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Abstract

This thesis investigates the optimisation of Coarse-Hind @pEctrum sensing architec-
tures under a distribution for Dynamic Spectrum Acceds (DSA). Three differ-
ent detector architectures are investigated: the Coart@x@&ine Detecto (CSHD), the
Coarse-Deciding Fine Detectdr (CDFD) and the Hybrid Coarse-Bietector (HCFED).

To date, the majority of the work on coarse-fine spectrumisgn®r cognitive radio
has focused on a single value for fR&' L This approach overlooks the key advantage
that[CF sensing has to offer, namely that high powered sigraisbe easily detected
without extra signal processing. By considering a rand&81] values, the detector can
be optimised more effectively and greater performancesgaalised.

This work considers the optimisation[of ICF spectrum sensthgmes where the security
and performance are treated separately. Instead of optgnsystem performance at a
single, constant, ol N R value, the system instead is optimised for the average tpera
ing conditions. The security is still provided such thatret low[S N ] values the safety
specifications are met. By decoupling the security and padoce, the system'’s average
performance increases whilst maintaining the protectioitensed users from harmful

interference.

Xl



The different architectures considered in this thesismarestigated in theory, simulation
and physical implementation to provide a complete ovenoéthe performance of each
system. This thesis provides a method for estimdfAgR] distributions which is quick,
accurate and relatively low cost. The CSFD is modelled andliaeacteristic equations
are found for thé_ CDED scheme. The HGFD is introduced and ogditioin schemes for
all three architectures are proposed.

Finally, using the Implementing Radio In Software (IRIS) t#bet to confirm simulation
results CF spectrum sensing is shown to be significantlykguithan naive methods,
whilst still meeting the required interference probapitates and not requiring substantial

receiver complexity increases.
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Introduction

1.1 Introduction

In recent years spectrum usage has increased dramatitha#yproliferation of portable
devices using mobile information services has causedgpedcarcity issues. Cognitive
Radio [CR) has been proposed as a possible solution to thisspndiifR, as defined by
Mitola [1], is an intelligent system capable of using contex information to provide an

improved service to the user. [A_CR should be capable of pnogidervices based on

1



1.1. INTRODUCTION

various conditions, such as location or spectrum occupa@e of the most exciting
possible applications 6f @R is Dynamic Spectrum Access (DSA)

is the key technology that would alldw CRs to solve the airspectrum scarcity
problem. Usind DSA & CR would be able to transmit in a licensaidbof spectrum,
provided the licensed Primary Usér (PU) is not interferethwi his ability should free,
In many cases, a significant amount of spectrum for oppaticnise. It is estimated that
current usage in licensed bands varies from 15% to 85% [2¢ré&fbre, a large amount
of BW could be re-used with this method.

Termed thé CR standard, IEEE 802.22 requires that, whén the §#hsing the channels,
it should be able to detect signals withiS&V Il as low as -21 dB with a probability of
missed detectionK,,;) of, at most, 0.1 and a probability of false alarfy{) of, at most,
0.1 [3]. This sensitivity ensures that the ICR will not inteefavith receivers at the edge
of the primary network, where the primary user signal powdow. Being able to detect
these very weak signals requires substantial signal psoagsHowever, not all signals
will require this level of receiver complexity.

For example, consider the situation illustrated in Eiglvihitre 4 CR scanning four bands
as it is attempting to detect a spectrum opportunity, or$peece, in one of the four bands.
The ranges at which thie CR is required to detect transmisfiomseach of the four PUs
are shown for each of the bands. Only the fourth band is dteaifar transmission. If the
uses the full signal processing on all channels then itdetiéect the available band, or
“spectrum hole”. However, band one and band two containdriglowered signals and
do not require such treatmeni_ICF spectrum sensing can rédedeefficiency of this
method.

In a sorting based architecture, such as the Coarse-Soitieg¥etector[(CSED) consid-

ered in Chapter 5, the receiver can gain some preliminarynmdtion about the spectrum

2



1.1. INTRODUCTION

lBond 1
liBand 2

BBand 3
BBond 4

Figure 1.1: Typical Signal Environment with PUs at Differ@®istances to the CR

which helps it to choose the bands that are more likely to leecupied. When the signal
sources are not equidistant from the receiver, such as iflElg thdSN 2 will vary and
significant sensitivity is not required to detected the pneg of all the signals. The signal
strengths at the_GR vary from very high, Band 1, through mediwength, Band 2, to
signals that are too weak to be detected and the bands asretbflee, Band 4. If an
estimate of the power in each band is found, then the bandsecardered with respect to
this estimate. As long as the noise power is constant adnedsands, the bands without

signals present will have a lower average power than thedaitt signals present. This

3



1.1. INTRODUCTION

estimate is found using an energy detector, as in SectignaB® for the environment

illustrated in Fig[[1.11, the output will resemble Hig.]1.2.

Y Coarse Sorting Output

Band 1 Band 2 Band 3 Band 4

Figure 1.2: Energy Detector Output for Bands Under Sortirity w900 Energy Detector
Samples per band Used for Sorting

It is clear that either Band 3 or Band 4 is the most likely to be fteus the detector would
start its detection attempt in either channel three or cébfionir. This more informed se-
lection of channel sensing order will reduce the number tdateon attempts, on average,
and, therefore, increase efficiency.

Another option fof CF sensing is to exclude channels thatiked/Ito be occupied. This
can be thought of as deciding to remove the higher powereghelisiand is termed here
a Coarse-Deciding Fine Detector (CDFD). This architecturievisstigated in detail in
Chapter 6. For example, if the detector sequentially chemkkWver power signals and

excludes any results where a signal exceeds a pre-defireshtid, then the overall effi-

4



1.1. INTRODUCTION

ciency can be increased. This can be performed by takingasarg numbers of samples
with an energy detector. The result of this method, for th@renment in Fig.[IT1, is

shown in Fig[LB - Fig1]5.

Y Coarse Deciding Output
2000

1500/

1000/

500,

Band 1 Band 2 Band 3 Band 4

Figure 1.3: Energy Detector Output for Bands Under CDFD: Edetiection Attempt

The first detection attempt uses 1000 samples, and the ssbsgnal, in Band 1, is
detected and excluded. This is shown in Eig] 1.3.

The second detection attempt uses 10,000 samples and th&tnoeegest signal, in Band
2, is detected and excluded. This is shown in Eigl 1.4.

The third detection attempt uses approximately 209,00(pkzsvand this is sufficient to
declare Band 4 free. This is shown in Fig.]1.4. Note that maae tine channel can be
excluded per attempt and also that each detection attenestriat have to exclude any

channels.



1.2. OBJECTIVES

Y Coarse Deciding Output
12000
10000

8000
6000
4000
2000

Band 2 Band 3 Band 4

Figure 1.4: Energy Detector Output for Bands Under CDFD: Sedaetection Attempt

sensing allows significant performance increases whengeraf signal powers pre-
vails. However, to the author’s best knowledge, there has be study published on the
performance df OF sensing under these conditions and no thekists for predicting the

optimum parameters for the sensing schemes, when a ranggaf powers are present.

1.2 ODbjectives

The main objective of this thesis is to answer the followingstion:

“How can a Cognitive Radio Coarse-Fine sensing scheme be gptinfior the pres-
ence of a wide range of signal-to-noise-ratios, such thagisg time is reduced to a

minimum, but interference probabilities remain unchandgedCoarse-Fine schemes




1.3. ASSUMPTIONS

Y Coarse Deciding Output
200 000|

150000
100 000

50000

Band 3 Band 4

Figure 1.5: Energy Detector Output for Bands Under CDFD: Thietection Attempt

based on sorting channels, deciding on channels or a cotidrira both?”

The optimisation of CF spectrum sensing will be investigated optimisation schemes
proposed for threle CF architectures, nanjely CSFD, ODFD and ridhytthe two, Hy-
brid Coarse-Fine Detectdr (HCFD).

1.3 Assumptions

Some assumptions have been made during the course of thks Wlmst are common

assumptions when dealing with CR systems and are summassed h

e The noise is assumed to be Additive White Gaussian Néise (AW&@id)a suf-
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ficiently accurate estimate of the noise power is availallee signals are also

assumed to have a Gaussian distribution.
e The noise power in the bands is approximately equal, or isvkno

e The[CR and’PU can move in space but are assumed to be relatagbnary and
that their locations do not change quickly relative to thessgg period. In addition,
the[PU transmissions are assumed to vary with periods signtfy larger than the

sensing time of the GOR.

e The[PU insists that the 10% false alarm and missed detettes must still be met

at -21dB, even if knowledge of tlig¢/N 2 distribution is exploited.

e The receiver has no additional knowledge of the conditiorthé sensing environ-
ment, such as correlation in occupancy between adjacedskaard, thus, can only

search randomly.

e This work is based on a sindle CR attempting to find free spectitiis assumed
that there are no other CRs available with which[thé CR can catgp&r improve

performance.

e Forthe CSED it will be assumed that the signal powers in thel®are independent
and identically distributed (i.i.d.). Whilst not strictlyue, it reduces the computa-
tional complexity substantially, whilst not introducingyasignificant inaccuracy.

This will be discussed further in Chapter 5.

e Finally, it has been assumed that the receiver front-endvhasple Phase Lock
Loops [PLLs) or the receiver has a wide-band front-end, shiahthere is no sig-

nificant time penalty when switching between channels.

8
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1.4 Contributions

The contributions of this work are as follows:

1. A reliable method for generating an estimate @& 1] distribution using 4 CR

attempting opportunistic access is shown.

2. A model of the_LCSED is derived that is significantly quickkeart Monte-Carlo
simulations, whilst remaining sufficiently accurate ovewide range of practical

conditions.

3. Optimisation equations and schemes for a CDFD are deriaaliag a fast and

accurate optimisation of the system.

4. AHCED Architecture is introduced, using the C3FD and CDFDi¢ectures, and

is shown to outperform both methods.

5. Itis shown that optimising these detectors using a umfdistribution can replace
the need for in-line optimisation ah®lN /] estimation, without reducing perfor-

mance significantly, under the operating conditions ingestd here.

6. Results were generated from an implementation of eacleoétteiver architectures

on a test-bed that showed the architectures work in practice

1.5 Outline

In Chapter 2, the current state of the arf_in|CR is discussedtirgavith an overview
of the field, various topics are discussed, focusing on specsensing applications. The

current options fof_ CF spectrum sensing are reviewed andsisd. Also discussed are

9



1.5. OUTLINE

the various test-beds currently in use and[thé CR systemtectinies used in each test-
bed.

In Chapter 3, some basic theory is introduced. The basicsarfygrdetector operation,
including the issue of noise uncertainty, are investigafidte effects of fading channels
and time varying channel occupancies are also consideradkav Chain theory is also
introduced and the relevant equations governing Markov@hstiown. Finally, the IRIS
system and the Cognitive Radio Experimentation Wadrld (CREW)kedtare examined
and thé IRI$ architecture’s structure shown.

In Chapter 4[SNT Probability Distribution Function(PDF) estimation is @stigated.
Various strategies for generating sampl& i PDFs are considered. In-line sensing is
chosen as the most promising candidate and the advantagjdgsadvantages are shown.
Testing and verification of the method is performed, bothiimugation and on the RIS
system.

In Chapter 5, th€ CSHD architecture is considered. A new mddledCSFED is gen-
erated that matches Monte-Carlo simulations closely, whiiguiring significantly less
(=~ 80 times) simulation time. By using order statistics to model florting operation
and Markov Chains to model the effects of the sorting on theveait probabilities of the
fine detector, it is shown that the model predictsithe OSFDopeidnce accurately, even
under fading and noise uncertainty conditions.

In Chapter 6, thé_CDHD architecture is considered. The cheriafit equation of the
is derived and three optimisation options investigatéds shown that, by only
allowing one false alarm rate to vary, performance closé¢ogiobal maximum can be
obtained, whilst reducing the complexity of the optimisatsignificantly.

In Chapter 7, the HCED architecture is introduced. The HICFD ismakination of both
techniqued, CSHD ahd CDFD, and has better performance tinen éétector. Itis shown
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that the_ CSFD and tHe_CDFD have close to optimal performanceaovwede range of
[SN Rldistributions when optimised for a uniform distributionsibg this fact, the HCED
Is not optimised directly, rather the parameters for thectets optimised for the uni-
form distribution are chosen and the detector comparedtélother architectures. This
comparison is done both in simulation and usinglthe IRIShestfor a practical imple-
mentation.

In Chapter 8, the work is concluded and future work proposed.
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Literature Review

2.1 Cognitive Radio

In recent years there has been a substantial increase imthenaof data being sent wire-
lessly. For example, in 2010 the Federal Communications Cesiam [FCC) authorized
nearly 12,000 wireless transmitters, almost four times ¢h@000 [4]. This trend is set
to continue with CISCO predicting that, “Global mobile datfic will increase 18-fold
between 2011 and 2016. Mobile data traffic will grow at a ConmgbAnnual Growth
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Rate [CAGR) of 78 percent from 2011 to 2016, reaching 10.8 Exabyer month by
2016" [5].

This increase in demand has come at a time when the majori@ywafable spectrum
has been allocated. However, even when the allocation s kg utilization typically
remains significantly lower [6]. Spectrum utilization of%50 85% has been reported by
some studies [7]_GR has been proposed as the solution tq#tsal shortage problem
[8].

The tern{ CR was first coined by Joseph Mitola in 1999 [9]. Mitbéscribes B CR as an
intelligent radio able to adapt to the needs of its user. [ThiafeRitecture is based on a
Software Defined Radi@ (SDR), allowing greater flexibilitydancognitive engine which

adapts the radio to the situation [1].

Initially, a[CR was defined as a radio which could:

e “Detect user communications needs as a function of usexdnte

e “Provide radio resources and wireless services most appteo those needs”.

Some[ CR research has more recently focused more on the idegnahiic Spectrum
Access[(DSA) [10].

occurs where unlicensed Secondary Users (SUs) arealmuse spectrum owned
by a licensed PU, provided the PU is not interfered with. D$4 become a central theme
of [CR research, and there are a number of technical challehgeseed to be overcome

before it can become a reality [11, 12]. The work in this tha@siconcerned with fast

reliable sensing fdr DSA.
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2.2 Dynamic Spectrum Access

2.2.1 Hardware Requirements

Significant hardware challenges are present when desigmnactical CR for implemen-
tation [2,13]. The IEEE 802.22 standard [3] requires thaf@R be able to detect a signal
at a signal to noise ratioS(V R) of -21dB, with a Probability of False Alarnf,) and

a Probability of Missed Detectiof,j) of less than or equal to 10% and that the entire
sensing process be performed within two seconds. In additi@ fundamental principle
underpinnind_CR is to enable the tailoring of signal chanmgsties to suit the situation.
This flexibility comes at the cost of increased hardware derity. The IEEE 802.11 af
standard also has scope for opportunistic access but [iet]gh this has been envsioned
as using a location awareness based scheme.

The radio front-end must be capable of signal detection aweide range of frequencies
but, at the same time, introduce little distortion. The IE®R.22 standard allows CR
in the bands between 41MHz and 910MHz. For efficient usédge proposed
that the system employ a digital wideband receiver [15]. nfamalogue filter with a
narrowband frontend was used, then the system would nedthatgge the frequency for
each new band being scanned_ATPLL would have to be tuned teethdrequency each
time and the settling time required for the BLL would mosehlkincrease the required
sensing time significantly [16].

For the wideband receiver it has been shown that Analogiizigital Converters[{(ADCSs)
play an important role in determining receiver efficiency][1Hardware imperfections
and quantization noise reduce the efficiency of[the ADC. Theadvyic range required
is quite large, thes N R can be as low as -21dB in some bands but it is possible that it

could be as high as 20dB in others, where the signal sourceasoy and strong. In
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addition, the wideband architecture will, in practice, ued the effectivéS N Rl further
before sampling.

Other hardware implementation issues include non-linfacts from the Voltage Con-
trolled Oscillator[[VCO) used by the P1 L [18]. Typically, monics are generated by the
VCQ, at odd multiples of the fundamental frequency, that d@aluse distortion capable
of compromising the detection algorithm. Finally, all oéte hardware problems need to

be solved by a portable device having low power requirements

2.2.2 Sef Organising Networks

One advantage that a network ofICRs, or a Cognitive Network (Ca$ over traditional
systems is the ability to self-organise [19].LACN differsrfra[CR in the scope of the
parameters that can be changed__A CR is mainly concerned héthhysical layer and
the link layer of the OSI seven layer modelCATCN can optimiserdkie entire operating
conditions. This is illustrated in Fig. 2.1, where the sepkthe two concepts are shown
on the OSI seven layer model.

Self-organisation can occur when a system is allocatinguieacies for individual radio
nodes to use. Self-Organising Maps (SIOMs) [20] can be usadnasthod of Dynamic
Spectrum Managemeni (D$M). By creating.a SOM for the nodewyustiservations of
their local signal environment, it is possible to reduceghabability of interference with
[PUs whilst also allowing the network to communicate effidierin addition, the system
is computationally simple, based on the Hebbian learnidg (@ssociated learning) rule.
It has been shown that SOMs can imprbve DSM, though the speaifount will depend
on the network conditions [20]. Note that the self-orgargshetworks are used for a

distributed network where there is no central controller.
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Figure 2.1: OSI 7 Layer Model and the Scope of CN and CR

An improvement o SOMs fdr R applications is the Increme8&tf-Organising Map
([SOM) [22]. has an intelligent weighting system thibas the system to learn,
starting with a total lack of information, which is the expegtinitial condition of & CR. In
addition [ISOMs allow the weighting system to be changeduilifate shorter or longer
learning periods, depending on the prevailing radio cémastand user requirements.
One threat to self-organising networks is malicious usdrs seek to break the rules of
spectrum sharing [23]. A_QR could lie about its received digmwironment to other
users in the network, thus keeping free spectrum for itsgkidxclaring it occupied. Al-
ternatively, another user may attempt to create interferdar thel PU by declaring an
occupied channel free. Other possibilities for attack dtem the imitation of a primary
user to prevent othér CRs from attempting to share spectrum /2€Nwould have to

be robust to such attacks to be commercially viable.

