distribution of the first order [63].

Theorem 2: Assume that the noise is complex [63, eq. (5.44)-(5.51)]

Q=2R, (5.44)
u' = /Ny —1+VML)? = (WK + VP)? (5.45)

v' = (/N — 1+ VML) (ﬁ + ﬁ)g = (VK +VP) (%E + \/%)g (5.46)

max(Q)—p
vr

AssumingKlimg = a (0 < a < 1), then the quantity 2 converges with probability one to

the Tracy-widom distribution of the second order.

Assume that

lim g =a(0<a<1) (5.48)
Then
IP_IEO Amin = 0 (1 — \/5)2 (5.49)

Based on the theorems, we have the following results
2
Amax =~ (VK ++/P)? (5.50)

Amin ~ % (VK —VP)? (5.51)

The Tracy-Widom distributions were found by Tracy and Widom as the limiting law of the largest

eigenvalue of certain random matrices [63].
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Let F1 and F» be the cumulative distribution function (CDF) of Tracy-Widom of the first and the
second order respectively. There is no closed form expression for the distribution functions. It is
therefore generally difficult to evaluate them. Fortunately, there are tables for the functions base

on numerical computation [61].

Using the theories, from the derivation the decision threshold for the optimal detection method.
Let y represent the decision threshold, then the probability of false alarm of the optimal detection
is [61, eq. (5.2)]

PFA = P(/lmax > V/lmin)
ol
= P(Ylmax(Q) > V/lmin)

~ P(Amax(Q) > ]/(\/? - \/ﬁ)z)

2
— P (AmaxiQ)_l‘ > y(ﬁ_f) —[,L) (552)
Now from the Energy with minimum eigenvalue (EME) method. When there is no signal, it can

be verified that the average energy defined in (3.5).

Y(Ns) is the average of MN; statistically independent and identically distributed random variables.

Since Ns is large, the central limit theorem tells us that Y(Ns) can be approximated by the Gaussian

distribution with mean o2 and variance % Hence the probability of false alarmis [61, eg. (5.53)-

(5.56)]
Pfa = P(Y(Ng) > ¥Amin)

~ POY(NS) >y 32 (N, = VHL) )

YN0t YW (/Ns—VHML)" —MNg

=P
’ﬁa‘% 2Ny
VM (\/[Ng—V/ML Z—WNS
zQ(V (/N Jz_\/zv_) ) (5.53)
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Where
Q(t) = % [T e 2du (5.54)

Hence, we should choose the threshold such that

yVM(/Ns—VML)"—VMN; — Q_l(Pfa)

J2Ns (5.55)
That is,
_ Q_l(Pfa)\/Z_Ns‘l‘\/MNS _ 1 Ng
N T ( v, ¢ (Pra) + 1) (Vi) (5.56)

Similar to MME, here the threshold is not related to noise power. The threshold can be pre-

computed based on Ns, L and Pxa.

5.5.2. Probability of Detection

When there is a signal the sample covariance matrix Rx(Ns) is no longer a Wishart matrix and the
distributions of its eigenvalues are unknown. To obtain a precisely closed form formula for the Pp
we need to approximate [12].

Since Ns is usually very large, we have the approximation [12, eq. (5.57)-(5.59)]
R,(Ns) ~ HR,HT + R, (Ny) (5.57)

Note that R,,(N,) approximates to o;21,,,. Hence, we have

Amax (R (Ng)) = py + j—% (y/Ns + VML) (5.58)
Amin(Rx(Ng)) = pyy, + j—i”— (\/Ns + VML) (5.59)

Base on Appendix A and (5.59), an approximation for the P4 of EME as [12, eq. (5.60)]

Pa = P (Y(Ng) > Y Amin (R (N)))

~ P <TT(RI;ENS)) > V<PML i) ( JN; - \/—)> Tr(HRS]}ﬂT))
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Tr(lHlRSH"') 5

Y(PML"'GW‘ZNS(M—M))— ML Ow

= Q —
MNsOW

From the formula, the Py is related to the number of samples Ns and the average and minimum

(5.60)

eigenvalues of the signal covariance matrix including channel effects.

