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Abstract

Wavelets and cognitive radio are two of the most important approaches that
are shaping the future of wireless communication systems. At a first glance,
wavelets and cognitive radio do not seem to be overlapping significantly;
however, there is a strong synergy between the capabilities of wavelets and
the goals of cognitive radio. One of the objectives of this thesis is to shed
light on the significance of merger of these two important concepts. Cog-
nitive radio is a software radio aware of its operational environment (radio
spectrum) and capabilities. It has been widely recognized that utilization
of radio spectrum by licensed wireless systems, e.g. 'T'V broadcasting, aero-
nautical and military purposes is quite low. In particular, at any.given time
and spatial region, there are frequency bands where there is no signal occu-
pancy. There has been recent interest in improving spectrum utilization by
permitting secondary usage using cognitive radios. Wavelets are relatively
recent development in applied mathematics. In the last ten years, interest
in them has grown explosively. Wavelets are simple mathematical tool with
a great variety of applications. Cognitive radios use spectrum sensing to de-
termine frequency bands that are vacant of licensed signal transmissions and
transmit on such portions to meet regulatory constraints of avoiding harm-
ful interference to licensed systems. Future cognitive radios will be capable
of scanning a wide band of frequencies, of the order in GHz, and employ
adaptive waveforms for transmission depending on the estimated spectrum
of licensed systems. They would also be able to decide the various parameters
that are required for transmission of a signal such as maximum output power,
type of waveform, modulation type and frequency range; while at the receiver
denoise the signal. In this thesis, the implementation of cognitive radio has
been ignited. It is aimed to emphasize that rigid, coarse spectrum allocation
would be history for cognitive radio, wavelets when combined with cognitive
radio would increase spectral efficiency and move to a demand based ap-
proach in order to maximize the performance of unlicensed communications.




Chapter 1

Introduction

In this thesis, we consider the problem of signal denoising using various
methods and spectrum sensing for cognitive radio applications and present a
new approach based on wavelets for spectrum sensing. The purpose of this
chapter is to introduce the problem addressed in the thesis, motivate the need
for a new approach, and describe the relationship of wavelets with cognitive
!’ radio and how it acts as a powerful tool in increasing its performance.

S A I R o 41 |

1.1 Motivation

The development of wireless technologies has rapidly increased the demand
for spectrum resources. However, most of the spectrum has already been
allocated to licensed users or primary users(PU), especially in the frequency
below a few GHz. The National Telecommunications and Information Ad-
ministration’s (NTIA) frequency allocation chart in the United States in-
dicates overlapping allocations over all of the frequency bands [1], which
reinforces the scarcity mindset. Under this static frequency allocation for
wireless systems are regulated through spectrum assignments, operating fre-
quencies and bandwidths, with constraints on power emission that limits
their range. Due to these constraints, most communications systems are de-
signed so that they achieve the best possible spectrum efficiency within the
assigned bandwidth using sophisticated modulation, coding, multiple anten-
nas and other techniques. While the current spectrum allocation leaves no
available bandwidth for future wireless systems, actual measurements of spec-
trum utilization shows that many assigned bands are not being used at every
location and time. A greater percentage of the spectrum is available at higher
frequencies.

Studies carried out by the Federal Communications Commission(FCC) Spec-




trum Policy Task Iorce reported the vast temporal and geographic variations
in the usage of allocated spectrum with utilization ranging from 15% to 85%
[2]. A recent study conducted by Shared Spectrum (3] shows that the average
spectrum occupancy in the frequency band from 30 MHz to 3000 MHz over
multiple locations is merely 5.2%. The maximum occupancy is about 13%
in New York city. These measurements seriously question the suitability of
the current regulatory regime and possibly provide the opportunity to solve
the spectrum bottleneck. Unfortunately, creating a new spectrum alloca-
tion chart based on the usage distribution is not only impractical but also
inefficient, because it is not possible to predict and optimize an allocation
. that would suit all current and future wireless systems. Furthermore, any
: change in the spectrum allocation could create an opposition from the current
; users/owners of the spectrum. Therefore, the solution to this problem should
preserve rights and access priorities of primary users. In order to solve the
conflicts between spectrum scarcity and spectrum under utilization, cognitive
radio (CR) technology was recently proposed [4]. In IEEE 802.22, the CR
technique is introduced for the standardization of wireless regional area net-
works (WRAN) to use frequency resources, which were originally allocated
for broadcasting (54 - 862 MHz). In [5] a CR is designed as an intelligent
wireless communication system that is aware of its surrounding environment
(i.e., outside world), and uses the methodology of understanding-by-building
to learn from the environmental and adapt its internal states to statistical
variations in the incoming RI® stimuli by making corresponding changes in
certain operating parameters (e.g., transmit power, carrier frequency, and
modulation type) in real-time, with two primary objectives in mind:

(i) highly reliable communications whenever and wherever needed.
(ii) efficient utilization of the radio spectrum.

Six keywords stand out from this definition: awareness, intelligence, learning,
adaptivity, reliability and efficiency. This has been represented in hexagon
as shown in the figurel.l. on page 3.

Consequently, the CR will play the leading role in the transition from
coarse spectrum allocation to dynamic spectrum allocation. In order to pro-
tect the PUs from unlicensed users or secondary users (SU), spectrum sensing
is a key function to decide whether a frequency band is empty or not. As
explained-before, a cognitive radio-is designed to be aware of and sensitive
to the changes in its surroundings. Therefore, the SUs should monitor li-
censed bands, and opportunistically transmit whenever no primary signal is
detected. Consequently, spectrum sensing may be identified as a key enabling
functionality to ensure that a CR would not interfere with primary users. In

2




Awareness

Reliability Intelligence

COGNITIVE
RADIO

Efficiency Learning

Adaptivity
Figure 1.1: Keywords that represent the definition of CR.

the thesis, we would address this problem and look into the “intelligence de-
veloping” of cognitive radio. This is a very dynamic and creative concept
since it is still into fabrication process and has no boundaries.

1.2 Spectrum Sensing Challenges

SU bands have to dynamically sense the radio spectrum environment and
rapidly tune their transmitter parameters to effectively utilize the avaaable
spectrum that is not being utilized by the PU. The critical problem is the
need to process multi-gigahertz wide bandwidth and reliably detect presence
of primary users and that too, in time of the order of microseconds to allocate
it as soon as possible so that a primary user does not start to use it again
and kick out the SU or SU pose harmful interference to the PU. The example
of harmful interference is when a CRR may not be able to reliably detect a
PU signal and therefore may start sending although the PU is using that
frequency band[6]. This is the classic problem in wireless networks where a
receiver is unable to the transmitter and starts its own transmission, thereby
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interfering with the intended receiver of the transmission. The probability
that such an incident would happen is known as probability of false alarm [7].
Another example is when a cognitive radio is using a frequency band that
was deemed free by the sensing process but may not be able to reliably detect
that a PU has reappeared. Therefore, it may not vacate the frequency band
quickly enough and therefore continue to send creating harmful interference
to the primary user’s transmission. From these two examples, we can see that
there are clearly two requirements on a CR sensing receiver that influence
the amount of harmful interference.

1.3 Outline of the Thesis

Before describing the content of the thesis chapter by chapter, we give you
an idea of the topics we are going to discuss.

Chapter 2: Cognitive Radio:An Introduction:We show how an evolu-
tion of Software Defined Radio is required with new traits of Intelligence to -
give us CR. We also see hoe CR acts as a paradigm for wireless communica-
tion in which either a network or wireless node changes its transmission or
reception parameters to communicate efficiently.

Chapter 3: Wavelets:We look into the concept of wavelets, how and
why they are advantageous and where it surpasses other transforms such
as Fourier transform.

Chapter 4: Denoising:Here, we will discuss DWT and the general al-
gorithm for any basic denoising scheme.We would also see soft and hard
thresholding and analyse the difference by simulating the same for an audio
signal.

Chapter 5: Cycle Spinning:Denoising Technique:It is a new denoising
technique and hence its recursion i.e. Recursive Cycle Spinning will be stud-
ied in this chapter.

Chapter 6: Spectrum Sensing: Discussion of the sensing problem state-
ment and proposed solution to sensing spectrum holes for utilization of the
spectrum efficiently. We will simulate edge detection wavelet approach for
SS (spectrum sensing) in this chapter.

Chapter 7: Simulating Basic CR Functionality: We would look into
the basic simulation of CR and realise allocation,deallocation and minor
changes in the transmitted signal at run-time.

Chapter 8: Conclusions and Future Direction: Under this chapter, we
have mentioned the possibilities in the field of CR.