When 4 CR attempts to access free spectrum, there are two n@inofor the allocation
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of frequency bands. Firstly, there is the case whergfhe BWase of interest in allocating
its band and holds an auction to decide wihich CR is given a¢2Bs26]. Eacli CR can bid
for the spectrum and the auction winner can subsequentthaspectrum for a set period
of time. This allows thé PU to profit from the opening of the gpem to 8. CR which,
it is hoped, would help incentivide PUs to release bands b ORBEA applications.
One drawback of this system is the requirement thaf fhe Ptsees the spectrum before
an auction can be held. Thus, there is no free method fordimgiuthis option in bands
occupied by legady PU systems [27].

Another option is where the secondary users decide to aldba bands fairly between
all users of the network, depending on ech CRs individual {#8JdA centralised node
can decide on the allocation of the bands such that lea¢h Chhsliéér access. If one
node requires more bandwidth than the other nodes and ghgpectrum available, it will
allow the node to transmit with greater bandwidth. One emagjé with this method is
security. If a node lies about its requirements, either toalge the network or to ensure
that its lower requirements are fully met, then the overgdtem performance can be

degraded.

2.3 Spectrum Awareness for DSA

To enabld_ DSA, spectrum awareness remains the key issude[lER does not have
knowledge of the prevailing radio environment, it cannodiguntee that its transmissions
will not interfere with 8’ PU which is, clearly, unacceptable general, thé CR has to
be more sensitive than the PU if it is to ensure that little @interference occurs. For
example, consider the situation illustrated in [Eig] 2.2e[@R has an obstruction between

it and the transmitting PU and receives a low power signak féteivind PU does not
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have any obstruction and receives a relatively high powsigthl. If the CR declares the
channel free and transmits, then it might cause interferém¢he PUs in the band. This

is termed the Hidden Node Problem.

C.R

Obstruction Y (X)

PU (RX).

Figure 2.2: Hidden Node Problem for Cognitive Radios

Another situation is shown in Fi§. 2.3. The distance overohta receiving PU is able to
detect a transmitting BU is shown by the area centred ondherrittind PU. The CR is

outside this region. However, if the CR transmits, then it imilerfere with thd PU at the

edge of the transmitting BU’s range. Therefore, an extrlusian range is required.

In Cabric 2004 [2], the authors present a review of the requergs for spectrum sensing
in a[CR system. The authors also summarize and compare mossifding algorithms.

They show the inherent advantages and drawbacks of eaclodnéttatched filters, en-

ergy detectors and Cyclostationary Feature Detedtors  CAIBY. shown is the potential
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Figure 2.3: Requirement for Extra Sensing for Cognitive Radios

of co-operative spectrum sensing to increase reliabiltliistalso reducing sensing time.
The authors generate a signal environment, in simulattat, is used to show the gain
in performance that cooperation betwéen CRs can provide. Gtoperative system is
compared to several individual radios, which are not coajpay, and a significant per-
formance gain is shown. These tests were also performedutimy optimisation of the
voting rules for the co-operative network and thus, as dised i 2.312, the performance
of the system would increase dramatically with optimisatio

To solve the challenge 6f DSA for CRs, three possible solutEmagproposed.

1. Location Awareness
2. Co-operative Spectrum Sensing

3. Single Radio Sensing
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2.3.1 Location Awareness

Due to the inherent problems associated with spectrum rsgnan alternative method
is to avoid it entirely. With location based spectrum awasa) thé CR uses Look-Up
Tables[[LUTSs), based on its location, to determine whichdsaare available for use, and
at what transmit power. Thege LUTs are often known as getiwcdatabases [29].

In Fig. [2.4 an example of a location awareness scheme is shbhere are seven loca-
tions, each with two possible channels that might be frethdfCR is in location one or

location five, then it can use band one. If it is in locationrfoulocation six, then it can

use band two. If it is any other location, it can use eithehefthands.

1 2 Band 1 Free
Band 2 Occupied

" # Band 1 Occupied
N Band 2 Free

Band 1 Free
Band 2 Free

Figure 2.4: Example Location Awareness Scheme

However, a difficulty for geolocation based systems is presk by quickly changing
bands. If the occupancies of the bands change rapidly, fonple in the Wireless Local
Area Network [WLAN) band, then the database has to be updeggddntly. This also

requires the€ PU to inform the databases of its change, agarofur legacy technology as
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new components would be required on all transmitters.

Despite these issues, for slowly changing bands, such atDiglevision [DTV) bands,
geolocation databases are an effective alternative tarspecsensing [30]. Typically,
[DTVIbands are very slow to change occupancy or transmittation, thus the database
would not require frequent updating._DTV bands generallyecdarge spatial ranges,
thus the number ¢ BUs required to identify themselves igtowlso, sinc€ DTV channel
allocations and transmitter locations are generallycstatis significantly easier for them
to communicate with the database if changes to the databaseeessary.

One final concern for geolocation based systems is the egeint for location infor-
mation within the_ CR. If thé&_CR requires a Global Positioningt8ys(GP$) detector
to determine its location accurately, then the complexatyirsys accruing from avoiding
a spectrum sensor are largely lost when implementing thd @&&*:tor. In addition, in

urban environmentf,_ GIPS signals are typically much lesabtelthan in rural areas [31].

2.3.2 Co-Operative Spectrum Sensing

Co-operative spectrum sensing occurs when mulfiple CRs attiensense the spectrum
and aid each other in generating the result. This can be sd€g.[2Z.5. Even though two
of the five[CRs are obstructed, the system should be able tat de¢goresence of the PU
and avoid interference.

For a network of co-operating CR nodes, there are a number thfauie for determining
the occupancy of the channels. A simple method is to give sade a separate channel
to scan. This allows multiple bands to be scanned quicklydoeis not give the same

advantages of other methods, such as the improvement mgfeabustness shown in [32].

Other methods require the use of a fusion centre. A fusiotreésn alCR where all the
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C.R.

Obstruction

Obstruction
C.R.

Figure 2.5: An Example of Co-Operative Spectrum Sensing

C.R

results are collated to make the decision [33]. This cemidle then communicates the

result and, therefore, the occupancy to all the other radios

The simplest sensing scheme for co-operative sensing ledctile voting rule, or the
counting rule [34]. Each node performs its detection sépbrand sends its decision to
the fusion centre, for example either “1”, if it decides thés a signal present, or “0” if
it decides there is no signal present. Then, the fusion e@aunts the number of nodes

that decide a signal is present and compares this to a thdeghib exceeds the threshold,
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then the system declares the band occupied. It has been shakthe “half voting rule”,
where the threshold is set to be equal to half the number opewating nodes, is optimum
for this method [35].

Instead of sending just the binary decision, sometimesdaihrd fusion, if the nodes send
the numerical result of the detection, then improved pertorce can be attained [36].
This method of co-operative sensing is called soft fusidre flision centre then uses this
information to create a likelihood ratio test that satisftes conditions fof DSA. It has
been shown that soft fusion significantly outperforms hasidn.

However, soft fusion requires sending more informatiomthard fusion. The analysis
performed in Visotsky [36] was for infinite precision sofsfan. For a practical system,
the number of bits transmitted must be limited. To the alsHmast knowledge, there has
been no agreement on the required number of bits but it hassegested that it is not
significantly greater than that of hard fusion [37].

A significant advantage of co-operative sensing over siregl@ sensing is found when
fading is considered. It has been shown that co-operatnsirsg reduces the effect of
fading due to the averaging effect on the fading across thesoThis sensing diversity
gain is present provided the radios are sufficiently far&pdre subjected to independent
fading [32]. For example, twenty radios in Rayleigh fadin@afS N 3 of -21dB require
approximately 1000 samples each, whereas a single raditwequire approximately
4.8M samples, to guarantee acceptable performance [32].

Co-operative spectrum sensing has been shown to mitigate notcertainty [38]. By the
use of a double threshold energy detector at each node, fdetsedf noise uncertainty
can be reduced. Each of the individual nodes uses a doulgshibld energy detector
which has three possible results, namely Signal Preserfi¢Nal Present and Uncertain

(where the detector decides that it does not know the ocaypainthe channel). If the
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width of the uncertainty region matches the noise uncdjtaiins possible to reduce the
uncertainty in the results forwarded to the fusion centre, hard fusion scheme. In a soft
fusion scheme the gain would be analogous to the averagmgsathe nodes in the case
of fading. Once again, this requires that the noise uncgytdie independent across the
nodes [39].

Co-operative spectrum sensing, of course, requires meiltgios to be present, and that
all the radios are willing to co-operate. In the case of alsingdio, or where radios are
too far away from one another to co-operate, co-operatieetspm sensing cannot be
used and the_OR must determine the state of the spectrum mdieqpéy. In addition,
there may be a redundancy of information from some of the sicale€ondition that, to
date, has not been explored in the literature for many of lgparighms. In this work, the
fundamental sensing case will be investigated, i.e. aesiradio attempting to find the

first available spectrum opportunity.

2.4 Single Radio Sensing

For a singlé€_ CR attempting to find a spectrum opportunity thegea number of detection

options for the sensing scheme [40], namely:

1. Matched Filters
2. Energy Detectors
3. Cyclostationary Feature Detectors (CFDs)

4. Other Detector Architectures
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24.1 Matched Filtering

Matched filters are the most efficient method of detectingptiesence of a signal [2]. The
required number of samples for a matched filter grows at fate(d/ SN R) samples at
low[SN LI [41] for static Py, and P,,,. However, the receiver requires perfect knowledge
of the[PU signal characteristics, such as bandwidth, méidalsype, operating frequency
and any other relevent transmission characteristics. dotjwe, it is highly unlikely that
this information will be available to the system. In additiche[CR would require a

separate receiver for all signal types, which is highly iagpical.

2.4.2 Energy Detectors

Energy detectors are a commonly studied detector typle Tor piRcations [18, 32, 34—
37,42-53]. They are simple to implement, requiring litikergutation and no knowledge
of the signal characteristics, other than an estimate ohtlige power. Energy detectors
require more samples for detection than matched filterinty the required number of
samples growing at rate @¥(1/SN R?) samples at low values [40], for static
[ProandP,4 This makes them ideal for co-operative sensing, wherexppeated number
of samples required is low. Also, md@stICF algorithms use gnéegectors as the coarse
detector. This will be discussed further in Secfiod 2.5.

An energy detector operates by estimating the energy in d bad comparing it to a

threshold \ [54]. The output of the energy detectaft, is:

Y =>"|an) % (2.1)

wherex(n) is then'® sample andV denotes the total number of samples taken for the

test. The required number of samples for an energy dete¥tas given by [Z.2). The
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energy detector is addressed in detail in Chapter 3 and i€qubstly used extensively
throughout this thesis.

A fundamental limit of energy detectors, which may impactlogir usability inf"CR ap-
plications, is that of noise uncertainty aS&V 2l walls (anlSNEl wall is anl[SNE] value
below which it is impossible to guarantee performance). RW@as been done to inves-
tigate the effects of inaccurate noise power estimatiorefargy detectors [42]. If the
estimate of the noise power is wrong by a factopd@p # 0) then, where previously the

equation for the required number of samples was:

20Q7 (Pra) — Q7 (1 = Prna)(1 + SNR)J?

N = SNZ , (2.2)
andQ ! is the inverse Q function, the new equation becomes:
-1 =171 _ 2

(SNR—{(p=3))?
As thelSN Rlapproachesy — %), N will increase towards infinity, creating what is termed
an[SN R wall. This sets a lower bound on tl&N R that an energy detector can use
to reliably detect signals. With a noise uncertainty of OB, d has been shown that
of less than -14dB cannot be reliably detected. To deteigmnalswith anSN T
of -21dB a noise uncertainty,, of < 0.017dB is required. This presents a significant
challenge td DSA under the IEEE802.22 standard. Noise taingr is addressed in
more detail in Chapter 3. However this is only for an singlaoagheme using an energy
detector. A single radio using a cyclostationary featutecter does not suffer from noise
uncertainty. In addition, a co-operative scheme using amggndetector can reduce the
impact of noise uncertainty dramatically, though the egacbunt has not been quantified.

An energy detector in the presence of fading suffers sigmifly degraded performance
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[55]. If the signal previously had of v dB, then the fade@ N7 becomes a
distribution with a mean value of. By averaging over this nel@ N I distribution, it is
possible to generate an expression for the A&y of the system and, thus, the number
of samples required. For a signal under Rayleigh fading, @venagéS N Rl of -21dB,
the required number of samples fofFa,| and[P,,4 of 10% is 4.8M, compared to 209k

samples when fading is not present. Fading is addressedriaetail in Chapter 3.

Signal Arrives halfway through sensing wind
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Figure 2.6: A Signal Appears During the Sensing Interval

These equations assume a static environment, where thal sgeither present or not
present and the occupancy does not change during the semt&ngl. If this is not the

case, then a probability based scheme would have to be urttedd as in Ma 2008 [43].
Here the case wherd.a PU begins transmitting during therggimdierval is investigated.

The situation is illustrated in Fig_2.6 wheré_alPU beginsdnaitting approximately mid
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way through the sensing attempt. zifn) denotes thei'* sample of the received signal

then, if the PU begins transmitting at thé" samplez(n) is given by:

< m
z(n) = ) (2.4)

whereuv(n) is then' noise sample ane(n) is then" signal sample.

If the distribution ofm is known it is possible to generate a probability based sehibiat

weights the samples based on the probability that a sigrlehppear before that sample.
This scheme has been shown to perform better than a conmahgioergy detector scheme
for signals that can appear within the sensing attempt,ghaun analysis under different
conditions, such as when the signal disappears after arcpgaod, was not investigated.
This architecture will be proposed later in Chapter 5 and Ghd@pas a possible solution

when the time varying channel significantly degrades peréorce.

One important question is the improvement of the system wtigecondition that the
signal source stops transmitting during a sensing atteiy.weighting would then im-
prove the probability of declaring the channel free buth®author’s best knowledge, the
characteristics of this improvement have not yet been dgfiethin the literature. How-
ever, this is not as important a parameter since the mairecordCR detection schemes

is avoiding interfering with PUs.

In Gahasemi 2007 [45], a formulation for the time requiredsensing is derived, for an
energy detector based scheme. The sensing time is set aséhken to find the first

available channel alV,, channels. The average search tiffig,,., iS given by:

T
Tsearch = F; (25)
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whereT is the search time per band aRglis the average probability of a channel being
declared unoccupied and used for transmissi§ns a function of the detector constraints

and the occupancy profile of the channels.

Both of the systems in [43,45] assume an exponential disioibbdior the channel occu-
pancy duration. This is based on experimental results géebfrom separate studies,

in [56,57]. The occupancy probability, .., aftert seconds is:

Poee(t) = Xe™, (2.6)

where\ is the mean time for switching between states. For quickgngmg channels,
such as Wi-Fi\ could be very small, of the order of milliseconds or secorks. more
slowly changing channels, such[as DTV channels, modelliegchange in occupancy is
less necessary. Under normal circumstances, they can bexappted as static channels
when performing individual sensing attemptg/as,., << A. This is investigated further

in Chapter 3.

Traditionally, energy detector performance has been Bpddy setting the?;, and then
minimising theP,,4, such that the sensing requirements are met. However, teetde
could be designed such that,, is set and thet®;,, is minimised [46]. This, it is argued,
reduces the interference of the ICR on PU, though_ the CRresglinowledge of
the[PU'SISNEl However, if Py, and P,,; are set at the threshold values for the lowest
requiredSN 7 as in conventional schemes, then fhg will be lower for all other values
of[SN L This results in a smaller probability of interfering witfiP&l than the case where

P, is set to the threshold value.

Although settingP,,,; for an individuallSN R] value each time will realise a speed gain,

requiring knowledge of tHE N Rlrenders it less practical. In Sectionl2SZY I estimation
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will be reviewed.

2.4.3 Cyclostationary Feature Detectors

[CEDs rely on the inherent periodicity of man-made signalsetiect these signals in the
presence of noise [58]. A cyclic feature will only appear véhene of the statistical
features of a signal, such as the mean or the autocorrelasigeeriodic. (CEDs have
several advantages over energy detectors and have beedsjude extensively for use
in applications [59-69].

One major advantage of[a_CFD is that different signal type® lukifferent cyclic fea-
tures. It is possible to train @ CFD to recognise the diffeeebetween modulation
types [62, 63, 68]. This allows[a_CR to distinguish betweefediht users in a network
and identify thé PU. However, to the author’s best knowledlye ability of £ CFED to per-
form the identification has not been published for [EW i values and this may reduce
the performance dramatically.

Cyclic features can be embedded intentionally into signalaid with system control
[59-61], even in the presence of frequency selective fadirigs would allow a system
to re-organise itself quickly in the event of alPU returniadthte band, without requiring
a control channel.

[CEDs do not require an estimate of the noise power, thus naisertainty is not a prob-
lem [69]. This is a significant advantage over energy detsctdn addition, the per-
formance of CEDs can be improved upon by various means. Ingsi@tion time can be
reduced by performing &' order cyclic test, though this requires knowledge of thaaig
characteristics for efficient operation [65]. If the cydiiequency is low, then decimation

of the frequency to allow more samples to be taken can impdetector performance
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significantly [66].

A subset of CEDs is the multitaper method. The multitaper othas been shown to
outperform cyclostationary feature detection, whilgt ptioviding all of the features that

make d CED so attractive for CR applications [67, 70], espgorhen filter banks are

used [71,72].

The main disadvantage [of CFDs is the computational complexithe detector. Unless
information is known about the signal, a two dimensionalaeapace is required. The
search is required in both the cyclic frequency and the tieglayddimensions. The al-
gorithm itself is also more complex than an energy detetitoygh it can be accelerated
by Fast Fourier Transforms(EFTs) [66]. Thus, the systeraireq significant processing
power to detect a signal. While CFDs are not directly studigtimthesis, it is a possible
option for the fine detector used in Chapter 5 and the modelala®e can be used with a

fine detector, if required.