5.6. Cooperative Spectrum Sensing over Various Fading Channels

In real communication environments the hidden terminal problem, deep fading and shadowing,
would deteriorate the signal detection performance of cognitive users. To address this issue
multiple cognitive radios can be coordinated to perform spectrum sensing. Several recent works
have shown that cooperative spectrum sensing can greatly increase the probability of detection in
fading channels [64, 65]. Let N denote the number of users sensing the PU. Each CR user makes
its own decision regarding whether the primary user present or not and forwards the binary
decision (1 or 0) to fusion center (FC) for data fusion. The PU is located far away from all CRs.
All the CR users receive the primary signal with same local mean signal power i.e. all CRs form a
cluster with distance between any two CRs negligible compared to the distance from the PU to a
CR. For simplicity we have assumed that the noise, fading statistics and average SNR are the same
for each CR user. We consider that the channels between CRs and FC are ideal channels
(noiseless). Assuming independent decisions, the fusion problem where k out of N CR users are
needed for decision can be described by binomial distribution based on Bernoulli trials where each
trial represents the decision process of each CR user. With a hard decision counting rule, the fusion
center implements an n—out-of-M rule that decides on the signal present hypothesis whenever at
least k out of the N CR user decisions indicate . Assuming uncorrelated decisions, the probability
of detection at the fusion center [66, eq. (5.61)] is given by

N _
Pa =2t () Phi(1 = Pa)! (5.61)

Where, Py, is the probability of detection for each individual CR user as defined by (5.26),(5.28)
and (5.61).
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5.6.1. Logical AND-rule

In this rule, if all of the local decisions sent to the decision maker are one, the final decision made
by the decision maker is one. The fusion center’s decision is calculated by logic AND of the
received hard decision statistics. Cooperative detection performance with this fusion rule can be
evaluated by setting k=N in (5.61).

Py anp = PJ; (5.62)

5.6.2. Logical OR - rule
In this rule, if any one of the local decisions sent to the decision maker is a logical one, the final
decision made by the decision maker is one. Cooperative detection performance with this fusion

rule can be evaluated by setting k=1 in (5.61).

Pior=1—(1—=Py)" (5.63)

5.6.3. Logical MAJORITY- rule

In this rule, if half or more of the local decisions sent to the decision maker are the final decision
made by the decision maker is one. Cooperative detection performance with this fusion rule can
be evaluated by setting k > N/2 in (5.61).

N _
Pamajority = Zieinyal () Phs(1 = Pa™™ (5.64)
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Chapter 6: Simulation Results

6.1. Introduction

In this chapter, we simulate based on the previous chapter concept and interpret the simulation

results using the MATLAB2017a for both energy detection and eigenvalue based detection

spectrum sensing techniques. On the performance comparison over the Rayleigh and Nakagami-

m fading scenarios for a single and multiple (cooperative) nodes compared. On the other hand,

simulations in this work are executed using Monte Carlo (MC) method which is a stochastic

techniques based on the use of random numbers. The parameters used for simulation are given

Table 6.1.

Parameters Type /value Remark

Channel Rayleigh and Nakagami-m | In case of Nakagami-m
fading (m=0.5)

Detectors Energy  detection and | ED and EME algorithms

Eigenvalue based detection

Performance Metrics

Pp. Pea and Pw

Pra < 0.1(based on IEEE

802.22)

Sample Size 1000000

Number of Transmitters and | 1,1 In case of CSS ([2,5,10]),1
Receiver

Number of Monte Carlo 10000

Temporal smoothing factor(L) | 8

Noise White Gaussian Assumption

SNR range [-10,10]dB gNR=LEAxMI-lIntIDT "2)

E(lIn(®)11"2)

Cooperative network

Center fusion- AND Rule

Number of nodes for CSS

[2,5,10]

Table 6. 1: Simulation parameters
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6.2. Detection Performance Comparison over Varying SNR