Chapter 2

Cognitive Radio: An Introduction

‘ Radio communications are becoming increasingly complex as more devices
including laptops, cellular phones, and even sensors compete for limited band-
width in various frequency ranges. In addition, devices must conform in a
growing number of ways to user needs, corporate policies, and government
regulations. Also, users often want to utilize their devices with more than
one wireless technology, such as for both cellular and Wi-Fi communications.
Cognitive radio is an emerging radio approach in which transceivers are com-
bined with sensors, intelligence, and adaptability. “A cognitive radio is an
adaptive, multi-dimensionally aware, autonomous radio system that learns
from its experiences to reason, plan, and decide future actions to meet user

”

needs.

|

\

‘ [ Conventional Radio | Software Radio | Cognitive Radio
supports oniy fixed no. of more functionalities, creates new waveforms
funtionalities software control on its own

not reconfigrable software can be updated highly configrable
£ ) Ja
. i 4 i ' no. of services
less services figired sanvisas any no. otservices
can be added

Figure 2.1: The difference between a conventional radio,software radio and
CR.The evolution has been from left to right.

The term "cognitive radio" was coined in a 1999 technical paper by Joseph
Mitola, now vice president for the research enterprise at the Stevens Institute
of Technology. At the time, he was researching communications for the US
Department of Defense. His pioneering research was designed to help the
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military enable communications among its 297 families of radios and 42 air
interfaces. CR is an evolution of the software-defined radio (SDR), a term
that Mitola also coined. SDRs use software in place of individual components
traditionally implemented in hardware, such as amplifiers, modulators, and
demodulators. That way, instead of having to use separate radios for different
standards, spectrum ranges, and capabilities, users could work with a single
radio that supports multiple parameters.

However, SDR allows only for adaptability. It doesn’t sense what other users
are doing in a spectrum range or include the ability to make link-optimization
decisions. According to Mitola, CRs add cognition and the ability to make
adjustments to the radio based on algorithms in a cognition engine. CRs can
function without SDRs. However, SDRs give CRs more flexibility in choosing
communications options.

Artificial
Intelligence

Software Radio

Cognitive Radio

Figure 2.2: Venn Diagram to show the evolution of CR.Clearly, SDR when
combined with intelligence results in concept of CR.

2.1 Cognitive Radio: Need for Development

Some wireless-service providers set up policies; such as the maximum power
level that devices could use, that customers must follow. Government regu-
lations also limit the frequency bands and communications technologies that
radios can use, and other aspects of wireless transmissions.Instead of mi-
cromanaging every antenna and power level,policies are required at a macro




scale i.e. such an infrastucture has to be developed that resolves such prob-
lems itself. Using one device rather than multiple ones to meet all these
needs is more economical. Moreover, it is highly efficient to use a single de-
vice that can adapt in the middle of a communications session or work with
radios that use different technologies when necessary. This would help mili-
tary and emergency-services agencies, which don’t all use the same wireless
technology.

2.2 Cognitive Radio: Introduction

A transmitter or a receiver designed intelligently to detect whether particular
segment of radio spectrum is currently in use or unused and to jump in and
out very rapidly without interfering transmission of other users.

RF Policy

Reasoning L Facts s
Engine Knowledge
Base
Observations B i
i e Update
: =3
CR API |
Learning
SDR s
[

Figure 2.3: Functional portion of a CR, representing reasoning and learning
capabilities.

To improve a link, CR systems must understand user needs, such as
quality of service requirements for various types of transmissions, whether
battery life is more important than high throughput, and what protocol and
frequency the intended recipient is using. The systems also must recognize
the RE environment’s physical properties such as signal interference and
attenuation. CR uses these capabilities to adjust factors such as signal power,
communications protocol and spectrum. The enhanced version of fig. 1.1 has
been shown in fig. 2.3. It covers the flow diagram of those functionalities.
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2.3 Main Functions

The main functions of Cognitive Radios are:

(i) Spectrum Sensing: Detecting the unused spectrum and sharing it with-
out harmful interference with other users, it is an important requirement of
the Cognitive Radio network to sense spectrum holes, detecting primary users
is the most efficient way to detect spectrum holes.

(ii) Channel Estimation: In order to set up the link, channel sounding is
used to estimate the quality of sub-channels between SUs that want to com-
municate. The transmission parameters (transmit power, bit rate, coding,
etc.) are determined based on the channel sounding results.

(iii) Medium Access Control: As long as it can be assured that all Sub-
Channels are used exclusively, i.e. all Sub-Channels used by one SU Link
cannot be used by any other SU Link this problem comes down to a simple
token-passing algorithm ensuring that only one of the two communication
peers is using the link.

2.4 Cognitive Radio’s Advancements

Current CR research addresses many areas, including SDR and the use of ;
AT to quickly find the optimal combination of parameters for increasing a !
link’s or network’s throughput and reliability. Research into intelligent-radio
technology would evolve CR to enable devices to improve their performance
by learning which adaptive strategies work best. CR advances will probably
come from the military, which has access to wide swaths of spectrum and the
funds to invest in new approaches. Some industry observers expect users to
adopt a reduced CR version which operates in smaller spectrum ranges and
has less decision making ability in noncritical applications such as Internet

access.




Chapter 3

Wavelets

Wavelets are mathematical functions that cut up data into different frequency
components, and then study each component with a resolution matched to
its scale. They have advantages over traditional Fourier methods in analyz-
" ing physical situations where the signal contains discontinuities and sharp
spikes. Wavelets were developed independently in the fields of mathematics,
quantum physics, electrical engineering, and seismic geology. Interchanges
between these fields during the last ten years have led to many new wavelet
applications such as image compression, turbulence, human vision, radar, |
and earthquake prediction [8]. |

%%%%% W o v

)] &)

Figure 3.1: Figure to show (a)wave and (b)wavelet.

3.1 Overview

Wavelets are functions that satisfy certain mathematical requirements and
are used in representing data or other functions. This idea is not new.

9




Approximation using superposition of functions has existed since the early
1800’s, when Joseph Fourier discovered that he could superpose sines and
cosines to represent other functions. However, in wavelet analysis, the scale
that we use to look at data plays a special role[9]. Wavelet algorithms pro-
cess data at different scales or resolutions. If we look at a signal with a
large “window”, we would notice gross features. Similarly, if we look at a
signal with a small “window”, we would notice small features. The result in
wavelet analysis is to see both the forest and the trees, so to speak. The
wavelet analysis procedure is to adopt a wavelet prototype function, called
an analyzing wavelet or mother wavelet. Temporal analysis is performed
with a contracted, high-frequency version of the prototype wavelet, while
frequency analysis is performed with a dilated, low-frequency version of the
same wavelet. Because the original signal or function can be represented in
terms of a wavelet expansion (using coefficients in a linear combination of
the wavelet functions), data operations can be performed using just the cor-
responding wavelet coefficients. And if you further choose the best wavelets
adapted to your data, or truncate the coefficients below a threshold, your
data is sparsely represented. This sparse coding makes wavelets an excellent
tool in the field of data compression. .

3.2 Fourier Analysis

There are number of transformations that can be applied, among which the
Fourier transforms are probably by far the most popular. Most of the signals
in practice, are time domain signals in their raw format. That is, whatever
that signal is measuring, is a function of time. In other words, when we
plot the signal one of the axes is time (independent variable), and the other
(dependent variable) is usually the amplitude. When we plot time- domain
signals, we obtain a time-amplitude representation of the signal. This repre-
sentation is not always the best representation of the signal for most signal
processing related applications. In many cases, the most distinguished in-
formation is hidden in the frequency content of the signal. The frequency
spectrum of a signal is basically the frequency components (spectral com-
ponents) of that signal. The frequency spectrum of a signal shows what
frequencies exist in the signal.

Intuitively, we all know that the frequency is something to do with the change
in rate of something. If something ( a mathematical or physical variable,
would be the technically correct term) changes rapidly, we say that it is

10




of high frequency, where as if this variable does not change rapidly, i.e., it
changes smoothly, we say that it is of low frequency. If this variable does
not change at all, then we say it has zero frequency, or no frequency. If the
FT of a signal in time domain is taken, the frequency-amplitude represen-
tation of that signal is obtained. In other words, we now have a plot with
one axis being the frequency and the other being the amplitude. This plot
tells us how much of each frequency exists in our signal. Often times, the
information that cannot be readily seen in the time-domain can be seen in
the frequency domain.