244 Other Detector Architectures

Several other detector architectures have been proposeedbthe sensing challenges of
IEEE 802.22. One proposal for the sensing scheme is to have-acfive scheme that
probes the band in question with the aim of increasing detecates [73]. If thé PU has
an active power control scheme then increasing the intaréer in that band will increase
the transmit power, thus making detection easier. Howesrace spectrum sensing is
required to enable tHe CR to avoid interference, there is atigumeof whethef PUs will
be open to a scheme that requires generating interfererms®itth causing interference.
Another option to reduce sensing time is to increase the euwitantennae on the system

[16,44,74]. However, if the total number of antennae iseased on a single radio there
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will be a correlation between the results such that perfoceaayain is sub-linear in the
number of antennae. Indeed, it seems very unlikely that b@haae would need to be
implemented on a single radio [44]. A better performance gaicrueing with multiple
antennae is realised when statistical covariances are [dS¢d However, once again,
the requirement that the antennae be sufficiently sepgpateally such that the noise is
uncorrelated, is difficult to achieve in practice, espégiah a handheld device. It is worth
noting that the analysis presented in [75] can be used fapevative sensing where the
radios are connected through a broadband control chanh&.highly likely that this
would reduce the problem of correlation significantly.

Wavelet transformations can be used instead of tradititmalsformations to improve
upon the performance of the detector. A Wavelet transfaonadllows edge detection
that can be more efficient at finding the occupied and unoedupands. The detector
identifies all the locations at which the PSD changes sigmitig, usually denoting the
edge of a band. This information allows {helCR to select thel®#mat have lower PSD
and are, therefore, more likely to be unoccupied [47]. Thethad is more appropriate
for selecting promising candidate bands for another detagpe, such as a CHD and,
therefore, wavelets will be discussed again under the C-dctiatarchitectures in Section
2.5.

Compressive Sensing allolvs CRs to detect signals when samgitaasl the Nyquist rate
[76, 77]. However, it is quite computationally intensivedarequires significant signal
processing. When optimised for a single signal, multi-resoh Bayesian Compressive
Sensing can be performed more quickly and with fewer santipggsnormal Compressive
Schemes [78] but, again, the computational overhead is.larg

Detector performance can also be improved by changing tirelsscheme used [79, 80].

Consider Fig[2]7, where the channels are correlated in ao@ypwith a correlation of
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A. If a channel is occupied then the probability that the né&xenmel is also occupied is
A. Thus, if a channel is occupied, the adjacent channels are hikely to be occupied,
for A > 0.5. Traditional methods are a random search scheme, wherehédmnel is
selected at random or a serial search, where the channeiglasted sequentially. For
high correlation values ( e.g. in the range > 0.9) a scheme called the n-step serial
search outperforms both methods. Instead of sequentialiécting the next band, the
scheme skips the nextbands. This reduces the probability that the channel schisne
in a similar state to that of the previous channel. The scheentormed better than the

random search for a channel correlatiomof 0.9 where the occupancy was 70%.

@ @

Figure 2.7: Markov Model of Correlated Channels

Itis argued in [79,80] that, without additional informatidhis is the most efficient search
scheme that can be implemented. Howelvet, CF sensing allahtsomal information to

be generated that increases the efficiency of the search.
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2.5 Coarse-Fine Detectors

An obvious compromise between the energy detector’'s spegédhe CED's ability to
detect weak signals is to use the energy detector first toti@éighS N 7] channels and
then thé_CED to decide between IBW I channels and unoccupied channels. This type
of detector is called[aCF detector or a multi-resolution ctete The more accurate of the
detectors, usually called the fine detector, can be of angtsieiarchitecture (eg[a CFD or
an energy detector), provided the interference consgrairg satisfied. The architectures

can be divided into two types:

1. The coarse detector sorts the channels for the fine defé8ta7-50].

2. The coarse detector decides on the occupancies of sorhe ohannels and then

the rest are scanned by the fine detector. [16,51,52,81-84].

A sorting basefl JF detector accelerates the radio’s attenfipick the first available chan-
nel. The sorting of the channels allows the fine detector tkerbatter decisions regarding
which channels to scan first. It does not, however, reducevérll time to find the occu-
pancies of all the bands. Thus, it is more applicable to s@na where finding a channel
to transmit is the main goal.

A deciding base@ GF detector reduces the time to find the oocigmof all the bands.
The bands containing higEN 1] signals are declared occupied by the coarse detector
and the fine detector is only run on bands about which the eadatector is uncertain.
Generally, this reduces the time to find the first band. It isegally more applicable for
situations where the_GR requires complete spectrum knowledg

Both[CH sensing types are investigated in this work. The sphiased scheme (denoted

the[CSED) is investigated in Chapter 5, the deciding basedrseljgenoted the_CDED)
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Sorting Deciding
Scan All Scan

Coarse Channels Channel
Sort Decide

Occupancy

. Scan Repeat Scan
Fine Sequentially if empty

S———

Figure 2.8: Coarse-Fine Architectures

is investigated in Chapter 6 and a hybrid of both (denoted I6&B) is investigated in
Chapter 7.

25.1 Sorting Based Coarse-Fine Sensing

In Yue 2009 [48], a one-ordér CFD [65] is used as the secondztgctbr. A one-order

also relies on the inherent periodicity of man-made d$gyna this case, the detector
uses the periodicity of the mean of the signal to improveaetgerformance. The coarse
detector uses an energy detector to sort the channels wfbkctto the energy in the band.
Based on this estimate, the channel that is most likely to ée i scanned by the one-

order CED fine detector. The system performance is not showmdidtiple channels or
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using the coarse detector, only results for a single deteetitempt using the one-order
are shown in [65]. If the analysis of Chapter 5 was extenddtis architecture,
using the one-orddér CED as the fine detector, then the numbsanoples used by the
coarse detector could be optimised accordingly.

In Hur 2006 [47], a wavelet based scheme was implemented.sy$tem used wavelet
transforms for the coarse section to identify spectrum dppdies. The output of the
coarse section gives a tuneable resolution for the spectsiimation without any hard-
ware changes, a very useful feature[for] CR. It is not clear friosiwork whether the
authors intended the scheme to merely sort the channelsmake decisions on occu-
pancy, though the wideband nature of the wavelet transf@timate of the spectrum
would be more suited towards the former. The fine detectat isse Temporal Signature
Detection technique. Since man-made signals are gen@eiilydic, correlating a signal
with a delayed version of itself results in a peak where thegdeof the signal is equal to
the delay used. Since it does not exhibit this feature, aasicgm be detected from noise
with fewer samples than an energy detector, though at aeased computational cost,
especially if the period of the signal is not known in advaand must be searched for.
In Park 2006 [18], the hardware issues associated with tiveletaimplementation of a
coarse detector scheme were investigated. Again, the mgpliation uses the wavelet
transform to search the spectrum in a coarse manner, witbabability of being tuned
to finer resolutions. However, the main focus of [18] is onimising the effects of the
hardware components’ non-linearities on the sensingtsesul

In Luo 2009 [50], a variant of tHe CF system is used. The deterstes a coarse-detector
over a group of bands to find a group that might contain an wymed band. This method
uses a coarseness in the frequency resolution, rathemtiiamaccuracy of detection. This

method allows a number of bands to be scanned with fewer opesghan in traditional
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detection schemes. The system is examined for differetthe/of the coarse detection

scheme, but only fdE N7 values greater than 3dB. In addition, {R&/ 1 is a single
constant value across all channels. This scheme could,Veowee used to increase the
speed of the detectors used here, as it identifies a groupndfliaat appear to contain
a spectrum opportunity. If the HCEFD from Chapter 7 was then wsethis group of
bands even greater performance gains may be realised. Sreetlsat might reduce the
effectiveness of this scheme is the assumption of equal poweach band. If there is
a signal with a very largg’N'ZZ] in one of the groups of bands then it will increase the

averagdSN [ of the bands, such that the coarse detector decides thaatiteis not

likely to contain any opportunies, even if some of the banddrze.

2.5.2 Deciding Based Coar se-Fine Sensing

In Maleki 2010 [51], d_CF system using a cyclostationary feauetector as the fine
detector is examined. An energy detector scans the charstedrid, if the energy detec-
tor does not declare the channel occupied, the cyclostaiidieature detector scans the
channel. If either detector declares the channel occupeedeéxt channel is then scanned.
Unlike other work, the authors treat the system as a singlectte and attempt to find
the overall probability of missed detection and false alaiirthe problem is formulated
as an attempt to maximise the probability of detection, m@eminimum required prob-
ability of false alarm. By deriving expressions for the trasls of both the coarse and
fine detectors enabling the combined detector to have a mim{f, g for a specifi¢P;,}
the authors show that the optimisation can be easily pegdrr®imulation results show
that the detector has, on average, both a reduced meanidietacie and a reducéfl,,

when compared to a cyclostationary detector alone. Themsysatas not, however, anal-
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ysed for environments where tlEV ] is not constant across the bands, as is studied in
Chapter 6. It is envisaged that further optimisation woulghbssible and that the system
performance would be even better, when compared to othectdetypes.

In Ejaz 2012 [82], the detector architecture in [51] is adted matched filter to create
an “iDetection” scheme. If tHe OR is aware of the parametetis@PU in the band then a
matched filter can be used as it is optimum. Knowing the patrarmef thé PU is difficult,
however, and without this knowledge no net gains accruedditian, the.CR would not
be able to detect the presence of ofhet CRs in the channel eimgatched filter, if they
are of a different signal type to the primary user.

In Zamat 2008 [52], a dedicated receiver is investigated allCF architecture. The main
receiver does not sense the channel in this scheme, ralkdicated receiver is used
to improve performance. The system uses a constantly ungdlafi T to decide the chan-
nels to be scanned. THiSTUT is updated via the coarse sestsigg and is used to decide
which of the channels are to be scanned and which are probablpied. The coarse de-
tector architecture is varied, using a matched filter if igeal characteristics are known.
If the signal characteristics are not known, the system asenergy detector based BFT
method to generate an estimate of the spectrum. [Thi$ FFToaetfiows the spectrum
estimate to be generated in parallel for all bands.[The FRhaodes also quick, efficient
and tuneable. The results of [52] indicate that the dedicasmsing receiver system al-
lows significantly reduced sensing times. The dedicatedisgmreceiver system could
begin transmitting after 50.1 ms, compared with 5.5 s fatiti@nal architectures. These
results were, however, based on a single theoretical gituahd the actual improvement
of the system, on average, is not derived.

In Zhang 2010 [84], using QF sensing to reduce the effectsisEnmcertainty is investi-

gated. By using a double threshold energy detector as theedatector it is possible to
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reduce the impact of noise uncertainty. The proposed detiscmnore robust to noise un-
certainty than an energy detector as well as being quicleer dhcyclostationary detector.
In addition, it has a higher probability of detection thaa #nergy detector, especially at

low [SN T

In Geethu 2012 [83], & QF system with a Covariance Absolutee/fIAV)) detector for
the fine detector is investigated. The GAV fine detector is dasethe detector of [75].
This detector differs from conventiorial CF detector schelmyemnabling the coarse detec-

tor to declare a band free. This ability requires knowledgbaelS N R}, which the detector

does not estimate. If an estimate of (R& lis available, then the performance increase

Is significant. In addition, this architecture requiressleensing time than conventional

schemes (e.§._CEDs).

In all of the[CF systems discussed here[fl€ ] is kept constant across the bands. To

the author’s best knowledge, there have beeln o CF studidishpedbthat investigate the

performance of a system where {Ré/ [l is taken from a possible set of values. This
situation is likely, in practice, to be more realistic ands the basis for the work in this

thesis.

In addition, few works [49-51] attempt to optimise the ceasection of the detector.
Usually, the coarse detector is simply specified as an eiimiaing an energy detector,
or some similar scheme, and the parameters of the coarsetatedee not investigated.
The question of how coarse the coarse detector should béamswered. If the detectors
were analysed using the methods in Chapter 5 and Chapter 6[faY alhdistribution then

itis envisaged that they could be optimised and furtherquerénce gains realised. Unfor-
tunately, it is difficult to compare the schemes as each wakas different assumptions

about the prevailing channel conditions.
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2.6 Cognitive Radio Test-beds

A number of test beds have been set up by research instgutmnest the theoreti-
cal designs in real environments. In the Centre for Telecomcations Value-Chain
Research[{CTVR) in Trinity College, Dublin, the TRIS system [86] is available for
EU researchers. The IRIS system uses a Universal Software Radpheral(USRP) as
the radio front-end [87]. Thie USRP is the most common radiotfemd in use and all
the systems considered here use it. ThellRIS system is usadl fwactical work in this

thesis, primarily in Chapter 4 and Chapter 7.

Figure 2.9: IRIS System with USRP front-end

Other test-beds exist that use similar systems such as Gilit @8] and the Berkeley
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Emulation Engine Z(BEE?2) [89-92]. GNU radio differs from system in terms of
the scope of previous implementations. GNU radio has had@hestory (it commenced
in 2001), many test-beds use it and many systems have beé&memptied on it.

In[91,92], thd BEEPR system is used to test practical issugSRbapplications. The need
for a practical implementation [ CR systems is argued. Tfecef of frequency offset

and noise uncertainty are investigated. The modificatiomeE N7 walls due td_FET

length is shown, where a londer HFT can have a I8 wall than a shortdr FBT. In
addition, practical results for the gain possible from alodrative sensing show that, for
the signal environment used for the test, five collaboratatjos improved the detection
rate to 97%, compared to 63% for a single radio. The impagpafial separation on col-
laborative sensing is also shown, since if the radios hadrexpced independent fading,

the detection rate would be approximately 99%.

2.7 SNR Estimation

One of the contributions of this work is the ability to estimalS N 3 distribution accu-
rately.[SN I estimation has been studied in several papers [93—96]. hke&1D80 [96],

a closed form solution for the distribution of tBEV R, when estimated using an energy
detector, is derived. It shows that, for a small number offgas) it is difficult to get an
accurate estimate for tiieN I}, especially if théSN lis low. It is recommended that the
energy detector is not used estimation. In Chapter 4 an energy detector is used
for estimating th&SN I3, however, there are a few key differences in how the energy de
tector is used. Firstly, a single valuel®V Iilis not expected, rather &V R distribution

will be generated that will describe the possible range &ieafor thdSNT Conse-

quently a small variance in the result is generally tolezal$econdly, from simulation
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results in Chapter 5 and Chapter 6, the systems that are beiimgisgal are relatively
robust with little performance loss for slight errors in & R distribution estimate. Fi-
nally, there will be a large number of samples for each eséngeanerated, which will
reduce the variance of the output.

In Matricciani 2011 [93], af N ] distribution is estimated from Bit-Error Rate (BER)
measurements in Binary Phase-Shift Keyihg (BPSK), Quadra@lrase-Shift Keying
(QPSK) and Quadrature Amplitude Modulatign (QAM) systerihie[SN F] at the re-
ceiver is shown to be lognormal in shape, with a mean andnegigroportional to the
error rate. This method works well for a sufficient number wbes, reportingS N I3 er-
rors of less than 1dB for a wide rangel[8fVF] values. However, only positMEN Rl
values are analysed. This is an inherent feature of thiesysthe BER measurements
require data transmission. At very I¢V ] values thé BER would be sufficiently high
to render transmission too lossy to be reliable. Althougtilie applications envisioned
in [93] this is not an issue, for R DJA itis. Indeed, there isvay for the CR to estimate
BER without knowing the system parameters. In network caoratébn, where & CN is
attempting to control parameter(s), such as transmissiarep to meet a certain set of
requirements, this method of estimation could prove useful

If knowing the system parameters is impractical, then nata-gidedSN T estimation
must be used. In Wiesel 2002 [94], a system uSing BPSK is iigagst, though M-ary
Phase-Shift Keyind (M-PSK) is stated to be easily derivedifthe work. The estimator

architecture requires estimation of the underlying syritidR, rather than explicit sym-
bol decisions. The detector allows performance close t€thener-Rao bound, the lower
bound on the error under certain conditions. [BféZ]is not varied below 0dB, therefore
it is difficult to ascertain the performance at the very [BW Il values~ -21dB tha{ CRRs

are required to detect.
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In Pauluzzi 2000 [95], multipl& N F] estimation techniques are compared. The metric
used to judge the accuracy is the Mean Square Hrror (MSE). &p€h4 an equivalent
metric, the Mean Integrated Square EridfIST) is used, the difference being that the
[MISElis used for distributions and the MBE for single values. Amgls value is being
estimated in [95], the results cannot be easily comparetdset derived in this work.

However, the work can be compared to the idealised detestich has no cost and

iIs completely accurate. In Chapter 4 it will be shown that[$é 3 estimator is both
accurate and requires very little extra computation.

As with the[CF detector, there is currently a lack of compaatbrk. The papers exam-
ined [93—-96] do not extend their analysis below 0dB._I0 CR aayilbns théS N 12 will

often be significantly lower.

2.8 Conclusion

[CRs have great potential to reduce the current issue of spestinortage but the tech-
nical challenges of DSA still need to be solveld. ] CF sensingwallsome significant
performance gains over more traditional architectures.reébtiCF architectures are not
optimised for a distribution dENR] values and this does not allow the detectors to op-
erate at their peak efficiency. Methods to account for[fii&Z3 distribution are the main
contribution of this work and most of the architectures &ddn Sectiom 25 would likely
benefit from this analysis. Some of the topics covered hereeXample energy detectors

and fading, will now be covered in greater detail in Chapter 3.
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Basic Theory

3.1 Introduction

In this chapter some relevant background signal detedtieory is reviewed. The binary
hypothesis test and the energy detector are fundamentsigrat detection and are used
extensively throughout the literature. Here, they areothiiced and discussed within the
established bounds of this thesis. Effects such as noisertaintty and fading are also

considered and their effects on the signal environmentrares.
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A method for modelling the transitions within a multi-statestem, namely Markov Chain
analysis, is also reviewed. Markov Chains are used in thikwwomodel the effects of

channel sorting in Chapter 5, and to derive related expres$oy some important system
properties. Finally, the TRIS test-bed is described. Theléumentals of the TRIS system
and how radios can be designed using it are discussed. ThsyRi#Sn is used throughout

this thesis for implementation results.