Fig6.1. shows the Probability of Detection Curves for ED and EME spectrum sensing with single
CR users in the presence of Rayleigh and Nakagami m=0.5 fading channel. The results are taken
for SNR vary form -10dB to 10 dB to imitate low SNR condition. The probability of false alarm
is fixed to 0.1 which is the maximum allowed according to the IEEE standard. As shown in the
figure6. 1 and illustrated in table 6.1 at a very low SNR over Rayleigh environment. ED cannot
detect and in case of Nakagami channel ED has poor detection. However, EME achieve more than
80% detection in both fading channel cases. But the performance of ED increases rapidly while
the SNR value increase. It can be seen that a transition from -4dB to 2dB leads to performance
improvement of 65% (Rayleigh) and 26% (Nakagami). Perhaps the same improvement for EME
scheme allows more than 95% detection. Due to severity difference of fading for Nakagami-m=0.5
and Rayleigh channel, the channel capacity loss of Nakagami-m=0.5 with respect to SNR also
different from Rayleigh channel. For that reason the high-SNR power offset riches up to 3dB.
However at low SNR region the Nakagami-m has independent fading for the case of ED. The two
curve cross around at 1.75 dB which indicates that Nakagami-m concur Rayleigh fading channel

characteristics at that point [67].

e
3

Probability of Detection Pd
=]
(3]
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B
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Figure 6. 1: Detection performance comparison over varying SNR over Rayleigh and Nakagami-
m fading channel

52



The simulation result shows us how sever the effect of fading channel on ED and how EME
perform better in comparison to ED. We also notice Nakagami fading has much effect on both ED
and EME than Rayleigh flat fading.

SNR dB Pd for ED Pd for EME Pd for ED Pd for EME
(Rayleigh) (Rayleigh) (Nakagami) (Nakagami)
(-10, -4] 0% (no detection) | (80 — 95)% (10 — 27)% (43 - 85)%
(-4, 2] (0—65)% (95 — 99)% (28 — 54)% (85 — 96)%
2, 6] (65 — 98)% (99 - 100)% | (55— 70)% (97 — 100)%
(6,10] (98 — 100)% 100% (70 -82)% 100%

Table 6. 2: Detection performance comparison over varying SNR

6.3. Performance Variation between 0.1 and 0.05 Probability of False Alarm

over Rayleigh and Nakagami-m Fading Channel

Obtained curves from figure 6.2 &6.3 presents the performance of the detection probability Pd of
ED and EME in terms of the signal noise relation in the receiver. Probability of detection for
different false alarm probability of (Pf = 0.1 and Pf = 0.05) were calculated by using 10000 Monte
Carlo sample over Rayleigh and Nakagami fading channels. The curves show us the tradeoff
between probability of false alarm and probability of detection which is the increased probability
of false alarm raise probability of detection in both fading channels. The simulation result of EME
over Rayleigh shows more than 10% variation of detection performance between 0.1 and 0.05

probability of false alarm.
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Figure 6. 2: Detection performances between 0.1 and 0.05 probability of false alarm over
Rayleigh fading channel.
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Figure 6. 3: Detection performances between 0.1 and 0.05 probability of false alarm over
Nakagami-m fading channel.

6.4. Complementary ROC Curves for Energy Detection and Eigenvalue Based
Detection over Rayleigh and Nakagami Fading Channel.

Fig 6.4 and6.5 describes the detectors through complimentary ROC curves for different values of
probability of false alarm and Number of Cognitive Radio. From the figure we can see curve of 2,

5 and 10 cognitive radios cooperative spectrum sensing in Rayleigh and Nakagami-m fading

channel with AND rule fusion. The curves show that the increment of the Number of Cognitive
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Radio improves the performance of ED and EME method in both Rayleigh and Nakagami-m

channels.
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Figure 6. 4: Complementary ROC curves for energy detection over Rayleigh& Nakagami-m
fading channel.
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Figure 6. 5: Complementary ROC curves for eigenvalue based detection over Rayleigh&
Nakagami-m fading channel.
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6.5. Performance Comparisons of ED and EME Schemes Cooperative

Spectrum Sensing

Fig 6.6 depict the performance comparisons of ED and EME schemes cooperative spectrum
sensing for different number of CRs (5,10) and fading channel (Rayleigh and Nakagami).
Performance of EME is much better for higher value of false alarm in relative to ED (for all number
of CRs). From the figure we note almost equivalent performance between only 5 numbers of CRs
of ED and 10 CRs of EME at PFA=0.01. The performance achieved by the method summarized
in table 6.2, it’s seen that performance of ED is better to overcome the effect of the fading channels
by using less number of network nodes than EME for low PFA values.