FT gives the frequency information of the signal, which means that it tells
us how much of each frequency exists in the signal, but it does not tell us
when in time these frequency components exist. F'T' decomposes a signal to
complex exponential functions of different frequencies. The way it does this,
is defined by the following two equations:[10]

X(f) = f z(t).e 727t gy (3.1)

—00

This information is not required when the signal is so-called stationary .
Let’s take a closer look at this stationarity concept more closely, since it is of
paramount importance in signal analysis. Signals whose frequency content
do not change in time are called stationary signals . In other words, the
frequency content of stationary signals do not change in time. In this case,
one does not need to know at what times frequency components exist , since
all frequency components exist at all times. If a signal is of frequency 50 Hz
for the first 5§ seconds and after that it changes to 100 Hz and again after
next 5 seconds it changes to 200 Hz. In this case the fourier transform will
show only the frequencies available in the signal not the time at which those
frequencies existed. ‘

3.3 Wavelet Transform

The Wavelet transform provides the time-frequency representation. Wavelet
transform is capable of providing the time and frequency information simul-
taneously, hence giving a time-frequency representation of the signal. We
used Short Term Fourier Transform for non-stationary signals having sta-
tionary in small parts. There is only a minor difference between STF'T and
FT. In STET, the signal is divided into small enough segments, where these
segments (portions) of the signal can be assumed to be stationary. For this

11
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Figure 3.2: Fourier basis functions, time-frequency tiles, and coverage of
time-frequency plane. :

purpose, a window function "w" is chosen. The width of this window must

be equal to the segment of the signal where its stationarity is valid.[11]

STFT¥(t, f) = ft [£(t)w(t — t)].e 92t as (3.2)

This window function is first located to the very beginning of the signal.

That is, the window function is located at t=0. Let’s suppose that the width
| of the window is "T" s. At this time instant (t=0), the window function will
overlap with the first T/2 seconds. The window function and the signal are
then multiplied. By doing this, only the first T/2 seconds of the signal is
being chosen, with the appropriate weighting of the window (if the window
is a rectangle, with amplitude "1", then the product will be equal to the
signal). Then this product is assumed to be just another signal, whose F'T is
to be taken. In other words, F'T of this product is taken, just as taking the
F'T of any signal.
The result of this transformation is the F'T of the first T/2 seconds of the
signal. If this portion of the signal is stationary, as it is assumed, then there
will be no problem and the obtained result will be a true frequency represen-
tation of the first T/2 seconds of the signal.
The next step, would be shifting this window (for some t1 seconds) to a
new location, multiplying with the signal, and taking the F'T of the product.
This procedure is followed, until the end of the signal is reached by shift-
ing the window with "t1" seconds intervals. The problem with STEFT is the
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fact whose roots go back to what is known as the Heisenberg Uncertainty
Principle. This principle originally applied to the momentum and location
of moving particles, can be applied to time-frequency information of a signal.
Simply, this principle states that one cannot know the exact time-frequency
representation of a signal, i.e., one cannot know what spectral components
exist at what instances of times. What one can know are the time intervals
in which certain band of frequencies exist, which is a resolution problem.[12]
The problem with the STFT has something to do with the width of the win-
dow function that is used. To be technically correct, this width of the window
function is known as the support of the window. If the window function is
narrow, than it is known as compactly supported .
In the FT there is no resolution problem in the frequency domain, i.e., we
know exactly what frequencies exist; similarly we there is no time resolution
problem in the time domain, since we know the value of the signal at every
instant of time. Conversely, the time resolution in the F'T, and the frequency
resolution in the time domain are zero, since we have no information about
them. What gives the perfect frequency resolution in the F'T is the fact that
the window used in the F'T is its kernel, the exp jwt function, which lasts at
all times from minus infinity to plus infinity. Now, in STFT, our window is +
of finite length, thus it covers only a portion of the signal, which causes the |
frequency resolution to get poorer. What I mean by getting poorer is that, |
we no longer know the exact frequency components that exist in the signal, '
but we only know a band of frequencies that exist.
In FT, the kernel function, allows us to obtain perfect frequency resolution,
because the kernel itself is a window of infinite length. In STFT is window
is of finite length, and we no longer have perfect frequency resolution. You
may ask, why don’t we make the length of the window in the STFT infinite,
just like as it is in the F'T, to get perfect frequency resolution? Well, than
you loose all the time information, you basically end up with the F'T instead
of STFT. To make a long story real short, we are faced with the following
dilemma. If we use a window of infinite length, we get the F'T, which gives
perfect frequency resolution, but no time information. Furthermore, in order
to obtain the stationarity, we have to have a short enough window, in which
the signal is stationary. The narrower we make the window, the better the
time resolution, and better the assumption of stationarity, but poorer the
frequency resolution: Narrow window gives good time resolution, poor fre-
- queney-resolution—Wide-window gives-good-frequeney resolution, poor time
' resolution.
The continuous wavelet transform was developed as an alternative approach
to the short time Fourier transform to overcome the resolution problem. The
wavelet analysis is done in a similar way to the STFT analysis, in the sense
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that the signal is multiplied with a function, the mother wavelet function,
similar to the window function in the STFT, and the transform is computed
separately for different segments of the time-domain signal. However, there
are two main differences between the STFT and the CWT:

1. The Fourier transforms of the windowed signals are not taken, and
therefore single peak will be seen corresponding to a sinusoid, i.e., neg-
ative frequencies are not computed.

2. The width of the window is changed as the transform is computed for
every single spectral component, which is probably the most significant
characteristic of the wavelet transform.

The continuous wavelet transform is defined as follows:[13]

CWTY(t,s) = U¥(r,s) ) (3.3)

As seen in the above equation, the transformed signal is a function of two
variables, 7 and s, the translation and scale parameters, respectively. ¥(t)
is the transforming function, and it is called the mother wavelet. The term
wavelet means a small wave. The smallness refers to the condition that
this (window) function is of finite length ( compactly supported). The wave
refers to the condition that this function is oscillatory. The term mother
implies that the functions with different region of support that are used in
the transformation process are derived from one main function, or the mother
wavelet. In other words, the mother wavelet is a prototype for generating
the other window functions. The term translation is used in the same sense
as it was used in the STFT, it is related to the location of the window, as
the window is shifted through the signal. This term, obviously, corresponds
to time information in the transform domain.

The parameter scale in the wavelet analysis is similar to the scale used in
maps. As in the case of maps, high scales correspond to a non-detailed global
view (of the signal), and low scales correspond to a detailed view. Similarly,
in terms of frequency, low frequencies (high scales) correspond to a global
information of a signal (that usually spans the entire signal), whereas high
frequencies (low scales) correspond to a detailed information of a hidden
pattern in the signal (that usnally lasts a relatively short time),
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3.4 Wayvelet vs Fourier Analysis

3.4.1 Similarity between Wavelet and Fourier analysis

The fast Fourier transform (FF'T) and the discrete wavelet transform (DWT)
are both linear operations that generate a data structure that contains seg-
ments of various lengths, usually filling and transforming it into a different
data vector of length. The mathematical properties of the matrices involved
in the transforms are similar as well. The inverse transform matrix for both
the FF'T and the DWT is the transpose of the original. As a result, both
transforms can be viewed as a rotation in function space to a different domain.
For the FFT, this new domain contains basis functions that are sines and
cosines. For the wavelet transform, this new domain contains more compli-
cated basis functions called wavelets, mother wavelets, or analyzing wavelets.
Both transforms have another similarity. The basis functions are localized
in frequency, making mathematical tools such as power spectra (how much
power is contained in a frequency interval) useful at picking out frequencies
and calculating power distributions.