3.2 Binary Hypothesis Test

When attempting to determine the occupancy of a channele ther two possible hy-
potheses. The channel can be unoccupied, denoted by hgothg or occupied, de-
notedH,. The detector estimates the channel occupancy and dettlasesipied,D(1),

or unoccupiedD(0), by use of a binary hypothesis test. There are four possiitomes
for this test.

P, is the probability of detection, an event that occurs wherditector correctly declares

the channel occupied and is given by:

Fy = P(D(1)|Hy), (3.1)

whereP(z) denotes the probability of event x occurring.
P,.q is the probability of missed detection, where missed dieteaiccurs when the de-

tector incorrectly declares the channel free and is given by

Frna = P(D(0)|Hy). (3.2)

P;4 is the probability of detecting a free space, an event thatiscwhen the detector
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correctly declares the channel unoccupied and is given by:

Py = P(D(0)|Ho). (3.3)

Py, 1s the probability of false alarm, where a false alarm oceuren the detector incor-

rectly declares the channel occupied and is given by:

Pro = P(D(1)|Ho). (3.4)
In addition,
Pi+P,a=1 (3.5)
and
P+ Py, = 1. (3.6)

This binary hypothesis test is used for determining the rBbhaccupancy in all of the

detectors investigated here.

3.3 Energy Detectors

An energy detector operates by generating an estimate arntérgy in the band. This
estimate can then be used to decide if a signal is presengtpmnthe band. Here we
consider only a single threshold energy detector, suchttigaBinary Hypothesis test is
applicable.

An energy detector generates an estimate of the energy inattne by finding the aver-
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age energy inV instantaneous sampleg(n), 1 < n < N, assuming a @ reference
resistor and the noise[is AWGN. Note that the following equratiassume that the noise
samples are independent, for example interference thdwaisging significantly slower
than the sample rate, if this is not the case the the AWGN gstsoimis not valid. The

characteristic equation of the detector is given by:

N
Y=Y [a(n)[”. (3.7)

The energy content of the band will, in practice, be non-zen in the absence of a
target man-made signal. In the absence of the target sitpregnergy is due to the noise
power in the channel. If a signal is present in the band, therehergy in the band will

be increased by the energy of the signal, in addition to theenmower already present.
Then'™ sample of the received signalin), is given by

v(n) Hy
z(n) = ) : (3.8)

v(n)+s(n) H;

wherev(n) is then' noise sample aneln) is then'” signal sample.

The input to the energy detector is scaled by an estimateeofidise variances? [54].
The noise is assumed to be zero mean, with a Gaussian digtnptherefore the noise

samples are now zero mean, unit variance or :

v(n) ~N(0,1). (3.9)

The signal can also be considered a zero mean Gaussianlganidh a variance ofr2.

After scaling, the samples are zero mean with a varianeé 6f2, denoted here ag or:
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s(n) ~ N(0,7), (3.10)

where is thelSN T of the signal (in the linear scale).

Under H,, the output of the energy detector is the sum of the squar@s oéro mean,
unit variance, Gaussian distributed variables. For la¥giis can be approximated by a
Gaussian distribution with a mean &fand variance of/2N [97] .

The output of the energy detector undéy for large N can be approximated by a Gaus-
sian distribution with a mean a¥ (1 + ) and variance of /2N (1 + 27) [54]:

N(N,V2N) H,
Y ~ . (3.11)

N(N(1+7),/2N(1+2v)) H

To decide betweel!, and H, requires setting a threshold, The binary hypothesis test

probabilities, [(3.11){(3]4), become

Py = P(Y > \H)), (3.12)
Poa = P(Y < \H)y), (3.13)
Py, = P(Y < A|Hy), (3.14)
Py = P(Y > A|Hy). (3.15)

In Fig.[3.1, thé PDFs ofl, andH,, along with the relevan, are plotted forV = 10, 000,
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v = —15dB and Py, = 0.1.

Hg, H1 andA for SNR=-15dB andPs,=0.1
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Figure 3.1: PDF’s of Y undeH, and 4, for SN R=-15dB andF,=0.1

P;, is a function of N and\ and is equal to the Cumulative Distribution Functibn (CDF)

of a Gaussian variable with a mean/@fand variance of/2N evaluated ah. Thus:

Pj, = CDF[N(N,V2N), ). (3.16)

P, is a function of N, A and~ and is equal to the Complementary Cumulative Distribu-
tion Function [CCDF) of a Gaussian variable with a meawvVo¢t + ~) and variance of

2N (1 + 2v) evaluated ah. The P, of the system associated with F[g. 13.1 is approxi-
mately 82.6%.

Py = CCDF[N(N(1+ SNR),\/N(1+ SNR)), Al (3.17)

It is possible, then, to solve for the values/@fand A that give the required®; and Py,

for alSN Tl of ~. In practice, it is more usual to give them as a functioPaf and P,,,, .
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3.3. ENERGY DETECTORS

Therefore:

2[Q " (Pra) = Q' (1 = Ppa)(1 4 7))
72

N = (3.18)

whereQ~!(-) is the Inverse Cumulative Distribution Functién (ICDF) of thermal dis-
tribution and
A= ICDFIN(N,VN), Py,]. (3.19)

For aP, and P, of 0.1, the required values fd¥ and for varying[SN Rl are shown in
Fig.[322.

K andA for varying SNF
Ns

1c°

10°

10t

100(¢

100

10

L ol b
-20 -15 -10 -5 0 5

L L GNR/IB
10

Figure 3.2: Requiredv and\ for P;,=0.1 andF,,;=0.1 Under VaryingS N R

Note the large rise in the required number of samples a&ilié&l decreases, indeed
N # This leads to inefficiencies in sensing that will be disedss later chapters.
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3.4 Energy Detector Outputsunder Noise Uncertainty

Thus far in the analysis of the energy detector it has beamass that the system has
perfect knowledge of the noise varianeg, This variance is used to scale the input of
the energy detector to give a unit variance input when noasignpresent. However, if
the estimate of the variancé?, is incorrect, then the energy detector input will be scaled
incorrectly.

Consequentlyp is defined as the noise-uncertainty, or the relative inaaxyuof the esti-

mate, and is given by [42]:

p="2n (3.20)

For an unoccupied channel, the distribution of the inpuh®eénergy detector, after nor-

malisation, has variange

v(n) ~ N(0, p). (3.21)
The energy detector output:
N
Vo= wv(n), (3.22)
n=1
Is distributed according to,
N
anp ~ ZN(Oa p)27 (323)
n=1

For an occupied channel, thé" input to the energy detector(n), after normalisation,

Is the sum of two zero mean Gaussian variables, namely a vaisble with variance
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and a signal of variancg

Thereforez(n) is the sum of two Gaussian variables and has distribution:

2(n) ~ N(0, p+ %). (3.24)
The energy detector output is then distributed according to

N
Yoy~ D N0, p+ %)2. (3.25)

n=1
Clearly, the detector will find it more difficult to detect thigisals in this case. 11 (2.3)
the total number of samples required for reliable deteas@mown. This equation shows
that the number of samples approaches infinity as the nosertamty reaches a certain
value, which depends on tB&VE] of the signal. Noise uncertainty is a severe problem in
energy detector based architectures. If noise uncertapiyesent, then reliable detection

becomes significantly more difficult.

3.5 Fading Channels

If the system is subjected to fading then, instead of a sisiglec[SN 7] value, théSN 1]
now has a probability distribution associated with its amsaneous value. This could be
caused by multipath effects or shadowing [41]. There areynfating types with cor-
responding distributions, such as Rayleigh, Nakagami-mRiodan Fading. In addition
to the fading distribution type, there are also two différeassifications of fading types,
namely fast and slow fading.

Fast fading occurs when the channel impulse response chanffeiently quickly such

that thelSN ] is varying during each detection attempt and not just betwegection

52



3.5. FADING CHANNELS

attempts. For an energy detector, fast fading does not cags#icant problems. The

inherent averaging performed by the energy detector méansite performance will be

close to that for a system with &\ 7] equal to the averad€N Tl Thus, fast fading is
not considered here.

Slow fading occurs when the channel impulse response chasigely, such that the
[SNRlis constant within each detection attempt but may vary betveetection attempts.
This form of fading is considered in this work.

For example, with Rayleigh fading [55], the PDF of {B&/ 72, v, with an averagE& N1

Of ’71 ffad(77 f_}/) is:

1 .
Fraa(7,7) = 5 e iy >0 (3.26)

Distributions for Ricean and other channels, as well as nustifar finding the probabili-
ties of missed detection for a signal under fading, can badon [55].

For anlSN Rl distribution, like that which will be considered in this vikpifading changes
the distribution.

Replacing the single value gfin (3.26) with the user defin€’N Rl distribution, fsx z(7),

and averaging, the ne@/N [l distribution under fading can be calculated by

fsnRfaded(7) = ZfSNR(ﬁ)ffad<’Yv'7>- (3.27)

Fading can significantly reduce the performance of a systtmenergy detector sub-
jected to slow Rayleigh fading with an averag§é’ R of -21dB requires approximately
4.8M samples to detect a signal withPg,; of 10% and aP;, of 10%, compared to 209k
when fading is not present. This value can be found by avegatje P,,,; over theSN R
distribution of a Rayleigh faded signal at an aver&géR of -21dB [55].
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3.6 Markov Chains

A Markov Chain is a model of a system of transitions betweemngsaf states of finite
size. Any system that is memoryless (i.e. the next tramsdigpends only on the current
state), and has a countable number of possible states, captasented by a Markov

Chain [98] .

A simple example is a system such as a switch with three state’s(1), “off” (0) and
“broken”. When in the “off” state, there is a probability ofrtung “on” of P,, and a
probability of staying “off” of 1 — P,,. When in the “on” state, there is a probability
that the switch will turned “off” of P,;;, a probability that it will break off,.., and a
probability that it will stay “on” ofl — P,y — Pyeqr- If the system enters the “broken”
state then it cannot leave, this is termed an absorbing Stage“on” and “off” states are

transient states as the system, given enough time, willyasheave them.
Traditionally, Markov Chains are drawn as a directed graphthe graph for this example
is displayed in Figl_3]3.

There exists a transitional probability matri®, associated with every Markov Chain,
which gives the transition probabilities between all tlengient states. THe matrix for

this example system is:

of f on
Q = Off 11— Pon Pon . (328)

on Poff l_Poff_Pbreak

For the absorbing states there is a matRxwhich gives the transition probabilities be-

tween the transient states and the absorbing statesR Tingrix for this system is:

54



3.6. MARKOV CHAINS

Break ) 1
P break
P on
N
o
\_/
p 1'Pofbereak
off

Figure 3.3: Markov Chain Represented in Directed Graph Format

R = . (3.29)
Pbreak
The fundamental matrixy, is given by:
N=(I-Q7, (3.30)

wherel is an identity matrix of the same order @sandX~! denotes the inverse of the

Using these matrices it is possible to derive expressionsdime of the properties of the

system. This will be used in Chapter 5 to analyse[the GSFD aathite. In particular,

the markov approach is used to model the effects of sorteghelsin Chapter 5, and to

derive expressions for some of the properties, such as #mage number of detection
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ATTEMPT

attempts and the probabilities of interference, of thostesys.

3.7 Praobability of Channel Changing State During De-

tection Attempt

In some of the work studied in Chapter 2 [43, 45], the degradati performance caused
by time varying occupancies was considered. There is a aom{zrobability that, for
a time varying channel, the occupancy will change duringtea®n attempt and this
will cause a reduction in the accuracy of the detector. Tlds shown in Fig[2]6. The
magnitude of this change depends on the length of the detestndow and also the rate
at which the channel changes occupancy. An exponentiaikaison is commonly used
to model the ‘*ON’-"OFF” time of transmissions [56, 57] andstassumption will also be
used here.

For a channel which is “ON”, the PDF at a time,.sc, fon (tsense), IS given by:

eftsense/tON

fON (tsense) = 5 (331)

2ton
wheretoy is the average length of a transmission for the “ON” state iapgd. is the
length of time required by the detector to make a decision.

Similarly, the “OFFTPDF at a timescse, foff(tsense), IS given by:

e_tsense/tOFF

foff(tsense) - X (332)

2torr
whereto 5 is the average time between transmissions or the “OFF”.state

Thus, itis possible to determine the probability that tharstel will change its occupancy
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state within a certain time periotl,..... However, this probability can only be calculated
when the start (or end) time of transmission is known. If ikisiot known, then the

current value of..,,.. is not available.
Instead, consider the situation afteseconds, the PDF at a timés:

e_t/tON

fon(t) = 5— (3.33)

and, consequently,.,.. seconds latefoy is:

6* (t+tsense))/tON

fON (t + 2fsense) - (334)

2ton
However, if the channel is still occupied afteseconds this influences the probability of
staying ‘ON” aftert + t,.,.. Seconds. The probability of being occupied aftert,.,..,
given that aftet seconds the channel remains occupied, is:

P b+ tsense
PON (t + tsense | t) = ON;ON (t) ) )

(3.35)

wherePon (t + tsense) aNd Poy (t) are given by the CCDOF of the exponential distribution

att + t,..s. andt respectively, or:

_ tttsense

PON(t + tsense) =e ton ) (336)

and

Pon(t) = e ox. (3.37)

Equation[(3.3b) becomes:
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__tsense

PON(t ~+ tsense | t) =e 'oN . (338)

Similarly, for the “OFF” state:

__tsense

POFF(t + tsense | t) =e 'orr, (339)
The probability of a change occurring in the occupancy withi, .. seconds is, therefore:

_ tsense

1—e torr “OFF"

Pehange = (3.40)

__tsense

1—e ton  “ON"

If the result of [3.4D) is sufficiently high (€.9P.sange > 0.05, for example), then the
effects of a changing occupancy will need to be accounted Tdis analysis will be

performed on the_.CSED afd CDFD architectures in seclions 58212, respectively.

3.8 IRISArchitecture

The physical implementations for this thesis were impleéion thé IRIS system. The
system is implemented on[a {CR/SDR test-bed hosted in yi@uilege, Dublin.
The test-bed is under the control of fhe CREW project and idaaito European Union
researchers upon request.

[RISis a software radio architecture which has been develbpeCTVR in Trinity. It is
written in C++ and implements a fully reconfigurable radioteys There is a minimal
hardware front end, in the form ofaUSRP, that provides aveceind transmitter for the
radio. Each front-end is paired with a PC which runs the regteradio implementation

in software. Th&IRIS architecture allows for reconfiguraighitectures to be run in real
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time on multiple nodes. There are a number of nodes availablenity, nine of these
nodes were available for the work in this thesis, and theaebeaused to create sample

environments or networks.

In Fig.[3.4 thd IRI$ architecture is shcﬂl.vn

IRIS 2.0 Interface

System AN
XML
Reconfiguration
Manager

S

Controller Manager I%l |:| I%I

Engine Manager / \ \

Engine Engine
>

Component Component

Manager IE' Manager

—|

i

Radio 5 XML Reconfiguration
Representation XMLI - Configuration Set
|:| Controller . Component IE' Component
Repository
—> —>

Data Event —> Reconfiguration

Figure 3.4: IRIS Architecture

At the core of the al[IRI5 radio implementations is an .xml filat sets the initial config-
uration of the system. This includes the components to be, tise controllers that allow

automatic reconfiguration and the links between them. lossjble to reconfigure the

'reproduced with permission
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radio by editing this .xml file but this is not ideal as it regs direct input from the user.
Each of the components has a single task that the radio cascbefigured to use, such
as low pass filtering or Orthogonal Frequency-Division Npléxing (OEDM) modula-
tion. Upon initialisation, the radio loads the component& T a library controlled by the
component manager. Each of the components can be also goedfi For example,
the number of frequency bins in the OFDM modulation compbooran be changed. The
components can also be reconfigured manually by editingcthEfile.

Components are available as stack components or data floegsraetwork (PN) compo-
nents. The stack components allow a bi-directional data #lodrare designed primarily
with higher layers of the OSI seven layer model in mind. Theponents used in this
work are designed exclusively as PN components with stn¢tdurectional data flow
between components.

Around the components, controllers are set up that can aitoally reconfigure the ra-
dio. These controllers require triggers sent by the compizrend allow the radio to adapt
without user input. The controllers can then pass the nearpaters to the components.
All of the components and controllers are implemented itvgarie on the radio. Indeed,
if no transmission or reception of signals is required bysy&em, such as in debugging,
then the USRPs are not required and the radio can be run gntirgbftware.
Although[IRIS comes with a number of components already desigsome specialised
components and controllers have been generated for this \Bance the time of writing
the IRIS code base has been updated, making these compobsatste. The original
plan of including these components in the IRIS libraries camow occur.

A good example of the TRIS system in action is from a demoristrabh DYSPAN 2007
[99], where thé TRIS system was performing system rendezvbhe transmitting radio

changed the frequency of transmission and the receiveitdédstk. The controller in the
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second system noticed this event and reconfigured the frahtcea new frequency and
attempted to find the signal again. In this case a cyclostatiofeature detector attempted
to find the cyclic prefix and, thus, the new operating freqyefnce the signal had been
found, the controller again reconfigured the radio. It clehtihe operating frequency to
the correct value and restarted whatever processing wag dene on the signal received.
In the case of the demonstration radios there was a song beirigoy the transmitting

radio’s PC and played by the receiving one. The video of tleafestration can be found

at [99] and is based on [61].

This reconfigurability will be used to allow the archite@srin this work to be tested.
Where learning or adaptation is required, the controllersicgplement the learning and

reconfigure the radios as required.

3.9 Conclusion

The relevant background theory underpinning signal dieted¢tas been introduced. In
addition, the basics of Markov Chains and issues with notiesiary channel occupancies
have also been discussed. The IRIS system has been outlidediéimthis background

information, the main work of the thesis can be presented.
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SNR PDF Estimation

4.1 Introduction

In this chapter th& N'R] of a signal at a receiver is investigated and the argument for
using a distribution, rather than a single value, to desctite receive@ N3 is made.