. SR
T e Salii el S S

—#—crs=10-R-ED
102 E - » ~crs=5-R-ED
—+—crs=10-N-ED
e crs=5-N-ED
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- ® -crs=5-R-EME
crs=10-N-EME
- crg=5-N-EME

Probability of missed detection

107
102 1071

Probability of false alarm

Figure 6. 6: Performance comparisons of ED and EME schemes cooperative spectrum sensing
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PFA PM of EME for = PM of EME for PM of ED for PM of ED for
10CRs 10CRs 10CRs 10CRs
(Nakagami) (Rayleigh) (Nakagami) (REVIEIT]0)]

0.01 0.84 0.4 0.78 0.19

0.02 0.7 0.27 0.72 0.18

0.03 0.45 0.18 0.68 0.17

0.04 0.27 0.11 0.64 0.16

0.05 0.19 0.065 0.6 0.15

0.06 0.11 0.04 0.55 0.14

0.07 0.065 0.025 0.5 0.13

0.08 0.04 0.014 0.48 0.12

0.09 0.02 0.007 0.42 0.11

0.1 0.008 0.0028 0.4 0.1

Table 6. 3: Performance comparisons of ED and EME schemes cooperative spectrum sensing
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Chapter 7: Conclusion and Future Work

In this thesis, the performance comparison between the two energy detection and eigenvalue based
blind spectrum detection schemes over fading channel are investigated. Blind spectrum sensing
techniques are preferable in a sense that they can detect any type of signal and do not require any
knowledge about the signal to be detected. The challenge is that cognitive radio must be able to
detect very weak primary signal by resisting the fundamental limitations arise from the fading

channel mainly during detections at low SNR.

The simulation results of single cognitive radio case shows that for lower SNR values range
between -10dB to -2dB energy detection face sever challenge from the fading environment and
cannot detect properly but eigenvalue based detection achieved satisfactory detection performance
above 80% detection. For increased value of SNR of -4dB < SNR < 4dB the detection probability
of energy detection increased rapidly and achieves more than 65% detection in case of Rayleigh
and 26% detection in case of Nakagami-m=0.5 environment perhaps the same improvement of
SNR allows eigenvalue based detection to reach reliable detection zone having more than 95%
detection in both fading environments. Eigenvalue based detection reaches its full detection
performance at 2dB (Rayleigh) and 5dB (Nakagami). But we need more than 10dB to achieve full
detection performance of ED under Nakagami and it reaches its peaks at 6dB (Rayleigh).

The cooperative spectrum sensing scenario for energy detection and eigenvalue based detection
shown through ROC curves by varying values of probability of false alarm. From the results of
different number of node, both detection technique’s performance increased with increased
number of nodes and it is possible to overcome the effect of the fading channels. For instance
Energy detection at fixed PFA = 0.01 achieves PM=[0.22, 0.41, 0.65] in presence of Rayleigh and
PM=1[0.82,0.92, 0.99] in presence of Nakagami-m=0.5 respectively for (10,5and 2) nodes. Again,
Eigenvalue based detection at fixed PFA = 0.01 achieves PM=[0.42, 0.74, 0.81] in presence of
Rayleigh and PM=[0.91, 0.97, 0.99] in presence of Nakagami-m=0.5 respectively for (10,5and 2)

nodes.

In conclusion, Eigenvalue based detection achieves better resistance to sever fading environment

in comparison to Energy Detection for single Cognitive Radio. However, it is important to note
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that it costs more complicated signal processing and longer detection time to use Eigenvalue based
detection.

Finally, for cooperative spectrum sensing we can conclude that Energy detection is much better
then Eigenvalue based detection for lower value of Probability of false alarm. The simulation show
that we can use 5 CRS of ED instead of 10 CRS of Eigenvalue Based Detection for fixed value of
PFA=0.01 to achieve reliable detection performance. When we bring the cost of EME in to the

picture, the difference becomes very significant.

Further Work

In order to find an optimal sensing technique future studies focuses on combining these two
schemes in a cascade model and evaluation of the performance over practical medium by

implementing a real-time platform using open source toolkit GNU radio.
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Appendix

It is known that the summation of the eigenvalues of a matrix is the trace of the matrix. Let A(Ns)

be the average of the eigenvalue of Rx(Ns). Then

1
A(Ns) = m Tr(Rx(Ns))

L—2+Ng
__ 1 z 2R
n=L-1
1 M Ns—1
AN ~ 3 > Y [xm) = T(Ns
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