P—

3.4.2 Dissimilarities between Fourier and Wavelet Trans-
forms

The most interesting dissimilarity between these two kinds of transforms is
that individual wavelet functions are localized in space. Fourier sine and
cosine functions are not. This localization feature, along with wavelets’ lo-
calization of frequency, makes many functions and operators using wavelets
"sparse" when transformed into the wavelet domain. This sparseness, in
turn, results in a number of useful applications such as data compression,
detecting features in images, and removing noise from time series. One way
to see the time-frequency resolution differences between the Fourier trans-
form and the wavelet transform is to look at the basis function coverage of
the time-frequency plane. The square wave window truncates the sine or co-
sine function to fit a window of a particular width. Because a single window
is used for all frequencies in the WFT, the resolution of the analysis is the
same at all locations in the time-frequency plane. An advantage of wavelet
L transforms is that the windows vary. In order to isolate signal discontinu-
ities, one would like to have some very short basis functions. At the same
time, in order to obtain detailed frequency analysis, one would like to have
some very long basis functions. A way to achieve this is to have short high-
frequency basis functions and long low-frequency ones. This happy medium




is exactly what you get with wavelet transforms. One thing to remember
is that wavelet transforms do not have a single set of basis functions like
the Fourier transform, which utilizes just the sine and cosine functions. In-
stead, wavelet transforms have an infinite set of possible basis functions.
Thus wavelet analysis provides immediate access to information that can be
obscured by other time-frequency methods such as Fourier analysis.
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Chapter 4

Denoising

In cognitive radio, one major cognitive task is to denoise and extract the
original signal transmitted. However, an audio signal is composed of a large
number of frequencies. Hence, a static threshold-value algorithm may not
be an efficient method to denoise an audio signal. The paper investigates
discrete wavelet-based algorithm for denoising of an Audio signal. Based
upon the principle that in an audio signal high amplitude coefficients of Dis-
crete Wavelet Transform (DWT) are signal components while low amplitude
coefficients are noise. The audio signals were taken and corrupted with noise
and DWT was applied to transform this noisy audio signal in wavelet do-
main. Using certain threshold algorithm and transforming the output back
to time domain, we obtain audio signal with lesser noise. Then we altered
the parameters like type of wavelet chosen for calculating DW'T, threshold
values and number of iterations which may results into better denoised audio
signal.

4.1 Introduction

Donoho [14] introduced the concept of signal denoising using wavelets. For
high frequency components, he used linear denoising while for low frequency,
a non-linear denoising (wavelet shrinkage) was proposed. This method was
modified in [15] by varying the number of iterations (output signal from
wavelet denoiser is used as new input signal and it is denoised again with

same threshold value) of the algorithm. The criteria for successful noise

removal implies that if difference of original signal and the signal obtained by
denoising is complete silence, then signal has been perfectly denoised (which
is stated as not possible with reasoning below).However, if the difference feels
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like musie, definitely, signal components have been removed and a new lower
threshold value has to be set.

E0]0.5 o

Error Estimation = [
Eq

Where Fjy = energy of original signal
and FE; = energy of denoised signal

4.2 Reason for using DWT

In wavelet transform, the individual wavelet functions are localized in space
[16] while Fourier sine and cosine functions are not. Hence, localization of
frequency makes many functions and operators using wavelets sparse when
they are transformed into the wavelet domain. Due to sparseness, it finds
applications in data compression, detecting features in images, and remov-
ing noise from time series. Fourier transform does not give any information
about which frequency of the sinusoid was present till what time in the signal;
it becomes very difficult to reconstruct the original signal back in time do-
main using its Fourier representation. However, wavelets have removed this
drawback by plotting frequency against time rather than amplitude verses
frequency as shown in Fig 4.2 Initially, Donoho [14] proposed Short Term
Fourier Transform (STFT) method to denoise an audio signal. However,
Denoising with STFT (having a fixed scale) may generate a residual noise
artifact (musical noise composed of sinusoidal components with random fre-
quencies) [17]. STFT is only good for stationary part of signals. Direct
application of thresholding on audio signal denoising creates non-uniform
liquid noise [18, 19] (bird noise). CWT could also have been used but it
would create significant computations and is highly redundant.

4.3 Threshold Denoising

DWT works on the same principle as human ear to denoise a music sig-
nal. Since DWT coefficients are based on amplitude and location of the
signal, most of noise can be eliminated from the signal relatively easily. The
high frequency components have good temporal localization but its frequency
resolution-is-poor-—This-is-applicable-sinee-high-frequency components are
generally for short duration. The DWT transforms a signal into a set of
coefficients. As discussed, these coefficients will be relatively sparse, con-
taining most of the energy into a few peaks. As noise is introduced into the
signal, the noise’s wavelet transform will be spread out evenly among the
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Figure 4.1: (a) represents a non-stationary signal composed of different fre-
quencies at different time,(b) a time domain signal composed of same frequen-
cies but is stationary,(c) Fourier transform of both(a) and (b), (d) represent
representation of signal in wavelet domain

z

coefficients, further, when denoising will be applied, thresholding takes the !
DWT of the signal plus noise, and eliminates coefficients below the defined !
threshold, leaving the peaks of the signal plus the noise on the peaks [20].
Thus, this operation is only successful at the places in the signal where only
noise exists as shown in Fig 4.3.

TE -

4.4 Discrete Wavelet Transform

DWT calculates the wavelet transform of original signal with less no. of com-
putations. The signal is decomposed by passing time domain signal through
half band low pass and high pass filters. Filtering the signal is equivalent
to convolution of signal with impulse response of filter. Hence, it can be

represented as:
(e.o]

e =T®hi= ), Tl (4.2)
i=—00

where z; is input signal,
h; is impulse response of filter
and y; is filter output.
Frequency resolution is doubled because frequency band of the output of filter
spans over half the previous frequency band. Thus, every next sample can be
eliminated (Nyquist theorem) since maximum frequency has been reduced to
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Figure 4.2: This is the way of hard thresholding-above this certain threshold
value is taken as signal, rest is considered as noise.

half. Time resolution is half, and above relation changes:

Yk = i ® hap— (4.3)

Input signal is filtered using high-pass and low-pass filter. Outputs from high-
pass filter are called detailed coefficients and outputs from low-pass filter are
approximate coefficients which are filtered again.

4.5 Denoising of Audio Signal

Let us assume sampled noisy audio signal y;
Y — & -+ o;n; (44)

where i=1,2,3 ... N z; represents original signal,
and ¢, is standard deviation of noise.

The n; is the array of random numbers generated.
In wavelet domain:

Wyl = (W)@ onny)-= Wy +onlwyn;) (4.5)

\
l Solving for z; gives: x;=(w™1y)(Wyyi-onwyn;) This is soft threshold and is ‘
defined as:

nt(zz) - {Sgn(zi)UZl' . t)‘ |Z1| > t} (46) \

0, else
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Figure 4.3: Illustrates how noise is added to the peaks even after denoising
of the signal.

Where t=oy, - wy

and z; = wyy;

ny #z; is threshold operator and it’s time domain coefficient can be calculated
as

T = (wp) ) (ne(21)) (4.7)

The objective is to chose such a threshold value that not only efficiently
removes noise (output be close to silence), but also preserve data of the
original signal. Choosing a high threshold would deteriorate original signal
or might generate noticeable artifacts in the output [17]. On the other hand,
a low threshold would not be able to remove noise very well. Thus, all the
procedure would turn futile. One of the methods for selection of threshold
value ‘t’ was developed by Donoho and Johnstone and it is called VisuShrink
[19] (universal threshold). Slightly different universal threshold was proposed
in [21, 22] which has the value of t as:

t = ony/2loga(N) (4.8)

Where N denotes number of samples and o, is the standard deviation.

—_— = —

4.6 Algorithm

An audio signal (*.wav) is usually too long to be processed entirely in one
iteration. Hence, an indispensable step is windowing of time domain signal
and choosing the window length [23]. A small window would not be signifi-
cant enough to treat structures of audio signal well, while a longer window
looses significant short transient details in the music.
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4.7 Simulation and Result

In Matlab, algorithm for soft thresholding including approximation coefficients
and detailed coefficients was implemented. Noise was generated using ran-
dom numbers. These energy of approximate coefficients and approximate
coefficients was calculated and used to calculate new coefficients. The vec-
tor thus obtained was multiplied with the window and correlated. These
correlated values were then thresholded with formula in equation [20]. A
higher order filter may increase computational complexity, but improves the
denoising result to an observable extent. Wave format audio signals of short
duration were chosen to sufficiently see the effects. Variation in threshold
values is a mere trade off between signal and noise. Fig 4.5 represents an
audio signal taken from a probe into a digital oscilloscope as original signal,
noisy signal and denoised signal after the algorithm.
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Figure 4.5: The wave signal was observed on Digital CRO and connected to i

a PC to take the screen shots. (a) is the original input signal (b) is the signal
after adding the noise, (c) is the denoised signal waveform

4.8 Conclusion and Future Work

If we set a higher threshold, it removes noise well, but original signal is
also lost. The non linear removal of noise [24] makes it quiet suitable for low
frequency components. Higher is the order of the filter, better is the denoised
signal , more times the algorithm is applied on the signal it produces more or
less the same effect. Hard thresholding gives greater noise reduction whereas
soft thresholding allows the signal to retain its smoothness. Our objective is
to develop a good thresholding algorithm that may have variable threshold
values and cognitive radio may be able to decide these values on its own
according to the signal for better interpretation of signals at the receiver.
We would now set up dynamic threshold values which would first analyse the
signal and then denoise it to reconstruct the signal to best possible extent.
Also,a procedure has to be developed that may look into the nature of the
signal and then decide if hard or soft thresholding would be best suited.
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Chapter 5

Cycle Spinning: Denoising
Technique

Signal estimation from the various observation of noise corrupted signal is a
very common problem in signal processing. Coifman and Donoho proposed
a new technique ’'cycle spinning’ which is better and improved technique I

than wavelet denoising. We estimate the true signal as the linear average i
of individual estimates derived from wavelet-threshold of the noisy signal. ‘
Recursive cycle spinning repeatedly translate and denoise the signal with the *
help of wavelet denoising and again translate it. After every iteration the :

output is used as the input for the next iteration.