By examining a typical environment, it will be made clear ttra concept of alf N 73]
distribution is valid, and that these distributions are i@&qpical use to the designer[of CR

receivers. Th&N Rldistributions derived here will allow further optimisati¢ater in the
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thesis.

-~

3&V 1 distributions based on observations of (A&

To generate the estimates of {l
Kernel Density Estimatiori (KDE) is used. The basic theofi{DElis explained and two
metrics for calculating the accuracy of the estimation a\s.

Three methods for generating the observations ofitNg?] values for use with KDE are

discussed. The three methods are:

1. Analytically in advance.

2. Experimentally in advance.

3. In-line sensing.

These methods are investigated and the last, in-line sgnsirshown to be the most
promising.

In-line sensing uses an energy detector to provide estinwdtthelSNE. Three issues

that may cause inaccuracy in the estima®ed/i values are investigated, namely noise

uncertainty, the threshold of the energy detector and aoonypof the channel. Finally, the
accuracy of the estimate of ti8V R distribution will be investigated, both in simulations

and by practical implementation on the IRIS system.

4.1.1 Signal-to-Noise-Ratio

Thel[SN Rl of a band limited signaly, is the ratio of the received power of a sign&l, to

the power of the noise in that ban#é, or:

P,
_ s 4.1
Ll (4.1)
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For example, if there is a signal present in a band with a pavére receiver of 1W and

there is 10mW of noise in the band, then & 1l is 100.[SN Rl is usually expressed in

dB, where:

vaB = 10logip7y. (4.2)

In this case thEENRlin dB, 7,5, would be 20dB.

The total noise power in a band is dependent on the bandwfdtieaeceiver and the
average noise power per Hz. The average noise power per Heoxpressed in W/Hz,
and, thus, is independent of the bandwidth of the channefin@icthe total noise power
in any band it is then simply a case of multiplying the averagese power per Hz by
the bandwidth. If the front-end filter has a bandwidth of 8Mldmd the noise power is
10nW/Hz, then the total noise power is 80mW. In this work a deawidth of 8MHz is
assumed. This is the bandwidth of the Ifish DTV channels aitibe used to estimate
the[SN Rl for signals later in this chapter.

Typically, the average noise power is approximately coniségross a group of bands,
provided there is no narrowband noise, e.g. no leakage frdjacent channels. The
signal power, however, will vary significantly due to distanand transmit power. If a
signal is transmitted from a station with a transmit powePgf then the signal power at

a receiver a distancéaway, Pr, satisfies:

(4.3)

wheren, the order ofd, depends on the path type. Typically, the value:afaries from
2-4, though for high path loss environments, such as indneir@nments;» can be as

large as 6.
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In free space, whene = 2, the power decreases with(d?). For some channels subjected
to fading,n = 4 and the power decreases wift{d*). In fading environments the power
at a distancd is distributed with the appropriate situation specificrilittion [100]. This
distribution of SN Il values is due to the time-varying nature of the channel ancbea
caused by a large number of factors. These factors range dtoraspheric effects to
the motion of vehicles in the channel and can have a detrmheffect on the received
signal power. The instantaneous signal power is, thergflifecult to find and, after
a short period, usually obsolete. Of greater importancetteeaveragéE N Il and the
[SN Rldistribution. These parameters can be used to accuratalglrtiee channel and the

performance of any system that receives signals from it][100

Even if the signals are not subjected to fading, a group afadggin adjacent channels
will have a distribution of power values. The transmittgngi¢ally have different paths,
transmission powers and distances to the receiver and,dtigsent signal powers at the
receiver. There is, however, a distribution that descrthe&S N s of all the channels.
This distribution describes the signal powers of all thencieds together, not the channels
individually. Instantaneously the powers in the bands metymatch this distribution
but, as the number of observations increases, the histograne[SN F] estimates will
converge towards this distribution. As in the fading dsition case, this distribution can
be used to model the channel responses and the performaacgystem attempting to

detect a signal in the band.

In this chapter, various methods of finding tl&/ /il distribution are discussed and the

most promising method, in-line sensing, is investigatethtr.
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4.1.2 The SNR Distribution for CR applications

When d CR attempts to find a free band, the radio is required, fogrtustandards [3], to
detect a signal at of -21dB with aP;, and P, of, at most, 10%. The receiver
complexity required to detect such weak signals is sigmificas was shown in Section
[B:3. An energy detector attempting to detect signals with[$V ] requires approxi-
mately 209k samples to meet theBg, and F,,; constraints. However, not all signals
are at such a smaffN' &t some will have largdE N IZs and, thus, will require less signal

processing to detect, whilst still meeting the constraomt$’;, and P,,,,.

Consider the situation in Fig._1.1, reproducedin 4.1 for emmence. There is @ CR
scanning four bands as it is attempting to detect a spectpportunity, or free space,
in one of the four bands. The ranges at which[thé CR is requirgigtect transmissions
from each of the four PUs are shown for each of the bands. Smansnitters will be
closer to thé CR and have a relatively higii2¥ &}, such as in Band 1. Others will be
on the edge of the detection range, such as in Band 3, and wel[$i& 7] values close
to -21dB. Some transmitters are so far from CR that it carstngt without fear of

interfering, such as in Band 4.

Using current techniques, when attempting to optimise the tB& radio typically as-

sumes that all of the signals in the bands have the E&WE&l. Under the current standard,
all signals have to be assumed to half2aF] of -21dB to guarantee that the CR does not

interfere with any of the PUs.

This approach leads to significant inefficiencies. In ca@tfi@F spectrum sensing, which
Is investigated in further chapters, can reduce this owattsegnificantly, reducing the
total number of samples required by 50% in some cases. Nlgfufdhe uses the

minimum required processing and number of samples, theovwerll system is opti-
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lBGnd 1
liBand 2

MBand 3
BBond 4

Figure 4.1: Typical Signal Environment with PUs at Differ@®istances to the CR

mised.

This optimisation can be performed over & Al distribution to increase system perfor-
mance, relative to a system optimised for a singlé R value. Provided that tHEN LI
distribution is only used to increase the speed of detectiod does not change the inter-
ference probabilities, then the overall performance caintreased without any increase
in interference to the BUs. This “decoupling” of the inteeigce probabilities arfd N1l
distribution ensures that, even if t8EV R distribution is very inaccurate, only the CR’s

performance suffers and that the]lPUs remain safe from erente. Before optimising
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for thelSN Rl distribution, however, thE N Rl distribution must be known.

4.2 Kernd Density Estimation

In general, th& N Rl distribution will be estimated from a number of sample olsatons,
Nqs. Although it may be possible to generate an analytical esgpoa for the distribu-
tion, the wide range of operationing conditions thafl CRs cdildsubjected to makes
this approach impractical. A histogram method could be uaed would be sufficiently
accurate, provided the number of observations is suffigi¢anige.

A more effective method for estimating an underlying disition from a series of obser-
vations i KDE [KDE operates in a manner similar to the histogmethod but, instead
of a single value, there is a kernel centred on that value [KIDiel method converges on
the correct distribution more quickly than the histogranthmod, provided the distribution
is smooth and the width of the kernel is correctly specifill]1

The kernel can be any distribution having unit area. In thislkina Gaussian kernel is
used. The kernel has a mean of the observation value andriés\ga depends on the
application. Fig.[[4J2 shows the operation of the KDE for a €s@an kernel with a unit
variance. Five observations are shown, with the apprapfEstussian kernel centred on
each one. The estimated distribution is the sum of thesghiisbns. The distribution
needs to be divided by the number of observations to ensararéda under the resulting
distribution remains equal to unity. To aid clarity, the ikels were divided by a larger
number than the number of observations (1.3 timgg) in Fig. [4.2, this allows the
shape of the kernels to be seen more clearly.

Selecting the correct variance for the kernel is difficudt tlae distribution is not known

in advance. In [102], a method for setting the variariggt,, is proposed (though in [102]
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Kernel Estimate PD
f[x]
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Figure 4.2: Sample PDF Based on Observations Using Kerndiydastimation

the variance was defined as the bandwidth of the kernel) as:

“ 0.96
hopt - 1 0 (44)
NG5

obs

wheres = min(s, R/1.34), R is the interquartile range of the data and s is given by:

D (@i - 1) (4.5)

i=1

n—1

The kernel weighting function of th&" estimatew;(x, h), is :

1 a—u;)?
wi(x7 h) = mt?_(lm)(( h : ), (46)
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whereu; is the value of theé” observation and = fzopt.
The[PDF of the distribution at, f(x), is the mean of all the weighting functionszabr:

1 Nobs
flz) = > wix,h). (4.7)

obs i—1

4.2.1 Accuracy of Estimated Distribution

To measure the accuracy of an estimate of a distributionMéen Integrated Square
Error (L ISE) can be used. THATTSE]is the integral of the difference between the
estimated distributionf(z), and the actual distributiory,(z) over the full ranges of the

distributions. It is the integral of tHe M$E and is given b@21:

MISE() = [ (f(a) = fla) e (4.8
This method of checking the accuracy of the system is onlgipteswhen the distribution
is already known. For unknown distributions a different mygeh is required. Note that
when theM ISE compares analytical distributions an expectation opelatased. In
this work, sampled distributions are considered and the&xstion operator omitted.
As the number of observations increases, the accuracy @stiv@ated distribution will,
on average, increase. In addition, as the number of obsemgahcreases, the differences
between the resultant distributions decrease also. Fangea the difference between
the distributions found after ten observations and aftemty observations will be, on
average, greater than the difference between the distitsiiound after 100 observations
and after 200 observations. This is due to the extra infaonatnd also the reduction in

the effects of the outliers.

The following metric is proposed: th& IS FEl between the distribution after observa-
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tions, f,.(z), and the distribution aftet, observationsf,,(x), gives the Mean Integrated

Square Chang&{7.5C)), or:

MISC(f) = / (Fal@) = Ful))? do. (4.9)

wherem = kn, k € Ny. ThellIISClis the measure of stability in the estimated distribu-
tion. Thell I.SC]can be used to decide that the distribution has reached eisnffievel

of accuracy.

Note that the multiplicative relationship betweenandn is important for fair compar-
isons. Ifm = n + k then, as increased, the relative size biwould decrease and, thus,
the change caused by the extra samples would not be as largfeis Workk = 2 was
chosen and the first check occurred after twenty obsenstibimose values were chosen
to reduce the average number of observations based on tiaé simulation results.

If the [MISC] is below a user defined threshold, then the estimate ¢DFoe
declared to be sufficiently accurate. does not guarantee sufficient accuracy.
Instead, a loMAZ/7SClindicates a static distribution. This, however, is a stronicator

of accuracy since a lol#/ I.SClwould require the same outliers to be present in both sets

of estimates if the estimated distribution was inaccurate.

4.3 Generating Observationsof SNR Values

To use thé KDE method to find a distribution, a sefS6¥ 7] estimates must first be gen-
erated. Whilst estimating tHEN R can be done in numerous ways, here three options
are investigated. However, it will be shown that only the,lasline measuring, is of

practical use for real OR systems.
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The three methods are:

1. Analytically in advance: Given transmitter locationglamowledge of the likely
channel conditions, it is possible to estimate the powemhefdignals and, thus,
the[SN'FIl Here the distribution associated with the IiSh DTV systemstimated.
This method isn't practical for real implementation duette issues discussed here,
however, it is used to generate a sample distribution thasésl to evaluate the

detectors in later chapters.

2. Experimentally in advance: From measurements takenqugy, it is possible
to estimate th& N F] of the signals. Here measurements are taken by a spectrum

estimator of signal powers in the Irish DTV bands.

3. In-line measuring: If the system estimates the power efsilgnals found, it can
learn the distribution over time. Here a method is derivedl giactical and simula-

tion results shown.

4.3.1 Analytically in Advance: DTV Estimate

To demonstrate the difficulties in generating a distributiea analytical means, the Irish

[DTV]system is analysed and a samBl&/R] distribution generated from this analysis.
In Fig. [4.3 the locations of the Iridh DTV transmitters ar@wh [103]. To find the
[PDE of thdSN Rl we take the average over a range of possible locations fd€CheTo
maximise the number of people covered, we analyse a numhmtiex and large towns
and, with these six locations, it is possible to cover appnaxely 33% of the population
and a wide range of geographical locations. The transmmgmwers and the distances (in

kilometers) from each of the chosen locations for{thé CR th @athe[DTV transmitters
are shown in Tablg 4.1.
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Truskmore

Mount Leinster

Figure 4.3: Irish DTV Locations

To find the received power at a distant&om a transmitter, a slightly modified version

of Friis’ equation [104] can be used:

A

Pr = PTGTGR(m)n,

(4.10)

whereGr andGy are the gains of the transmitting and receiving antennaegctively,
andn is the distance-loss factor. A Okumura-Hata propogatiandcbde used for the

urban environments, however it has several parametersvthdt need to be estimated
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Table 4.1: Locations and Distances to Urban Areas of IrisW Diansmitters

Transmitter Pr/W Dublin/km Cork /km Limerick /km Athlone /km Sligo /km Galway /km

Three Rock 50000 11 212 173 115 186 186
Kippure 50000 19 203 164 110 185 181
Greystones 10000 26 213 179 128 202 198
Clermont Carn 25000 82 282 219 129 142 200
Cairn Hill 50000 109 218 140 45 71 103
MT Leinster 50000 88 140 125 119 215 170
Dungarvan 10000 166 62 93 150 248 165
Spur Hill 10000 224 5.6 90 178 268 165
Mullaghanish 50000 245 47 82 179 257 146
Woodcock Hill 4000 178 89 5 95 176 72
Maghera 50000 198 118 41 100 161 46
Truskmore 50000 179 274 191 110 13 126
Holywell Hill 6000 198 350 272 179 106 217

and the accuracy would still not be much greater than the Equation.

In dB, (4.10) becomes:

A
Pragy = Prasy + Grap + Gras + 10nLogo(

) (4.11)

Assuming a quarter wave antenna, the antenna gain is 5. la8/e to an isotropic an-
tenna. Thusizr 45 andGr 45 are 5.14dB. The DTV bands are broadcast at approximately
600MHz, thus f=600MHz and = 0.5m. The loss exponent due to distance is given by
n = 3; this was chosen to represent the fact that, while the sgmauld travel through
mostly free space, they will be subjected to other effectelwincrease the value of

and is consistent with practical measurements taken irethasds [105].

Assuming a noise floor of -174dBm/Hz (ideal receiver at a taaipee of 290 K) and
8MHz bands, there is a noise power of approximately -104dBearh band (although
if strong signals are present in adjacent bands then thdrbenvieakage, increasing this

value).

Thel[SN Rl distribution is shown in Fid._414. A smoothing function wamphed to the dis-
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tribution. The smoothing is performed by the kernel densigthod described in Section

[4.2. In addition, the distribution used in previous work§1007] is also shown.

SNR PDF
P

—— New Distribution

----- Distribution in Previous Work

Figure 4.4: The DTV SNR PDF

Note that the distribution in [106—108] differs from thatrided here. Different param-
eters were chosen, such as a lower frequency and a smaller feailn was used in the

previous work. In addition, smoothing was performed via avimg average filtering

rather thé_ KDE method. The distribution was then matchechtagpropriate Gaussian
distribution. Finally, an extra city, Galway, was addedte analysis.

This difference between two distributions based on the sdaie shows one of the main
difficulties of this method. In practice, it is very difficuid analytically determine the
signal power at a distance from a transmitter with a high elegf accuracy. It was shown

in [105] that the actual pathloss exponent measured cansigmyficantly in practice. In
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addition, this method is completely inappropriate for eyss where the locations and
transmit powers of the_ BUs are not known in advance. Finallyrban environments,
where the path loss is location specific and time varying [188 analytical solution

becomes impractical.

4.3.2 Spectrum Measurements

An alternative to the analytical method presented above petform measurements and
use them to determine tlEEV RIPDR of a signal environment. This method solves some
of the problems of the analytical method. The actual sigmagy can then be found
directly for that location.

With the help of thé_ CTVR in Trinity College Dublin, measurerteewere taken in the
Irish TV bands. This set of measurements was taken outdoedhng vicinity of Mullingar,

a small town in Ireland. The measurements were in the ran@®bB& to 766MHz on
April 07, 2012.

The equipment used for these measurements was an Anritsi2d8zhandheld spec-
trum analyser with BGP'S module for location awareness.ifRignt averaging was per-
formed, with approximately 300,000 samples per bin. Thespm is shown below in
Fig.[4.3. Also shown are indicators for the edges of the 8M&dzds in the range. Some
of the bands are numbered to allow easier reference.

It is possible to estimate the power in each band from thia dad, therefore, tHEN 3l
Firstly, the noise floor of the reciever must be found. In band number four appears
to be empty. The frequency response is flat at approximal@$§/531W. Each 8MHz
channel corresponds to 42 bins, thus the noise power in thenehis 100g,o (42) dB

higher i.e. 16.2dB higher. Therefore, the noise power in &d8NMand is approximately
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Measured Irish DTT Spectru

Received Power /dB
—-951

—10C} |
~ 105 |

—11¢} |

—115F |

-12Cf |

—128f

Figure 4.5: Irish DTV Spectrum Measurements

-109BW.

The total power in a band is given by the summation of the idd&l powers that are in
that band, as long as the signals do not create destructadearence. In this case the
total power includes the noise. For the measurements cenesichere, the signals are
signals with an 8MHz bandwidth and the power is spreadsscthe entire SMHz
bandwidth. Note that the powers must be added in a lineae s€alr example, the total

power, Pr.:, in band two is -91.2BW .

Once the total power in the band is found then the noise powst bre removed from it.
Again, this must be done in a linear scale. Once this powesrisorved the result is the
signal power in the band. Taking the ratio of the signal poteghe noise power gives

thel[SN Rl For band two, the signal powek,, is -91.3/BW and théSN Rlis 17.41dB.

The results for this analysis are shown in Tdblé 4.2.
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Table 4.2:5 N R of Various Bands from Measurements

and SNR
-1.45dB
17.42 dB
-3.31dB
Empty Channel
3.06 dB
4.33dB

OO WDNPRPm

As can be seen, there is a rang&d Ll values. If a larger number of locations, including
indoor locations, were used then it would be possible tordere anS N Ll distribution

using this data.

This method, however, is of limited practical use. Measwaets are only valid for that

single location and time, and will become invalid if the @di in a different location.

In addition, there is significant difficulty when attemptitmyfind thelSN Rl of weak sig-
nals. Reducing the noise floor to -130dBW and obtaining ine@ascuracy for narrow-
band signals would require a tenfold increase in the resoluhis would enable signal
analysis at a lowéf NV 17|, though only if the signals do not cover the entire bandwiéfthr
bands where signals cover the entire bandwidth, suEh as[DHMWDsignals, significant
averaging would have to be used. For example, for a signalavfiS N 7] of -15dB, the
difference between it and a noise floor at -42%, would be 0.135dB, a difference that
IS, in practice, very difficult to accurately detect. Thefeliénce between signals with an
of -21dB and this noise floor is only 0.035dB. Substantial agerg would have
to be performed to be able to accurately decide on the oceypard théSN ] of such
signals. If this process was repeated in a number of diffdmations and times, an
[SNRIPDE could be created, but the system would still find [&N 7] signals difficult to

categorise.
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4.3.3 In-LineMeasuring

As discussed above, the previous methods of estimatingishédtion have some diffi-
culties associated with them. In addition to those alreadytioned, one major problem
is that the methods must be performed in advance. If the tiondichange, then the dis-
tribution changes also. Significant changes could renaeditribution useless, or even
detrimental to performance.

If the measurement was performed by the system as part gbetstrsim sensing, then
the distribution would match more closely to that of reality addition, as the condi-
tions changed, the system would be able to learn and adal®¥i@ distribution used.
This would allow optimisation to occur during operation,erywdesirable feature [n CR
applications.

Most detector outputs depend on of the signal, though often the relationship is
complicated. In the case of cyclostationary feature detscfor example, the magnitude

of the peak depends on the cyclic correlation of the signahddition to its power [58].

However, energy detectors have a linear respon$&M&l and are ideal for this purpose.
Indeed, using the energy detector output, it is a relatigahyple task to estimate the
[SNT1 Whilst this[SN Il estimate will not be accurate enough to be used directly, [96]
is sufficient to generate an estimate of (& £l distribution.
The energy detector outpdt;, has a meam which is given byN + N x SNR as in
(3.13). Thus, the estimate of tBEV R, 4, of a signal is given by:

Y

v = 1. 4.12
=5 (4.12)

There is no concern about receiving negative values/faForY < N to occur would

requirePs, > 50%, clearly a very poorly designed detector and, thus, it islgafssumed
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here that this will not occur.

This method of estimation would appear to be the most promisiThough a number
of detection attempts are required to “train” {he]CR to geteetiae correct distribution,
it has the ability to learn and adapt. In addition, it can fihd[§N F] of weak signals
reliably as the energy detector must be able to detect themally; this method does not
require estimation of channel loss or any of the other patarsa¢hat are required for the
analytical method.

There are, however, practical issues which reduce the acgwf this estimation tech-
nigue. The most important factor in the practicality of thethod is the required number
of observations before the distribution is sufficiently ede. How many times does
the detector need to be run before the distribution is apfatgby reliable? This is now

investigated in simulations and in practical work.

4.4 Analysisof theln-Line M easurement System

There exist some non-idealities in

[RéV Il estimation method of equation (4112). Noise
uncertainty and the effects of the threshold and occupantiyesystem generally renders

the estimates less accurate.

4.4.1 Effectsof Noise Uncertainty on SNR Estimation

The estimation of th€ N Rl distribution requires the use of an energy detector to geaer

an estimate of th&' N 2l The energy detector and, thus, [B& £l estimate, is susceptible
to noise uncertainty. Noise uncertainty causes a spreauthg outpuEPDF of the energy

detector (i.e. the variance increases).
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Assuming the noise uncertainty is unbiased, then the erd&tpctor output remains un-
biased also. Whilst the mean of the energy detector’s outpes dot change, the variance
increases. This means that extra samples will be requirgdrierate an accurate result,
compared to the case where no noise uncertainty is presentow values of noise un-
certainty, there will be no significant error in the disttiom. As the noise uncertainty
increases, however, the effects of the threshold and oocypaill also increase. This
will lead to errors in the estimated distribution, even wilee number of estimates is
very large. In addition, if the noise uncertainty has a hilasn the estimated distribution
will be incorrect, even when the number of estimates is vargd. The performance of
the energy detector in-line measurement system under nogtainty is shown later in

Fig.[4.8.

4.4.2 Effectsof Threshold and Occupancy on SNR Estimation

The in-linelSN Rl estimation technique will give the correct distributionevithe channel
is occupied and there is no threshold. In real applicatibogjever, the channel may not

be occupied and a threshold will be present.

To see the impact of these factors, consider the energytdetapufPDF in sectidn 3.3.
The unoccupied channeli() has a probability of being declared occupiedrdf. This
corresponds to the section of tfi& [PDR that is above the threshold, In addition, the
[SN I estimate will be low due to the fact that the more probableeslfor the energy
detector output are closer to the threshold. Thus, therdas,aincorrect, value for the
[SN ] with a probability of occurring ofP;, x (1 — ), wheref, 0 < § < 1, denotes
the occupancy of the channel. For a channel with 50% occypamt?;, = 10%, ap-

proximately 5% of the detection attempts will result in inextly designated unoccupied
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channels with a lolf N Il estimate.

Similarly, for the occupied channekl(), there is a probability of being declared unoccu-
pied of P,,4. In this case, the lower values of the output will be remowediesponding to
the section of thé{, [PDE that is below the threshold, This censoring of the occupied
channel results in the lowgtN Blvalues being removed. Thus, there is a low value for the
[SN Rlwhich is ignored, with a probability of occurrance Bf,; x 6. For a channel with
50% occupancy ané,,;, = 10%, approximately 5% of the detection attempts will result
in incorrectly designated occupied channels with allaW 7] estimate being ignored.

It can be seen that the two effects will counteract each atberewhat. The new distri-
bution from which thé&&N I estimate is generated, compared to thedistribution, from

which it is assumed to be generated, is shown i Fip 4.6.

Ho, H1 and New PDF for SNR=—15dB andP;,=0.1

P
0.004-
L Hq

-
—————

L r S, | mmmmmmm—— PDF for SNR estimation
0.002

0.002

0.001

. L L L 1 L L L L L L A A - .| Y
1000(¢ 1020C 1040(¢ 1060(C 1080(¢ 11.00C

Figure 4.6: PDF from which th& NV R Distribution is Actually Based v#{; Distribution
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It might be possible to reduce the impact of the thresholdeedpancy if the occupancy
Is known. If a sufficiently large number of estimates is tagkben, by removing some of
the lowest valued results, which would correspond to theoupied channels incorrectly
designated, then some of the bias would be removed.

The[PDF at each point could also be scaled by a term to couhtd@bias. This term
would depend on the values éfand P, and the value of th&N ] that corresponds to
that point on thé PDF. To test this method, Monte-Carlo sitiaia and practical tests

were performed using Mathematf2a.0.1.0 and theIRIS system, respectively.

4.4.3 Simulations

The simulations were performed by generating energy dateatputs based on
distribution. ThéSN RIPDE used here is the distribution based on the [ishDTV nétwo
derived in sectioh 4.3/1. Initially, a random variable frdws distribution is generated for
thelSN I and then, using thi§N value, the output for the energy detector is generated.
Using [4.12), the estimate of tE&V ] is generated. This process is repeatggl times.
Once allN,,, observations have been collected, fhe KDE method is peedramd the
estimated distributionf, generated.

In Fig. [4.1 sample distributions fa¥,,, = 10, 100 and 1000 are shown, as well as the
actual distribution. This is for the case where the threglawid occupancy have to be

distribution can be seen.

accounted for. The bias in tEeN Rl
The[lZISElis then calculated fof and f. The process is repeated 5000 times and the
average value for tH&ZZSFl found. The result for the' DTV distribution is shown in Fig.
4.8. In addition, the results under noise uncertainty andnithe effects of the threshold

and occupancy are included are shown.
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Sample Estimated Distributio
P

0.05

® Nops=10

—— Ngps=100

—— Ngps=1000

Figure 4.7: Samplg for Various Observation Lengthal,,

There is a log-log relationship between the number of oladiemvs and thEZ/7SFEl To
reduce th&ZISE] by a factor of ten then the number of samples required inesealso
by approximately the same factor. This has only been showth&distribution used
here though, and other distributions will likely have diffat characteristics, especially
multimodal distributions. It is expected that other distitions would have similar re-
sponses, but this cannot be proven for all distributionausT o guarantee performance,

thelM/ISClis the recommended test for the ‘fit’ of the distribution.

The presence of noise uncertainty reduces the effectigesfethis system. There is a
greater error compared to the case where no noise uncgriaiptesent. In addition,
greater numbers of samples do not reduceMhES'E] by as much as the case where no

noise uncertainty is present. The noise uncertainty i®darge in this case though, noise
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Figure 4.8:M I SE for Differing Numbers of Observation¥,

uncertainty of 0.1dB would be too large for the energy deteict reliably detect signals.
Lower levels of noise uncertainty would cause less detatimm in the performance of the

system.

The degradation due to the threshold and occupancy, howeammot be ignored. There
is a greater error compared to the case where noise undgrigipresent. In addition,
greater numbers of samples do not reduc€h&y’ £ by as much as the case where noise
uncertainty is present. This impairment of performance el present in the detector

under all conditions; thus, it must be included in all cadtigns.

ThellZISElvalues shown are the avera@El[S Elvalues for that number of observations.
In some cases th&[ IS E]will be larger than this. To provide a measure of confidence fo

the estimated distribution, t& 7.S5C]can be used.
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For the[DTV distribution and = 2, i.e. doubling the number of samples each check, the
[MISClis calculated starting witlv,,, = 20. This process is repeated 5000 times, and
the[M75Clis calculated at each step. The averdgéSClis shown in Fig.[40. These

simulations were performed on the boole cluster, NOTE

MISC vs Number of observatio

| deal

o
o
o
=
-

| | | | Y N
50 100 200 500 100C obs

Figure 4.9:M 1 SC for Various Observation Lengths

Finally, for a practical system, a tard®f75C] value will be specified. Once the sys-
tem has a smalléfiZI3Cl than the targedfiZI5Cl value, f can be considered stable and
sufficiently accurate.

Shown in Fig.[4.10 is a plot illustrating the probability civiing met the targéfZ/ 7.5C]
by that number of observations for various tafigefSCl values. Obviously, the smaller

thelM/ ISC]allowed, the longer the system takes to stabilise on a ligton.
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CDF of Decision vs Number of Observations for Target M
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Figure 4.10: Probability of Reaching Targeft/ SC' vs Number of Observations

4.4.4 |IRISImplementation and Testing

To test this method in reality, a radio was designed on the #g$8m that would estimate
the[SNEIPDRB. A simple two radio system was used for this test, withaiseé radio
generating a random signal. The designs for both radioshanersin Fig.[4.11.

The transmitting radio, Tx, generates random data for an/@Riddulator. This is then
sent to thé USRP front-end and transmitted over the chanrted. ppbwer of the signal
is controlled by a gain module. The effectl$éV Rl at the receiver could also have been
controlled by modifying the bandwidth of the signal, thouis was not done as the gain
module provided sufficient flexibility.

The receiving radio, Rx, receives samples froln_a USRP frodtagra sample rate of

1MSps and passes them into an energy detector componentediits from the energy

87



4.4. ANALYSIS OF THE IN-LINE MEASUREMENT SYSTEM
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Figure 4.11: IRIS Test Radio Architecture

detector are fed into tHe KDDE component which then perfornmes af the tests and the
results are written to a file. Both radios were operated atquérecy of 5.008GHz and a

photo of the equipment is shown in Fig.4.12.

The time taken for Rx to generate an estimate was found to bex@appately 0.2 seconds
(209k samples at 1IMSps). Tx changed its gain approximatadyyed.3 seconds. This
means that no two sensing periods had the d8Mel In a real system Rx would not
be scanning the same band repeatedly, thus larger periadaefvould pass between
sensing attempts than in this test. In addition, multipladsawould be scanned when

generating th&’N Rl distribution. Thus, it is unlikely that the sari¥V Zlwould be found
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Figure 4.12: IRIS Setup in Trinity College Dublin

for two sequential estimates. Hence, the constantly cngifgN Rlis justified, as it mod-

els a more realistic environment. It may be possible thatrdmesmitter and receiver are

static over long periods of time, thus {R&/ Elin that band would not change significantly
with time. In this case, however, the multiple bands beiransed still result in a range
of [SN Rlvalues at the receiver.

The effectivdSN R, ve f fective, at RX is given by:

Py
Vef fective = Fn (413)

The RX{TUSRP has a bandwidth of 1IMHz in this experiment. This do¢shange and,
therefore, the noise power remains constant.

The[USRP front end using a XCVR 4250 daughterboard displayeiftardgain with
time. As the device began receiving samples the gain destedsis is due to the rise in
temperature in the device changing the gain. Thus, as theadeontinued to operate, the
gain would slowly decrease. Once a certain threshold wahesbthe gain would shift

suddenly as automatic gain controls attempted to compenAathis point in all the tests
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the system was shut down and allowed to cool.

The first test performed measured the avelfAQESFE] for a range ofN,,, values. In
this test the gain began relatively high and then decredsedysover time, with a 10%
change in gain over approximately an hour. As the decreasesioa and of relatively
low magnitude the estimation did not suffer significanthheTaverage distributions for
the N,,,=10, 50 and 100 estimates are shown in Hig. 14.13. The tests performed
sequentially starting with thé&/,,,=10, thenN,,;=50 and, finally,N,,,=100. Indeed, the
effect of the gain drift could be seen as analogous to noisertainty. The scaling be-
ing performed is incorrect, thus the estimates will suffent the same effects as noise

uncertainty. A sample distribution from each of the testhiswn in Fid 4.14.

PDFs of Estimated Distributiol
P

— 1l Ngps=50

SNR/dB

Figure 4.13: Change in theV R Distribution Between thév,,,=10, 50 and 100 Estimates
runs

Unlike the simulation, the underlying distribution for thieIS test is not known. The
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PDFs of Estimated Distributiol
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Figure 4.14:S N R Distributions for/V,,,=10, 50 and 100 Estimates.

underlying distribution is estimated from an average oftal distributions found. Each
estimated distribution is compared to a distribution tisathie average of all the distri-
butions with the same number of estimates (i.e. thg =10 estimated distributions are
compared to the average of all thg,, =10 estimated distributions). Thus, any bias intro-
duced by the thresholds would also be in the distributioh witich each distribution was
compared. Therefore, the correct simulation conditiofwihich to compare this test is
the noise uncertainty case. The[SFElis then generated from the estimated distributions.

ThellIISElis shown in Fig[4.15.

The results do not match well. TREISE] is significantly higher than predicted. This
could be caused by the noise uncertainty and by the gainadrifie system. Approxi-

mately 5x samples are required by the practical system te tiessame performance as
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MISE of IRIS and Simulated Distributiol
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Figure 4.15:M I SFE for IRIS Test

the simulated system.

This mismatch shows the need for constant noise power dgtima an adjacent band
to reduce the effects of the gain drift. TBRE/SCltest described next used noise power
estimation in an adjacent band, to reduce the impact of tlftardgain.

As has already been stated in this chaptedMAES Elis of little practical use to a system
because it requires knowledge of the distribution beingreted. Thé&lZZSCl, however,

as defined in[(419), can be used to provide a measure of conéiden

As the test is sequential (each step uses the previous stepripare the currefffN 73
estimate to) variance in tH€N R will lead to difficulties. Thus, an extra controller was
added to the system. Every fifty energy detector resultsytbi would change to an

adjacent (empty) band and recalibrate the gain to compefmaihe thermal effects. The
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system would then return to the original band and resumeeste t

Finally, the.CDF of th€/L.SClsimulation is shown. This is the probability that the system

will have reached an estimate by th& estimate for th€lZ75C] values chosen. This is

shown in Fig[4.16.

CDF of Decision vs Number of Observations for Target M
MISC

Nobs

100 100C 10

Figure 4.16:M 1 SC CDF for Decision on Distribution for IRIS Test

Note that thélZ/ISC] target values are not very low and are easily met by the system
most cases. However, the systems that will use the diswibatre robust to inaccurate
distributions, as will be shown later in Chapter 5 and ChapteFierefore, th€Z1.5C]
target values do not need to be very low, thereby allowing allsmmber of estimates to

be used when estimating eV | distribution.
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45 Conclusion

In this chapter the ability of a system to generate an acel$tatil distribution was inves-
tigated. In sectiof 413, various options distribution estimation were examined.
The theoretical method suffered from a large degree of taicgy in the parameters to be
used and was rejected as a viable option. Likewise, the empetally in advance method
was also rejected though, in this case, the main issue wdac¢héat conditions could

change between having learned the distribution and theeusfahat knowledge.

The experimentally in-line method was selected as the mostiging. The method was

shown to have little cost, as the individifalV Rl estimates are readily available.

Using[KDE with this method allows relatively quick and acatar estimates of tHEN 1]
distribution to be found. In sectidn 4.2, two methods foreasing the accuracy of a
distribution were presented. The fildfISF] is a well-studied method for checking the
accuracy of an estimate when the original distribution igilable. When the original
distribution is unavailablé]}/7.SC] allows the system to check that the distribution has
stabilised, a good indication that the distribution is aatet Thi§M/7SClwas developed
for thelSN Il estimation scheme here, though itis likely a similar tegbriexists in other
work under a different name.

There are some non-idealities in the in-line estimationhm@t Noise uncertainty can
reduce the accuracy of the system. In addition, the thrds¥fdhe detector and occupancy
of the channel can introduce a bias in the estimates. Althdugay be possible to reduce
this bias, this is outside the scope of this work.