5.1 Introduction

Classically it has been assumed that signal is low pass and noise is not low
pass. Wavelet denoising is performed by taking the wavelet transform of the
noisy signal, and then zeroing out the detail (typically high-pass) coefficients
that fall below a certain threshold. An inverse wavelet transform is applied
to the threshold value of signal to yield the final estimate [25, 26]. Low-pass
filtering, zeroing out detail coefficients removes high-pass noise. In wavelet
denoising, if the signal itself has a localized high-pass feature, such as a
sharp discontinuity, the corresponding detail coefficients will have significant
energy and value below threshold are not made equal to zero. In this way,
wavelet denoising can low-pass filter the signal while preserving the high-pass
components in selected time intervals. [t can be shown that if the wavelet
transform used in the denoising has J stages, up to 27 different estimates can
be obtained with different shifts. The cycle spinning estimate is obtained by
simply linearly averaging these 27 estimates. The errors in the 27 individual

24




estimates will not be dependent, and therefore the averaging will reduce the
noise power. The idea is that every shift has different error, which will be
reduced by averaging. Wavelet threshold identifies a subspace in which the
unknown signal is likely to have most of its energy and projects the noisy
signal onto this subspace. Cycle spinning identifies the subspaces; it performs
the corresponding denoising projections, and then takes the average of the
projections. Output of iteration is input for the next. However, instead of
averaging the projections, we can say that it is better to project once onto the
intersection of the subspaces. The reason is simple. If the unknown signal
has most of its energy in each of the subspaces, it will have most of its energy
in their intersection. Since the intersection of subspaces has a much smaller
dimension than the subspaces, projecting to the intersection produces an
estimate which is much closer to the true signal. To perform the projection
onto the intersection of the subspaces, an algorithm called recursive cycle
spinning is proposed. It is proved analytically that the estimates from the
proposed method globally converge. Recursive cycle spinning outperforms
both basic wavelet threshold method and standard cycle spinning.

F=—3

5.2 Wavelet Denoising

5.2.1 Algorithm

Apply wavelet transform to the noisy signal to produce the noisy wavelet
coefficients. Select appropriate threshold limit at each level and threshold
method (hard or soft thresholding) to best remove the noises. Inverse wavelet
transforms of the thresholded wavelet coefficients to obtain a denoised signal.
Consider estimating an unknown discrete-time signal

zln], n» € 0,1.N-1 (5.1)
From a noise-corrupted signal,
yl[n] =z[n]+dn] n=0,..N-1 (5.2)
where d|n] is additive noise. Let

Yin] = W(y[n]) (5.3)

Denote a discrete wavelet transform of x[n|. Only orthogonal wavelet trans-
forms are considered here. Basic wavelet denoising is performed by taking
the wavelet transform of the noise-corrupted y[n|] and then zeroing out the
coefficients that fall below a certain threshold. An inverse wavelet transform
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is applied to the threshold value of signal to get the true signal, as below
[27, 28]:
Y ) > :
X[k]z{ (%], ifY k] 2 T(k); }
0, otherwise
T (k) are certain threshold levels. The final estimate is the inverse wavelet
transform of the thresholded coefficients:

z=W(X) (5.5)

(5.4)

5.3 Cycle Spinning

Instead of averaging the 27 projections, it is better to project directly onto

the intersection of the subspaces. So, projecting the noisy signal onto the

intersection of the subspaces will remove little of the signal energy. Since the

intersection of subspaces typically has a much smaller dimension than the

subspaces themselves, projecting onto the intersection of the subspaces will

remove much more noise than the projection onto the individual subspaces

[25]. To perform the projection an algorithm, cycle spinning is used. The n

algorithm produces a sequence of estimates. In cycle spinning, the signal is h‘

translated by various time shifts. Each time shift is separately transformed I

and then we denoise, and the estimate is then taken to be the average of ‘

these results. 44"
z; = D;(y[n]) = S-:D(S:i(y[n])) (5.6) i

where D is a wavelet denoising operator described above and S; is a left
shift by i samples. It can be shown that if a wavelet transform has J stages,
one can obtain up to M =27 different estimates,z;, i=0 ... M—1. The cycle
spinning estimate is simply the linear average of these M estimates [29].

5.4 Recursive Cycle Spinning

Basic algorithm:

1. Use wavelet threshold method of shifted versions of the noisy signal,
y to identify M subspaces likely to contain the most of the true signal
energy. These spaces were called the denoise spaces of y.

2. Compute the denoise space intersection, the intersection of the M de-
noise spaces.

3. Project y onto the denoise space intersection to obtain an estimate for
the true signal.
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Recursive cycle spinning is an approximate method. The algorithm is simple
to describe.
Let D;(x) denote the signal x wavelet denoise using a shift of i. That is,

Noise
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Figure 5.1: A depiction of recursive cycle spinning. The switch is initially in
the upper position to draw the noising signal y[n| into the system. Thereafter, :
the switch is in the lower position to recursively denoise the output of the l
previous iteration. The shift i is changing from one iteration to the next. I

D;(x) is obtained by shifting x to the left by i samples, wavelet denoising
the shifted signal, and then shifting the denoise signal back. Recursive cycle
spinning generates sequences of estimates as follows. The initial estimate zg
is set equal to the original noisy signal: xzo—=y.The subsequent estimates are
generated from the recursive rule [30]:

Zip1 = Dy(zy), 1 = lmodM (5.7)

That is, the 14 1% estimate is obtained by denoising the [** estimate with
a shift of i, cycling through the shifts i — 0 ...M — 1. The idea of the
algorithm is that each iteration projects the estimate to one of the M denoise
spaces. Ideally, the algorithm would be performed for an infinite number of
iterations, and the estimate sequence would converge to some limit point,
82y Too. 1his limit point should be affixed point of the recursion updates, so
that

oo = Di(Xoso), Vi=0,..M—1 (5.8)

This fixed point condition means that ., would be in the range space of pro-
jections D; for all i. That is, £, would be in the denoise space intersection.
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The denoise space intersection should be a space of small dimension contain-
ing the true signal, and consequently, the final limit point should be close to
the true signal. Of course, the convergence of the algorithm is far from ob-
vious. It is possible, that the estimated sequence could bounce between the
M subspaces without converging. The algorithm must be terminated after
some finite number of iterations.

5.5 Conclusion

The results of recursive cycle-spinning demonstrate that multiple passes re-
sult in a projection, which converges toward the true projection. The thresh-
old and threshold method will play a large part in the ability of the algorithm
to converge to the true projection, however the number of passes at which
the recursive cycle-spinning converges to the true subspace depends on the
level of the threshold because of inherent losses the signal undergoes in the
threshold process. Absolute convergence to the true subspace is not possi-
ble because of the loss of smaller signal components through the course of
threshold operation. For a properly chosen threshold, every iteration retains
relatively large signal energy; and a large portion of noise is removed. Once
we are done with iteration, we come closer to the signal. A point will come
where we will have optimum signal.

5.6 Future work

The convergence ability of the algorithm is pointed out by comparing two pos-
sible recursive cycle-spinning arrangements to the noiseless and noisy projec-
tion. One would expect that as long as there is no overshoot, the coefficients
in the case where the most iterations are performed will more closely repre-
sent the noiseless coefficients which represents denoising using two iterations
of hard threshold method followed by one iteration of soft threshold with the
threshold appears to be further from the true projection than our recursive.
Notice that the lowest decomposition level detail coefficients are most similar
to their counter parts. The convergence of the upper level coefficients there-
fore appears to lag the lower coefficients in the convergence process. Hence
convergence overshoot may occur first at the lowest level of decomposition
and produce signal degradation of low frequency signal components. We
leave this determination for future study.
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Chapter 6

Sensing

For cognitive radio the main issue is to sense and identify all spectrum holes
present in the environment. In this paper we are proposing a wavelet ap-
proach for spectrum sensing and spectrum hole identification. We will apply
wavelet transform on the sub-divided signal to detect the edges and holes
over a wide frequency band. The proposed sensing techniques provide an
effective radio sensing architecture to identify and locate spectrum holes in
the signal spectrum.

6.1 Introduction

Cognitive radio is gaining popularity these days. The main reason of this
is the lack of availability of spectrum. For industrial and economic develop-
ment, the need of spectrum is very crucial and necessary. Cognitive radio !
helps in efficient utilization of any spectrum available. It removes the prob-
lem of spectrum scarcity. Terminals are assumed to be capable of making
intelligent decisions i.e., the devices will be capable of optimizing the re-
source usage for their individual need [31, 32, 33]. Hence, the first and very
important task in a cognitive radio is the spectrum sensing, where bandwidth
is suppressed. The energy detection techniques can be broadly classified as
“Transmitter Detection” and “Receiver Detection”. In the first category, the
PU is assumed to be transmitting and in the latter, the PU is receiving. In
this paper we will mainly focus on transmitter detection. There exist several
\ different approaches for transmitter detection which may be used in different

sensing scenarios. The most well-known methods are perhaps energy detec-
tion, cyclostationary detection and matched filter (MF) detection, and these
will be briefly described below. Furthermore, spectrum sensing can be per-

29 i




formed by a single unit or it can be collaborative in which case measurements
from several sensors are combined in a fusion center to obtain a more reliable
decision. In this manner cooperative spectrum sensing [34] offers increased
detection performance by spatial diversity of the sensors. The least demand-
ing approach is energy detection. An energy detector measures the energy
in a radio resource and compares the value against a threshold. Generally,
if and only if the measured energy is below the threshold, the radio resource
is declared as not occupied, i.e., it is available for opportunistic use. Energy
detection is a non-specific detection method in the sense that no particular
knowledge of the signal properties is used. In this sense, energy detection can
be used for declaring whether a resource is occupied or not, but it cannot be
used to identify the type of system or user (e.g., primary or secondary) that is
occupying the channel. Also, an energy detector needs to have an idea of the
noise level to adjust the detection threshold [35]. There are various kinds of
spectrum sensing techniques [36]: transmitter detection, cooperative detec-
tion and interference-based detection [33]. There are three different energy
detection techniques: energy detection [37, 38, 39|, matched filter detection
and cyclostationary feature detection [40]. Transmitter detection observes the "
signal from primary transmitter. It is a non cooperative spectrum sensing i
technique; hence it is less complex and is known for its simplicity. The co- |
operative detection requires additional overhead traffic i.e. information from I
| multiple cognitive radios is provided for reliable primary user detection. The }!)
system is undertaken by a number of cognitive radios [41] and adjust overall
cognitive radio network to suit our needs. The advantage of this technique is
reduced interference. In interference based detection, cognitive radio relates
decision to cumulative RF energy from transmitter measured at the receiver.
Hence, due to its simplicity and feasible implementation, we hose energy
detection method. In Matched filter detection, which provides an optimal
detection performance, but requires prior knowledge of primary signal; has
lower accuracy. This technique is used when the xG user knows the informa-
tion (various parameters) of the primary user signal. The optimal detector
in stationary Gaussian noise is the matched filter since it maximizes the re-
ceived signal-to-noise ratio (SNR) [40]. While the main advantage of the
matched filter detector is that it requires less time to achieve high processing
gain due to coherency, It requires a prior knowledge of the primary user sig-
nal such as the modulation type and order, the pulse shape, and the packet
format-—Alternately,if this-information-is-not-accurate, then the matched
filter performs poorly. The Cyclostationary method is more accurate, but
has increased complexity. Cyclostationary detection is typically a statistical
test based on the estimated autocorrelation function of one or several known
cyclic frequencies. The advantage being that the autocorrelation is periodic.
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"This enables detection under very low SNR, Hence Robust in low SNR and ro-
bust to interference. It also requires partial knowledge of primary signal and
has high computational cost. Modulated signals are in general coupled with
sine wave carriers, pulse trains, repeating spreading, hopping sequences, or
cyclic prefixes, which result in built-in periodicity. These modulated signals
are characterized as cyclostationarity since their mean and autocorrelation
exhibit periodicity. The main advantage of the spectral correlation function
is that it differentiates the noise energy from modulated signal energy, which
is a result of the fact that the noise is a wide-sense stationary signal with no
correlation, while modulated signals are cyclostationary with spectral corre-
lation due to the embedded redundancy of signal periodicity. Therefore, a
cyclostationary feature detector can perform better than the energy detec-
tor in discriminating against noise due to its robustness to the uncertainty
in noise power [42]. The other method, Energy Detection is widely used:
simple, optimal under no knowledge of primary signal.

A cyclostationary process [43] has statistical properties which vary peri-
odically over time. A wide sense cyclostationary process (the analogue of a
wide sense stationary process) has an autocorrelation function which is cyclic
with a certain periodicity T, i.e., R(t, s) = R(t+T, s) for all time indices s
and t. Communication signals are typically cyclostationary with multiple pe-
riodicities, e.g., the symbol frequency. Other periodicities may be related to
coding and guard periods [44]. Cyclostationary detection is typically a sta-
tistical test based on the estimated autocorrelation function of one or several
known cyclic frequencies. Fig. 6.2 plots all methods we discussed, our aim
would be to get a method so that we have to have maximum accuracy and
minimum complexity. As depicted, since matched filter requires no knowl-
edge of primary user , it is quite simple but results can be contradictory.
Similarly, energy detection has added complexity ( due to multiple cognitive
radio systems) but accuracy is not increased as expected. Cyclostationary
detection exploits more knowledge (i.e., the cyclic frequencies) about the pro-
cess one wishes to detect than energy detection does. Hence, cyclostationary
detection will only be able to detect a limited amount of systems for which
the communication signals possess known cyclostationary properties, but,
on the other hand, these systems can be explicitly identified by the cyclosta-
tionary detector. There are various approaches for spectrum detection but
wavelet based approach proposed in [37, 45] is very precise even when the
signal-and-noise-level-are-very-close to-each-other—This technique was tested
with the help of computer simulations. We have proposed some modification
in it which will be explained in further sections.
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6.2 Hybrid Model

The hybrid model for transmitter based detection is the combination of all
the three techniques (matched filter, energy detection and cyclostationary
detection). With the proper channelization of the technique has been done
under this approach which will help in detecting the idle spectrum bands
(spectrum holes that is the underutilized sub bands of the radio spectrum)
opportunistically with better utilization of the spectrum under non cooper-
ative sensing with increase in the overall spectrum efficiency. [46]

y

:

COOPERATIVE INTERFERENCE- BASED
DETECTION DETECTION

Figure 6.1: Block diagram of different sensing techniques(Shaded techniques
being preferred here)

Accuracy

>

Complexity

Figure 6.2: Plot of complexity verses accuracy for various spectrum sensing
techniques.
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6.3 Spectrum Sensing Techniques

6.3.1 Original Sensing Method

In [34] spectrum sensing has been treated as edge detection problem. In this
edge detection technique has been implemented to find the spectrum hole.
Let us assume a frequency band of interest (Fig. 3) which is further divided
into N sub-bands consecutively, with their frequency boundaries located at
Jo < fi <...< fu. The idea is to locate any vacant spaces between the
two adjacent sub bands so that a secondary user can utilize it without any
interference to the primary user. The PSD of n'h sub-band is defined by:

B.ife B it i< Fet, n=1,2..N (6.1)

The normalized power spectral density (PSD), in each sub-band, in the ab-
sence of noise, is:

Fi
L7 Sdnd = Fi- Fy (6.2
Power spectral density of the observed signal r (t): i

N

S(f) =2 arSa(£)+Su(f), [ € fo, [] (6.3)

n=1

Where o2 indicates the signal power density within the n*h band
Sn(f) is PSD of each sub-band.
PSD inside each sub=band is estimated as:

band of interest

I"igure 6.3: The PSD inside each sub-band
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ol (6.4)

The identification of the frequency boundaries between successive sub-bands
is done using properties of the wavelet transform [47|. The dilation of the
wavelet functions by one scale is

wulf) = < w(d) (6:5)

The continuous wavelet transform is defined as

Wssr(f) = Sy * %(f) (6'6)

At fine scales, it provides localized information of S, (f), to find the edges
and irregularities in it we have to find its first and second derivatives. The
first derivative is

WSS, (f) = df(S % 15) () ' (6.7)
The second derivative is '{r
|

WES,(1) = (S, <)) (6.5

Edges and discontinuities propagate to different scales s. In [48], the CWT it
is obtained with dyadic scales s=27, i=1, 2, 3 ...,j. In order to track the
propagation of edges and discontinuities in multiple scales, the multi scale
product of the ] CWT gradients is done [49].