The method was tested both in simulations and practicaihgute[IRIS$ system. A drift
in the gain of th& USRP was noted which reduced the accuradyedfytstem. This was

corrected by the system taking very regular estimates ohtiiee power in an adjacent
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band. Thé IRIS results are not the same as the predicted amesimulation. However,
the estimated distributions are still sufficiently closaliow the detector architectures in
Chapters 5 and 6 to work.

Finally, it should be stated that this method is not intenidegenerate al¥ N 7] distribu-
tion to be used to guarantee safety to primary users[SThé&l distribution should only be
used to increase performance in a way that does not changedbabilities of interfer-
ence with the licensed users of the band. In this work3h&k] distribution is only used
to decrease the sensing time required. Thus, even if thea&stis substantially incorrect,

the primary user will not suffer, rather the CR alone will hagduced performance.
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Coarse Sorting Fine Detector

5.1 Introduction

5.1.1 Coarse-Sorting Fine Detector Architecture

When a cognitive radio attempts to find a free channel, it vatlcheck a single channel
only. Instead, several candidate channels will be investid, If the CR is attempting

to find the first free channel available, then it will stop ofitckeas found a channel that
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5.1. INTRODUCTION

it declares to be free. Under most conditions, aside fronvilyeeorrelated channels, a
random search is the optimum, when no extra informationadave [79].

However, if extra information was available, this would oader be the case. If a quick
scan was performed on all the channels, then extra infoomatould be available to the
[CR. This would allow the CR to make a better decision on which efdhannels to
intensively scan first. This could be achieved by first scagaill the channels with an
energy detector with a small number of samples per deteattempt, this is the coarse
detection phase. Then the channels are sorted w.r.t. tipaitsuaf the coarse scan. The
channels would then be scanned by an accurate detectas kiniswn as the fine detector.
Such a detector has been known as a coarse-fine detector. vetpwe differentiate it
from other detectors that use coarse and fine scans but waingusorting, such as will
be seen in Chapter 6, it is denoted here as a Coarse-Sortin@Eteetor [CSED). The
flow diagram associated with[a_CSFD is shown in Hig] 5.1. No&t ‘thext lowest” is
the lowest chanel on the first iteration. Also included is flogv diagram for a Naive
detector, where there is no coarse detection and, theraforsorting. An important
question is, how coarse should the coarse detection sedrmaeot ensure efficient and
effective operation?

Consider the environment in Fig._1.1. Some of the signalstamag and at a higR N 73
These signals would be easily detected by a quick (coarse) €ther signals are weak
and have very loM6NTks. These signals would not be detected reliably with a small
number of samples. However, the coarse detector is notdateio detect the signals
reliably. The coarse detector is attempting to provide dmese that can be used to sort
the channels. As the number of samples in the coarse detecteases, the effectiveness
of the sorting will increase also.

To find the optimum point, corresponding to the minimum reggiinumber of coarse
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CSFD Naive

Energy Detector

(All Channels) Select Channel at
Random

Order Channels

Fine Detector

Select Next Lowest

Channel Signal Declared

Present?

Fine Detector
Free Channel

Detected

Signal Declared
Present?

Free Channel
Detected

Figure 5.1: CSFD Flow Diagram Compared to Naive Detector

samples where the gain of taking extra samples is no longehwlwe associated cost, is
difficult analytically. ThéS N Rldistribution may be user-defined and expressed as a sam-
pled distribution. Thus, in general, an analytical solmi®highly likely to be intractable.
Monte Carlo simulations could be performed to find the optinpaimt. In practice, these
simulations would most likely be accurate but costly in tewhcomputations and time.
Instead, a model of the process was generated that allowastheate prediction of system
performance in significantly less time than Monte-Carlo $ations running on the same

hardware.
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5.1. INTRODUCTION

5.1.2 Modelingthe System

First, an expression for thie PDF of the output of the energgater is found. This PDOF
accurately describes the output of the energy detectoraiferent numbers of samples
and the prevailinN Rl distribution, if a signal is present. In addition, the effeaf noise

uncertainty on the distribution of the energy detector auigze modelled.

Using order statistics [110], the outputs from the energgder are sorted. It is assumed
that thelS N Il distributions are independent and identically distridutiei.d.). This as-
sumption reduces the computational complexity of the sgqprocess dramatically, with-
out impacting the accuracy of the estimates of the sortgulsit By comparing the sorted
outputs, the probability that a signal is present in the okebhanalysed in the!” detection
attempt is calculated. The reduction in the accuracy of tbdehusing this method for a

channel with a time varying occupancy is also found, allgvimore realistic modelling.

Once the probabilities of occupancy have been found fohalthannels, Markov Chains
can be used to predict the performance of the system. Usingitte Detector’'s Receiver
Operating Characteristi€ (RDC) the performance can be dstilaven in the presence
of fading. The fine detector could have a diffelent ROC to therse detector if a different
detector is used for the coarse and fine detectors. In thesaragnergy detector is used
for both and there is only orie ROC to consider. The Markovrtlean be used to find
the average number of samples required to find a free chaame| thus, the speed gain
relative to a Naive detector), the variance in the numbeaofmes required to find a free
channel, the probability of generating interference ardttobability of not finding a free

channel.

In this chapter the various components of the model are itbestand the accuracy of each

section is discussed. Finally, the overall accuracy of tbe@his shown by comparisons
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5.2. ENERGY DETECTOR OUTPUT

to large scale Monte-Carlo simulations.

5.2 Energy Detector Output

For an energy detector based coarse detector the obtpas,derived in [54], is chi-square
distributed when there is no signal preseft)) and non-central chi-square distributed

when a signal is presenti() or,

2
H
Y ~ XNCOG.TSE 0 ; (5.1)

X?Vcoar.se (7) Hl

whereN....s. iS the number of degrees of freedom (equal to the number gblesmsed

by the coarse detector) ands the non-centrality parameter, given by the product of the
SN and Neoarse-

The distribution of the output, when no signal is presenpetels only on the number of
samples used. In Fig. 5.2, the output PDF is shown for vanaliges of N, s..

When a signal is present the output depends on both the nuridemnples and tHEN Ll

In Fig.[5.3, the outpui PDFs are shown for various valuéSBT:l

The distribution of the output of the energy detecitordepends on the distribution of the
If the[SN ] distribution is known, then the new distributiofy; sy z, can be found

by averaging over tH& N Rl via:

frisnr(z) = /0 Fsnr(Y)X N0 (V- 2)dY, (5.2)

wherex%, ~(v,z) is the value of the non-central chi squared distribution:afor a

non-centrality parameter and N,,,,s. degrees of freedom anflyr(v) is the value of
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5.2. ENERGY DETECTOR OUTPUT

PDF of energy detector output for varyifoars
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Figure 5.2: PDF of Energy Detector Output When No Signal is@&mne

the[SNRIPDR for adSN Rl of ~.

Since, in practice, most distributions will be derived frotmservations, as in [106], ex-
pressingfy sy r in terms of a sampled N [l distribution is usually more appropriate. In
addition, since the dB scale contains more information fandormly sampledSN R

distribution, the range is changed to dB, tHus](5.2) becomes,

fY,SNR[x] = A Z fSNR[’V]X?VCOW.Se [y, 7], (5.3)

y=—00
whereA is the step size of the summation and the range of the summegitects the
appropriate bounds. In the example used in this work[3R&7] distribution is in the
range -21dB to 10dB and so the summation is performed overanige. Note that the
operation is not, strictly speaking, a summation; the siEpis not usually equal to unity.

The summation notation is used for expository simplicity.

ThelSN Rl distribution derived in the previous chapter is used for destrative purposes
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5.3. ENERGY DETECTOR OUTPUTS UNDER NOISE UNCERTAINTY

PDFs of Energy Detector Output for Varying Sl

f(Y)
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Figure 5.3: PDFs of Energy Detector Output When a Signal isd?rte

throughout this chapter. For this example distributioe[FDF of the output of the energy
detector is illustrated in Fig. 5.4.

This distribution, fy. sy r[z], is then the distribution of the output of the energy detecto
when a signal is present, without the detector having anyledge of thdS N I other
than its distribution. The small peak at roughly 11000 isgbak seen in the sampfeV 3l

distribution at approximately 20dB

5.3 Energy Detector Outputsunder Noise Uncertainty

Thus far in the analysis it has been assumed that the systatbarate knowledge of the
noise variances?. This variance is used to scale the input of the energy detettt give

a unit variance input when no signal is present. Howevehgfeastimate of the variance,
62, is incorrect, then the energy detector input will be scatedrrectly.

p is defined as the noise-uncertainty, or the relative inamyuof the estimate, and is
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Energy Detector Output PL
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Figure 5.4: PDFs of Energy Detector Output When a Signal isé8WVithS N R Distri-
bution of Fig.[4.%

given by [42]:

p="22. (5.4)

5.3.1 Noise-Uncertainty for Unoccupied Channels

For a noise-only channel, the distribution of the input ®&mergy detector, after normal-
isation, has variance
v(n) ~ N(0,p). (5.5)

The energy detector output:
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5.3. ENERGY DETECTOR OUTPUTS UNDER NOISE UNCERTAINTY

Ncoa'rse

Y, = Z v?(n), (5.6)

n=1

Is then distributed according to:

Yo~ Y. N(0,p), (5.7)
n=1
which can be written as:
NCOG,TSE
Yo, ~p Y N(0,1)% (5.8)
n=1

The sum of the squares 6f....s. zero mean, unit variance, Normally distributed random
variables isy? distributed withV,,,,.. degrees of freedom.

The[PDF of a noise-only energy detector output with uncetyai, fy, ,[x], is, therefore,

J}nA,p ~ ICXNcou.'rse’ (59)
p x _X S —1. .
s Necoa

To generate the PDF of the energy detector output,for a distribution ofp, denoted
f,»» thesd_ PDFs must be averaged oygr In this work a discrete distribution fof, is
considered. In Fid. 515, the outdutf PDF is shown for varialees ofp.

Consequentlyfy becomes,

Pmazx

el =AY flolf,ll, (5.11)

P=Pmin

where,p,... andp,,;, are the maximum and minimum valuesfrespectively, and\ is
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5.3. ENERGY DETECTOR OUTPUTS UNDER NOISE UNCERTAINTY

PDFs of Energy Detector Output for Ncoard®00 and Varying
f(Y)
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Figure 5.5: PDF of Energy Detector Output With Noise Undatyaand No Signal
Present

the step-size of the summation.
The distribution offy[z] in (5.11) can then be used for the unoccupied c&&@)), in
GI).

5.3.2 Noise-Uncertainty for Occupied Channels

For an occupied channel the input to the energy detectay, after normalisation, is the
sum of two zero mean Gaussian variables, namely a noisebl@math variancep and a
signal of varianceZ—. Thereforex(n) is the sum of two Gaussian variables and has the

distribution:

xSNN(O,p—I—%). (5.12)
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5.3. ENERGY DETECTOR OUTPUTS UNDER NOISE UNCERTAINTY

Sincep ~ 1 [42] and, folSN Rl where noise uncertainty has the greatest effeet; 1,

then [5.12) can be well approximated by:

25 ~ N(0,p + 7). (5.13)

This assumption was compared with the exact distribution fa). Forp = +0.1dB and
~v = —10dB the percentage difference is approximately 1.04%. Thesagproximation
in (5.13) is deemed to be sulfficiently accurate here.
When a signal is present the energy detector output is wetbappated by:

Ncoarse.

Yipr~ > |N(0,p+SNR)[*. (5.14)

n=1
where the the absolute value operator is required for comalkied signals.
Therefore, thé POF of the energy detector output for a signdtnoise channel with

uncertaintyp andSN R of v, fy, ,_[], s,

). (5.15)

In Fig.[5.8, the outpUf PDF is shown for various valueg.of
To generate the PDF of the energy detector outfiud, z, for a distribution ofp, f,, and
a distribution ofSN L], f,, the[PDFs could be averaged separately:

Ymax Pmax

fY,SNR[x]:Stepsizew Z f’yh/]Stepsizep Z fp[p}fys7p,fy|:$:|7 (516)

Y=Ymin P=Pmin
wheresteps;.., andsteps;.., are the step-size of theand p summations and,,,,, and
Ymin @re the maximum and minimu®\ £l values, respectively.

This method, however, is computationally inefficient, rieiepg the calculation of the val-
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5.3. ENERGY DETECTOR OUTPUTS UNDER NOISE UNCERTAINTY

PDFs of Energy Detector Output for Ncoazd®00, SNR=-10dB and Varying
f(Y)
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Figure 5.6: PDF of Energy Detector Output With Noise Undatieand a Signal Present

ues ofy%, _[p,~] for all values over both distributions.

Alternatively, if the[PDF ofp + ~, denoted,f,,, is generated first, then the computa-

tion time can be significantly reduced. Firstly, &V 2l and the noise uncertainty are
converted from their dB representation to their linear foasiit is in this scale that they
are added. This can be done using the cumulative distribdiioction and changing the
scale [111].

Then the PDF of the sum of these two variables is the conasluii their respective

[PDHs [112], i.e.:

forrlz] = Zf'y[x]fp[n_x]' (5.17)

This relatively quick convolution reduces the number ofasthat the values of the?
[PDR are calculated. For example, for a 100 pgipgnd f,, 10000 [PDR values are

calculated without this convolution. With (5]17), howewvenly 200(PDF values are cal-
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5.4. SORTING ENERGY DETECTOR OUTPUTS

culated, though this depends on the requifetbr the composite distribution. This is a
50x reduction in a complicated operation.
Consequently[(5.16) becomes:

(P"F’Y) max

fy.snrlz] = StePsizep+vy Z Jotny [p+ 1] fYS,p+'y [z]. (5.18)
p+Y=(p+7)min

Equation [(5.1B) can then be used instead of (5.3) for allutations when noise uncer-

tainty is present.

5.4 Sorting Energy Detector Outputs

When attempting to predict the result of sorting the enerdgater outputs, order statis-
tics can be used. IV independent and identically distributed (i.i.d.) randoaniables,
(z1,2,- -+ ,zn), €ach having the sarie PDF(x), and.CDF,F (z), are sorted with re-
spect to their magnitudes, order statistics allow the gaiver of thé PDF of the'” lowest
valued variable, known as th&" order statisticy,,. .

The[PDF of thex!" order statistic of N variableg,,.y (), is given by [110]:

N!

o oo @ T A= F@) T @) (5.19)

fn:N(Z‘) -

In the noise-only case, 1&f, denote the number of channels with no signal present. Thus,

the[PDF of thex'" noise-only variablery ,,.x,,, namelyfy ..x, (), is given by:

N,!
@) = R Sim =)
Fy(2)" (1 — Fy(2))M " fy(x), (5.20)

108
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whereFy (z) is the noise-only CDF at and f (x) is the noise-onli/PDF at.

In the signal-and-noise case, we havg, channels with signals present. Thus,fhe PDF

of then'" signal-and-noise variables ..., , denotedfs,,,.~,., (x), is given by:

Ngig! 1
fsyn:Ns'Lg (1:) (Nsig o n)?(ﬂ o 1)' (F5<x))n X
(1= Fs(2))"™" fysnr(z), (5.21)

whereFs(z) is the[CDF of the energy detector outputzaand fy () is the[PDF of the

energy detector output at

In Fig.[5.7 four signal-and-noise i.i.d. outputs, with,.... = 1000 and using the example
[SNRIPDE from[4.%, are sorted by (5]21) and the result is showngaldth the original
[PDE of the outputs.

For non-identically distributed variables, an alternatmethod for generating the sorted
distributions is available [113]. However, non i.i.d. \&les are not considered here as
this method requires the computation of the permanent &f an/N, matrix for each point

in the distribution, whereV, is the number of energy detector outputs to be sorted and
is equal toN,, and N, for the noise-only and signal-and-noise cases, respéctiVae
computation required for this i8(2"= N,) [114]. For example, ifV, = 9, then each point

on the PDF would require 4.6k calculations, significantiyréasing the time required for

the simulation.

It will be shown in Section 5.911 that the error introducetbithe final result due to the
assumption of i.i.d. variables is small and the predictetthoygm number of samples for

the coarse detectioN.,,.... does not change significantly.
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PDF of energy detector output for varying for sorted varia
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Figure 5.7: PDFs of Energy Detector Output When a Signal iséhteand the Output is
Sorted w.r.t. Magnitude

54.1 Comparing PDFs

Once thd_ PDFs for the noise-only and signal-and-noise desgsbeen generated, they
must be compared to find the sorting efficiency of the system.

The probability that a variablg,, with[PDHR f,;, will be smaller than a variablg,, with
[PDE f,», assuming variables are independent, can be calculated@sd: The fraction
of the signalPDFf,; that is smaller than a valué, is the probability that, will be
smaller thark.

Thus:

k
Pyi<k = / fy(z)dz. (5.22)

For a sampled distribution whey®, [x] and f,»[z| = 0 forz < 0:
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5.4. SORTING ENERGY DETECTOR OUTPUTS

k
P, =A Z finly x stepsizel, (5.23)

j=1
whereA is the step size of the summation.

Performing a weighted sum, based on the value of the sdcoftl j3Dat these points,

gives:
NCOCH"SG
Ppcy, =AY Py ifplk x stepsize], (5.24)
k=1
or
NCOG,TSS k
Ppcy, =% > fnlil fyalk x stepsize]. (5.25)

k=1 j=1

In Fig.[5.8 the lowest of four noise-only outputs with the &st of four signal-and-noise
outputs, where the samdleN 7] distribution is used andV,.,,;. = 1000, are shown.
Using [5.25) results in the probability of the lowest of fawise-only outputs being lower
than the lowest of four signal-and-noise outputs being®3.Comparing this to Monte-
Carlo simulations run one million times, which produced abatality of 98.6% for the
same event, shows that the method is accurate. thes reduced then this error would,

on average, decrease further.