J
Us8:(f) =11 Wg:sjsr(f) (6.9)

Jj=1

6.4 Problems

If value of 4§’ is very large fig.(d) smaller peaks are dissolved among larger
ones. This is an efficient method to remove noise. In other cases, where the
borders S, (f) are not so abrupt or in less noisy environments, this method
is quite inefficient since some of spectrum holes would be ignored. Value of
‘5;" denotes the scale, as we increase the scale, frequency span widens, hence
while calculating the product; we cannot correlate the boundaries of every
peak. Thus, boundaries may not be detected with a good precision.
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M Level = 2°

Figure 6.4: Showing the CWT coefficients with different values of j (a) j=1
(b) j=2 (c) j=3 (d) j=4

(v’ .o (b) Level = 2°
SPAN OF THE PEAK INCRESES,

%, '

Iigure 6.5: Showing the CW'T coefficients with different values of j (a) j=1
(b) j=2 (¢) j=3 (d) j=4

6.5 Solution and Proposed Model

Value of ‘j’ can be a little large than required fig. (d), so that smaller peaks
are dissolved among larger ones. This will remove noise. In other cases,
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where the borders S, (f) are not so abrupt or in less noisy environments, j
value should not exceed 4.

(b) Level =27 ‘

|
|
|
|
i
|

Figure 6.6: showing the CWT coefficients with different values of j (a) j=1
(b) j=2 (c) j=3 (d) j=4

Value of ‘S;;,” would denote the scale corresponding to each peak. As we
increase the scale, frequency span widens. But the reference no. ‘k’ would
keep the track of the peak. Thus, we know which peak’s product we are
calculating.

{n) Levef = 247

meds>rmBION

Figure 6.7: Showing the CWT coefficients with different values of j (a) j—1
(b) =2 (c) j=3 (d) j=4
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Chapter 7

Simulating Basic CR
Functionalities

So far whatever functionalities of CR we have worked on, we wrote a small
collective code for the same. Hence, it can be called as basic simulation of CR
that performs the most important function of spectrum sensing, allocation
and deallocation of spectru to primary as well as secondary users and deals {
with all these features at run-time i.e. according to users discretion. |

7.1 Simulation f

Using matlab R2008a[50, 51, 52|, we have simulated the above mentioned
algorithm. The program has been designed with a flexible spectrum creation
such that we can create a dummy spectrum by inputting the probability
of spectrum utilized at a certain instant of time. e.g. if we input 256% as
percentage of occupancy, the spectrum will be 75% vacant and hence our
aim would be to detect those frequencies. Next, we compute the power
spectral density. Obviously, psd of the free spectrum value is far below than
the values of allocated bands and hence by virtue of their proportion, we find
out a threshold value. Based on this threshold, values below it are considered
to be frequencies that are free and can be allocated to secondary users while
the others are being used by primary or the licensed users.

Fig.7.8 gives a plot in which value 1 signifies that the spectrum is al-
ready occupied and 0 indicates free values. Again, since it was difficult to
obtain actual spectrum plot on any analyzer, we created a dummy spectrum
to see how our code works on the spectrum. This is the input data that
is fed to the algorithm mentioned above and it gives the result as Fig. 7.8
which shows values below the threshold are vacant and can be allocated. The
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Figure 7.1: Creating a dummy spectrum in matlab to run the code to find
free frequency band in the spectrum.

R
L

Figure 7.2: Plot of psd to the frequency. Comparing it to fig 7, we can clearly
define free frequency values.

other simulation we had was simulation of cognitive radio, and performing
the most important operation of spectrum sensing, allocating and deallocat-
ing the spectrum at run time. In the program, we first have certain vacant
spaces in a particular spectral band and we allocate them to the primary
users first, once they had been allocated to the primary users, we allocate
the vacant spaces to the secondary users, once the spectrum is completely
filled, we can fire a slot and allocate it to another user. Then we have minor
functionalities of adding noise or changing amplitude of the signal. This is
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totally a user dependent program and hence gives the output on users will.

One iteration of this running code has been explained here.

Do
Do
Do
Do
Do

you
you
you
you
you

want
want
want
want
want

to
to
to
to
to

enter
enter
enter
enter
enter

first primary user Y/N:
second primary user Y/N:
third primary user Y/N:
fourth primary user Y/N:
fifth primary user Y/HN:

Do you want to enter a secondary user Y/N:

Assigned to User 2 as it was not present.
Elapsed time is 0.000277 seconds.
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¥

do u want to add noise
Enter the SNE in dB

adding noise

4

Do you want to attenuate the signals? [Y/N]
Enter the percentage to attenuate the signal

Q
L]

attenuating
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Do you want to re-run the program? [Y/N]: v
‘\ninEnter the users again..n\n

Do you want to enter a secondary user Y/N: ¢
Assigned to User 4 as it was not present.
Elapsed tim= is 0.0001i90 seconds.

Do you want to enter a secondary user Y/N:
2l1 user slots in use. try again later,
Elapsed time is 0.000032 secondg.

do u want to empty a slot:

wd
T T g

¥

wvhich slot do u want to smpty for ur entry: 3

s5lot3 is fired
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7.2 Conclusion and Results of the Simulation

Here we have pointed out the problems in the original model and also sug-
gested the improvement we can do. We have also simulated major feature
of cognitive radio of spectrum sensing and tried to allocate and deallocate
spectrum at run time with minimal computation time. The computation
time of our algorithm comes out to be 0.000167(on an average), however, we
ran the same code on a no. of systems and realized this was the CPU time
which depends on the strength of CPU. In future we would be simulating the
proposed idea for better and more functional and realistic cognitive radio and
try to produce precise experimental results. We would also try to run the
code for an actual spectrum data rather than using dummy self constructed
spectrum plot. This second segment of simulation of a CR system has no
boundaries and can be extended up to any level with more and more features
and functionalities.
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Chapter 8

Conclusions and Future Direction

In this chapter we summarize the work done in the thesis, draw the conclu-
sions, and suggest directions for further research.

8.1 Conclusions

Wavelets and cognitive radio are the terms that the wireless community has
heavily exposed to over the recent years. It is anticipated that in the near
future, the wireless community will be encountering that these terms are
mentioned jointly in the context of the spectrum efficiency and opportunistic
spectrum usage and eliminate the concept of coarse spectrum allocation,
thereby minimizing the cost and increasing efficiency and security. In the
light of this expectation, in this thesis,an implementation of some features
(as spectrum sensing and denoising of signals) are given. The cognitive radio
concept is introduced, and its requirements and objectives are explained in
detail. The seeds of the ‘future’ have been sown, and hence, it is proven that
wavelet is a very appropriate candidate both for implementing or supporting
cognitive radio. The individual studies and their scope have already been
discussed at end of the chapters.

8.2 Scope and Future Direction

In this part of the thesis, we will discuss the scope of cognitive radio and
scope of increasing its performance and major challenges faced.
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8.2.1 Scope

As new and more complex communication standards are developed around
the globe, the demand for new transceivers architectures will also grow. How-
ever, more and more often the available capital, both cash and human, limit
the designs that can be tackled. Fortunately, CR will be available for a se-
lect and growing group of these architectures that allow a single platform
to leverage into many diverse designs. As seen here, this has many distinct
advantages and is not limited to interoperability, investment retention and
great flexibility. As with any software project, quite often the potential is
only limited by the imagination of the designer. Fortunately, the last decade
has seen significant advances in semiconductor technology that has caused
impressive gains not only in performance but also in cost. CR is one area
that has greatly benefited from these varied technologies and will continue
to do so as the meaning of SDR is developed just as the history of program-
ming languages has done. While CR will be the solution to all communication
problems, it will offer robust solutions to challenging design issues in the com-
ing years. However, there are still some challenges preventing full acceptance
of this technology. The two main issues are cost and power. Interestingly, hi
these two have a first order positive relationship; solve one problem and the |
other will only get better. The issues we faced were basically regarding the

material available. Since it is a recently developed area, it is difficult to find 1
the exact material you are looking for.There are only limited no. of results i
available on the search engines. Despite these challenges, CR is a revolution-

izing concept that would help to build integrated devices(gadgets) composed

of PDA’s ,pagers and many more single purpose gadgets we use today.

8.2.2 Future Directions

The CR that has been simulated in this thesis is only an initialization phase.
Only the spectrum sensing, allocation and de-allocation of spectrum at rum
time has been simulated with denoising of signal and minor changes in wave-
forms.can be done at run-time according to user’s will. This task is a process
of imparting knowledge (artificial intelligence) to a system and hence is a
never ending experience. Spectrum sensing by far is the most important
component for the establishment of cognitive radio. However, the compo-
nents of the cognitive radio concept are the ability to measure, sense, learn
and be aware of the parameters related to the radio channel characteristics,
availability of spectrum and power, radios operating environment, user re-
quirements and applications, available networks (infrastructures) and nodes,
local policies and other operating restrictions. Therefore, further research
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could focus on better implementation of CR and enhancing and adding more

features in order to closely simulate real life systems. This thesis could be

extended by adding more functionalities such as deciding modulation types,

carrier frequency, signal recovery etc. So that our system can counteract the !
noise and interference problems of a communication systems, thereby mini-

mizing the costs and processing times. Again, it is a totally creativity based

thesis and challenges the reader or pursuer of the thesis to think out of the

box and excavate new ways of making cognitive radio a reality.
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Appendix

A-Code for Sensing allocation

clc;
close all;
clear all;

t = 0:0.00001:0.001;

cfl = 1000; 3
cf2 = 2000; l
cf3 = 3000; i
cf4 = 4000;
cf5 = 5000;
Fs = 12000;

yl=1;y2=0; y3=0; y4=0; y6 =0; Y=0; y = 0;
x1 = cos(2%pi*1000%t) ;
inp = input(’\nDo you want to enter first primary user ? (Y/N) ’,’s’);

if(inp == °Y’ | inp == ’y?)
yl = ammod(x1,cf1,Fs);

end
inp = input(’Do you want to enter second primary user ? (Y/N) ’,’s’);
if(inp == ’Y’ | inp == ’y°’)
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y2 = ammod(x1,cf2,Fs);
end
inp = input(’Do you want to enter third primary user ? (Y/N) ’,’s’);

if(inp == Y’ | inp == ’y?)
y3 = ammod(x1,cf3,Fs);

end
inp = input(’Do you want to enter fourth primary user ? (Y/N) ?,’s?);

if(inp == ’Y’ | inp == ’y’)
y4 = ammod(x1,cf4,Fs);

end

inp = input(’Do you want to enter fifth primary user ? (Y/N) ’,’s’); ~
if(inp == Y’ | inp == ’y’) ' é

y5 = ammod(x1,cf5,Fs); )
end

y =yl +y2+y3+y4+ yb;
while(1)
Pxx = periodogram(y);
Hpsd = dspdata.psd(Pxx,’Fs’,Fs);
plot (Hpsd);

inp = input(’\nDo you want to enter a secondary user ? (Y/N) ’,’s?’);

if(lnp 2 l lnp —_ )y!)

tp=0;
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chekl = Pxx(25)#%10000; !
chek?2 = Pxx(46)%10000; ‘ §
chek3 = Pxx(62)*10000; ;
chek4 = Pxx(89)*10000; !
chek5 = Pxx(105)*10000; ’

if (chekl < 8000)
disp(’Assigned to User 1 as the slot was empty.’);
y1 = ammod(xi,cfl,Fs);

elseif (chek2 < 8000)
disp(’Assigned to User 2 as the slot was empty.’);
y2 = ammod(x1,cf2,Fs);

elseif (chek3 < 8000)
disp(’Assigned to User 3 as the slot was empty.’);
y3 = ammod(x1,cf3,Fs); o

elseif (chek4 < 8000) €
disp(’Assigned to User 4 as the slot was empty.’);
y4 = ammod(x1,cf4,Fs);

elseif (chekb < 8000)
disp(’Assigned to User 5 as the slot was empty.’);
y5 = ammod{(x1l,cf5,Fs);

else
disp(’all user slots in use. try again later,’);
tp=1;

end

figure _

y=yl+y2+y3+yd+yd,

Pxx = periodogram(y);

Hpsd = dspdata.psd(Pxx,’Fs’,Fs);

| plot (Hpsd) ;

Ydeallocation
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if (tp==1)
inpu=input(’do u want to empty a slot: 7, rEryy
if (inpu==y’)
inpu=input (’which slot do u want to empty for the new user: g
switch(inpu)
case (’17)
y1=0;
disp(’slotl is deallocated’);
y =y * 32 % y3 + yd % y5;
Pxx = periodogram(y);
Hpsd = dspdata.psd(Pxx,’Fs’,Fs);
plot (Hpsd) ;
yA break;
case(’2’)
y2=0;
disp(’slot2 is deallocated’);
yo=iglid g2+ g0 y4 +0y6;
Pxx = periodogram(y); _
Hpsd = dspdata.psd(Pxx,’Fs’,Fs); i
plot (Hpsd); }
A break;
case(’3?)
y3=0;
disp(’slot3 is deallocated’);
y =yl +y2+y3+yd+ys;
Pxx = periodogram(y) ;
Hpsd = dspdata.psd(Pxx,’Fs’,Fs);
plot (Hpsd) ;
% break;
case(’4?)

y4=0;

disp(’slot4 is deallocated’);
¥y Sy s

Pxx = periodogram(y);

Hpsd = dspdata.psd(Pxx,’Fs’,Fs);
plot(Hpsd);

% break;
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case(’5?)
y5=0;
disp(’slot5 is deallocated’);
y =yl +y2+y3+yd+y5;
Pxx = periodogram(y);
Hpsd = dspdata.psd(Pxx,’Fs’,Fs);
plot (Hpsd) ;
% break;

otherwise disp(’invalid slot number entered’);
%break;

end Y%switch end
end
end
WIIIII71771777777//Adding Noise///////////11/1/111/
inpu=input (’do u want to add noise: ’,’s’);
if (inpu=="y’ |inpu==Y’)
d = input(’Enter the SNR in dB: 1
figure !
Y = awgn(y,d); 5
Pxx1 = periodogram(Y); }
Hpsd = dspdata.psd(Pxx1,’Fs’,Fs);
plot(Hpsd);
disp(’adding noise’);

chekl = Pxx1(25).*10000;
chek2 = Pxx1(36).%10000;
chek3 = Pxx1(62).%10000;
chek4 = Pxx1(89).%10000;
chek5 = Pxx1(105).%10000;

if (checkl < 8000)

disp(’User 1 is not present.’);
else

disp(’User 1 is present.’);
end

if (check2 < 8000)

disp(’User 2 is not present.’);
else
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disp(’User 2 is present.’);
end

if (check3 < 8000)
disp(’User 3 is not present.’);
else
disp(’User 3 is present.’);

end

if (check4 < 8000)
disp(’User 4 is not present.’);
else
disp(’User 4 is present.’);

end

if (check5 < 8000)

disp(’User 5 is not present.’);
else

disp(’User 5 is present.’);
end

end !

Lot hhhlslototolotoloh ol hlehAt tenuating the signallihhhhil

temp = input(’Do you want to attenuate the signals? [Y/N]: ¥, 282 )
if(temp == ’Y’ | temp == ’y’)

Y££=0;

aF = input (’Enter the percentage to attenuate the signal: 1)y
figure

tem = aF/100;

tm = 1-tem;

Z = y.*tm;
disp(’attenuating...’);

grid om
plot(Z);

figure

ol




Pxx4 = periodogram(Z);
Hpsd = dspdata.psd(Pxx4,’Fs’,Fs);
plot (Hpsd) ;

checkl = Pxx4(25).%10000;
chec\qquad k2 = Pxx4(36).*10000;

check3d = Pxx4(62).%10000;
checkd4 = Pxx4(89).%10000;
checkb = Pxx4(105).%10000;

if (checkl < 8000)

disp(’User 1 is not present.’);
else

disp(’User 1 is present.’);
end

if (check2 < 8000)
disp(’User 2 is not present.’);
else
disp(’User 2 is present.’);

end §

if (check3 < 8000)
disp(’User 3 is not present.’);
else
disp(’User 3 is present.’);

end

if (check4 < 8000)
disp(’User 4 is not present.?’);
else
disp(’User 4 is present.’);

end

if (check5 < 8000)

disp(’User 5 is not present.’);
else

disp(’User 5 is present.’);
end
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end
end

%if rerun the program
temp = input(’Do you want to re-run the program? [Y/N]: ’,%8%);

if(temp == Y’ | temp == ’y’)
disp(’Enter the users again’);
else
break;
end
end
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