This method can be repeated to compare each of the signailasel channels to the
noise-only channels and generate a maffixwhereP(i,j) is the probability that the!"

signal-and-noise output is greater than e noise-only output, with all of the corre-
sponding probabilities. This matrix will be used with MaviGhains to model the system

with a view to calculating the system response.
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Figure 5.8: Comparison PDFs of Lowest of Four Sorted Energied@er Outputs
for Signal-And-Noise Case for SampleN R Distribution, and Noise-Only Case for
Ncoa’rse = 1000

5.5 Timevarying occupancies

Using the equations for timing in SectibnB.7, the averagbalbility of change in occu-
pancy can be generated. As can be seen inFif. 5.9 for a finetaletéth approximately
200k samples, and a sampling rate of 1MHz, there is a low [mibtyaof interference

(£ 10%) for Ton = Torr > 2 Seconds.

If this interference probability is sufficiently low thatéh~ine Detector’s performance
does not become significantly impaired then no changes quéreel to the fine detector.
If this is not the case, then a weighting scheme, similar &b pnoposed in [43], could be

used to increase performance.

Of greater impact on tHe_CSFD is the fact that, as the numbeetetction attempts in-
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Probability of Change in Occupar
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Figure 5.9: Probability of Change for.,... =0.2s and Varyingon, Torr

creases, the accuracy of the sorting tends to decrease, hareel with time varying
occupancies. Here it is assumed that the probability of hiaaeel switching occupancy
twice during a sensing period is very low, i.e. that they + Torr >> tsense. If the
n'" detection attempt has a probability of scanning an occugliedinel ofP,.. (which is

generated fron (5.25)) then, with a time varying channe& rtew probability is:

Pocc,new = Pocc(l - Pchange,ON[n - 1]) + (1 - Pocc)Pchange,OFF [n - 1]7 (526)

where Punge.0rr[n — 1] is the probability of change from occupied to unoccupied by
the end of thegn — 1) detection attempt and usés, as the mean channel time and
Prhange.orr[n — 1] is the probability of change from unoccupied to occupiedt®yend

of the (n — 1) detection attempt and us@s - as the mean off time. Note that only the
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5.5. TIME VARYING OCCUPANCIES

probability of the detector changing before thié detection attempt is used here, as this
will lead to the decision becoming inaccurate.
In Fig. [5.10 the new occupancy probabilities are shown ferttt detection attempt,

2 <n <6, forvaryingTpn andTprr. The sensing timée,.,s., is Now0.2 x (n — 1).

New Probability of Occupancy for Sorted Chanr

Poccnew
1.0
L —0— n=2
0.8l —#— n=3
—o—n=4
OGj —&— n=5
: —¥— n=6
0.4r
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O. OO I I I \2 I I I 4\. I I I \6 I I I \8 I I I ]_‘OTOH 1T0ff (S)

Figure 5.10:P,.c new fOr t5ense =0.28,P,.. =0.8 and Varyindlon, Torr

ForTony = Torr > 10s, there is little change in the occupancy probability, ice.n=6
andTon, Torr = 10S, Pyeenew = 0.74. However, thel iy andTyrr times will not be
equal when the average occupart;yis not equal to 50%.

The average occupandy,is a function of the average “ON” and “OFF” times and can be

written as

Ton
= ———M— . 5.27
Ton +Torr ( )
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If Ton + Torr is set to a specific value, then it is easy to find the appraprialues for

Ton andTyrr for a specifid. In Fig.[5.11 this is shown.

New Probability of Occupancy for Sorted Chant

POcc.new

1.0r

—— n=2
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Figure 5.11:P,cc new fOr tsense =0.28,P,.. =0.2 and Varyindlon + Torr andf= 60%

For the third detection attempt at an average occupancyof&tti’y, v + 1o rr of 5s, the
new occupancy probability equals 0.25 ( the expected val0e2i without a time varying

occupancy).

In this system it is unlikely that the detector will requilig detections, indeed it will be
shown later that the average number of detection attemgtsresl by coarse fine sensing
Is approximately two. Thus, small variations in the probgbbf occupancy will not
change the model significantly. If the occupancy is time wayyvith a sufficiently small

Ton + Torr, then the model can account for this by using (5.26).
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56 Markov Chain Moddl

A Markov Chain can be used to model the system once the prayamiatrix, P, has
been generated [98]. In real systems the secondary deteitkdrave a finite Py, and
P,.4. Thus, to have an accurate model of the system, it must in¢heke probabilities of

failure.

The sorting performed by the coarse detector does not depetite secondary detector.

Therefore, the probability matri® is independent of the secondary detector used.

The Markov model is somewhat complicated, as the systemota@ssume that the fine
detector will detect the spectrum opportunity on the firgrapt. The system must com-
pare all the noise-only energy detector outputs to the sigmé-noise energy detector

outputs.

The Markov model has a significant number of possible pathEid.[5.12 the transition

probabilities are shown for a single transient statg,,.

StateS,, . is the decision between the!" signal-and-noise energy detector output and

n'" noise-only energy detector output. From stéie, there are four possible paths.

The system will transition frons,,, ,, to S,,,+1 », With a transition probability ofr (m, n).

It will transition from S,,, ,, t0 S, .1 With a transition probability 0P, (m,n).

The system will transition fron%,,, ,, to the missed detection absorbing state with a tran-
sition probability of P;,,;(m, n). It will transition from S,, ,, to the free channel detected
absorbing state with a transition probabilityBf-(m, n). Equations[(5.30):(5.33) below

specify how these probabilities are calculated.
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Missed
Detection

|:)T1(m-1,n)

Free Channel
Detected

Figure 5.12: Markov Chain for CSFD and Naive Models

5.6.1 Naive Detector

For a Naive detector with a non-ideal secondary detectempthbability that the channel

to be scanned in statg,, ,, is unoccupiedPy(m,n), is given by:

0 if n > Nyoise
Py(m,n) = 1 ifm> Ngy, (5.28)
S otherwise
whereN,, ;.. IS the number of remaining noise-only channels aig is the total number
of channels remaining.

There is no possibility of both > Ny,;sc andm > Ng;, being simultaneously true as
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this would require more detection attempts than channelseStates,,, ,, corresponds to

havingm — 1 signal-and-noise channels amé 1 noise-only channels scanned previously,

(5.28) becomes:

0 ifn> NNoise
Py(m,n) = 1 ifm> Ngy, - (5.29)

Nnoisc —n+1 1
S A ——; otherwise

The transition probabilities for the Markov chain are defin@hereP,,, is the average

P, over thdSN Rl distribution, as:

e Pr; is the probability of correctly deciding that a signal is g®at, requiring the

system to continue scanning from statg,, ,,, given by:

Pri(m,n) = (1 — Py(m,n))(1 — Pa). (5.30)

e Pry is the probability of incorrectly deciding that a signal i®gent, requiring the

system to continue scanning from statge,, ., given by:

Pro(m,n) = Py(m,n)Py,. (5.31)

e Py, is the probability of incorrectly deciding that no signapiesent, thus causing

harmful interference to the primary user, given by:

Proi(m,n) = (1 — Py(m,n))Ppa. (5.32)

e Prc is the probability of correctly deciding that no signal iegent, thus finding a
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spectrum opportunity, given by:

PFc(m, 7’L) = PN(m, n)(l — Pfa). (533)

Py, will remain constant at the chosen value but, for the finealetearchitectures con-
sidered herep,,, will depend on th& PDF of tHEN Rl

Equations[(5.29):(5.33) allow the Markov Chain matrices égobpulated for the Naive
system, where there is a non-ideal secondary detector. r&hsitional matrixQ [98] is
a square matrix of ordéf@. For N, = 10, Q is ab5 x 55 matrix. For an absorbing

Markov chain the fundamental matriX, is defined as [98]:

N=(I-Q", (5.34)

wherel is an identity matrix of corresponding size.
The average number of steps required to reach an absorliteg starting from the'"

state, is then given by ., [i]:

Nyjepeli] = NE[i], (5.35)

where¢ denotes the row sum of a matrix.
Since each step corresponds to a detection attempt, thegaveatal number of samples

required for the detectoﬁﬂ Naive, 1S given by:

NT,Naive - I§Isteps [i]Nfinea (536)

whereN;,. is the number of samples required for fine detection.

For an energy detector to guarante®gaandP,,, of 10% at afiS N Rlof -21dB, it requires
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Table 5.1: The increase in number of detection attemptsnextjfor increasing occupancy
for a Naive Detector

0 | N7 Naive PDB Method| N7 n4ive Monte-Carlo Method
0.1 254k 255k
0.2 282k 283k
0.3 317k 319k
0.4 363k 364k
0.5 423k 425k
0.6 507k 509k
0.7 633k 636k
0.8 841k 844k
0.9 1230k 1236k

Nyine = 209k samples.Nr nqive Was generated for these values and compared to Monte
Carlo simulations to verify accuracy. The results are shawrable5.1.

The results for the Markov Chain analysis match very closely wose found using
Monte-Carlo simulations. Even at 90% occupancy, wifedtenotes the occupancy and is

equal to 0.9 in this case, the relative error is still less1t0£%.

5.6.2 Coarse-Sorting Fine Detector

For theLCSFED detector, using a non-ideal secondary deteaoh transient state in the
chain corresponds to the comparison of a signal-and-naseyg detector outpUf PIDF to
a noise-only energy detector outfput BDF. Since the enerpce outputs are sorted,
the P, for the lowest signal-and-noise will generally not be eqodhe averagé’,,,; for
the[SN Rl distribution. Consequently, the effects of the ordering nmesaccounted for.
ThelSN Rl of the outputs can be thought to be ordered on average, thumatgh all cases.
It is possible that thex!" signal-and-noise energy detector output could havi€ AR

that was greater than that of tlie + 1) signal-and-noise energy detector output. On
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average, however, theé”" signal-and-noise energy detector output will have a |QFER]

than successive outputs.

For four signal-and-noise channels with the sanfpléZ] distribution, the signals with
the lowest energy detector output haveé,g, of 0.206%. Using the sorting method, this
is predicted to be 0.232%. Since thg, is so low this accuracy is deemed sulfficient for
detector speed calculations. It will, however, influence therall P,,; calculations and

reduce the accuracy of the calculations.

It is, therefore, deemed acceptable to use order statigpion theSN T3] distribution to
get an estimate of the distribution of th& signal-and-noise energy detector output, for

the purposes of calculating,,,.

The sorted®NRIPDE, fsyrn.n

sig [

x], is given by:

Nsi ' _
fSNR N, 7] Ny — n)?(n — 1)!FSNR[$]n X
(1 — Fsngla])™ o™ fsnrla]. (5.37)

Thus, the averagg,,, associated with the'" detection attempt?,.4(n), is:

B SN Rmazx
Pmd(n) =A Z fSNR,n:NSig [7] Pmd(’y)7 (538)

y=SN Rmin
where P,,;(7) is the probability of missed detection at @IVl of v and A is the step
size of the summation or the “resolution” of {f&V RIPDH.

When the comparisons of the PDFs are completed using (5t&5esult is the probability
that then' noise-only energy detector outduf PDF will be smaller thawt!” signal-
and-noise energy detector output PDF, dendtgg (m, n).
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For stateS,, .., P.(m,n) is the probability that the:'" noise-only coarse detector out-
put will be smaller than thex!” signal-and-noise coarse detector outgixen that the
detector has reached stélg ,,.

Similar to (5.29),P,(m, n) can be expressed as :

0 ifn> NNoise
Pu(m,n) = 1 ifm> Ngy, - (5.39)
Pyig(m,n) | Sy, otherwise
For stateS,, ., i.e. the comparison of thex’" signal-and-noise Coarse Detector output

[PDE to then!" noise-only energy detector outguf BDF, the transitionababilities gen-

erated are:

Pry(m,n) = (1= Py(m,n))(1 — Pra(m)), (5.40)
Pro(m,n) = P,(m,n)Py,, (5.41)
Prua(m,n) = (1 = Pa(m, n)) Paa(m), (5.42)
Pro(m,n) = Pa(m.n)(1— Pr,). (5.43)

From Fig. [5.1P there are two possible paths to sfgte. The probability of reaching

stateS,, ,, is the sum of these two probabilities, i.e.:

P(m,n) = P, (m,n) + Py(m,n). (5.44)
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The two associated probabilities must be treated sepgraitel the results weighted by

the probabilities of each path respectively;(and F,;) to give the correct result.

56.21 Path1l

In stateS,,_1,, the path from staté,,_, ,, to stateS,, ,, which occurs when the fine
detector correctly declares a signal present, has a ti@meiprobability ofPry (m—1,n).
The probability of this path being choseh,; (m, n), is the transitional probability of the
previous state to the current stat&; (m — 1, n), multiplied by the probability of reaching
stateS,,—1 ., denoted?(m — 1,n), i.e.

Ppi(m,n) = P(m —1,n)Pri(m — 1,n). (5.45)

In the previous detection attempt tiie: — 1) signal-and-noise channel was selected
for fine scanning with probability — P,.;,(m — 1,n) (event A). The channel was then
correctly declared occupied with probability— P,.;(m). The probability that then'"
signal-and-noise coarse detector output is smaller than'tmoise-only energy detector
outputisl — P,,.;4(m,n) (event B).

Since event A has already occurred then the probability eheB occurring isl —

P, ,1(m,n) where,

P(BNA)

P,pi(mn)=1—P(B|A)=1- PA)

(5.46)

If the m'" signal-and-noise energy detector output is smaller thamfhnoise-only en-
ergy detector output, then then — 1) signal-and-noise coarse detector output must
also be smaller, as it is smaller than th&" signal (due to the ordering). Therefore,

P(BNA)=P(B)andP,, (m,n) becomes:
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_ P(B) _ - Porig(m;n)
Pa,p1(m,n) =1 m =1- 11— Porig(m — 1771) (547)

56.22 Path2

In stateS,, 1, the path from stat&,,,_, to stateS,, ,,, which occurs where the fine
detector incorrectly declares a signal present, has atiare probability of Pro(m, n —

1). Therefore, similar td(5.45), the probability of path 2rmpchosen is given by:

Py(m,n) = P(m,n — 1)Pra(m,n —1). (5.48)

In the previous detection attempt the — 1) noise-only channel was selected for fine
scanning with probability?,,;,(m,n — 1) (event C). The channel was then incorrectly
declared occupied with probabilityy,.

The probability that then!” signal-and-noise coarse detector output is lower thanthe
noise-only energy detector output remains equal+aP,.;,(m, n) (event D). Since event

C has already occurred, the probability of event D occurisnig— P, ,2(m, n) where,

P(DNC

Pa7p2(m, 77,) = 1 — P(D ’ C) = 1 — % (549)

Similar to (5.47), it can be shown that,

Pom' (m n)
P = g . .
a.p2(1, 1) Porg(mon — 1) (5.50)
Thus, P, becomes:

Py(m.n) Py (m,n) Py (m,n) + Py po(m,n) Py (m, n) (5.51)
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Using (5.47) and{(5.50)?,(m, n) is given by

1 = Pyig(m,n) | Pyu(m,n)

1 — Pyig(m—1,n)" P(m,n)
( Pom'g(ma n) ) Pp2 <m7 n)
Pyrig(m,n—1)" P(m,n)

P,(m,n) = (1-—

(5.52)

It must be noted that the values f6F, ,, depend on both previous states,_;, and
Smn-1. The values must be generated consecutively, startingerninitial states; ;,
where the first detection attempt is considered, moving & toand.S; ; and continuing
until all the transition probabilities for all possible t&ta have been generated. For the
initial state S, ; we have: P(1,1) = 1, i.e. the detector has to start in this state, and

P,(1,1) = P,.;,(1,1) (since there are no previous decisions to influence this).

It is then possible to populate the matrices for[the CSFD MafKaain and to usé (5.84)
and [5.35) to generate the average number of detection @tteequired by the_ CSED
detectorNTgSFD(Nwme, 0), for a number of coarse detector sampl¥s,,,s., and oc-
cupancyp:-

NT,CSFD(NCO(M’SEa 0) = Nsteps(Ncoarsea G)Nfine + NcoarseNch' (553)

For an energy detector to guarante®ga and P,,; of 10% at anSN Ll of -21dB, Ny,

is 209k samples Ny csrp(Neoarse, ) Was generated for these values and compared to
Monte Carlo simulations to verify accuracW,...... was set at 1k samples. The results
are shown in Table5.2. The results of this comparison foMhaekov chain match very
closely indeed to the Monte-Carlo simulations, (for= 0.9 the relative error is still less

than 0.5%).
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Table 5.2: The increase in number of detection attemptsnextjfor increasing occupancy
for a CSFD Detector

0 | Nrcsrpp PDR Method| Ny csrp Monte-Carlo Method
0.1 243k 244k
0.2 247k 248k
0.3 253k 254k
0.4 261k 262k
0.5 272k 273k
0.6 289k 290k
0.7 320k 320k
0.8 387k 388k
0.9 622k 624k

5.7 Expected Speed Gain and Interference Rates

The average number of samples required for detection, uhéeconditions specified
here, can be used to find the optimum number of coarse detantgsles and, thus, the
maximum speed gain possible foi a C3FD detector over a Naiteetde For an occu-
pancyf and N...,s. coarse detector samples, equation (5.53) gives the expeateber
of samples required for detection for a C3FD detector.

If # is known then a search can be performed to find the optimum auwfisamples.
This can be done graphically by generating the full curveafsange ofN,..... values
and finding the value aV,,,,.. that gives the minimumiV, csep (Neoarse, 0)-

Another option is to search numerically, evaluatiﬁg,CSFD(Nwme,9) only for spe-
cific values and attempting to find the minimum. For [R& LRI[PDEs considered here,
Nr.osrp, is smooth and unimodal W.1l¥,...,.., as can be seen in Fig._5114. Thus, it is
expected that a simple search algorithm can be used to findithewum.

For an unknowrd, the averageéVr csrp(Neoarse, ) OVer the occupancy must be found.

If the distribution is not known then it must be assumed to hidoum. If this is not the

126



5.7. EXPECTED SPEED GAIN AND INTERFERENCE RATES

case, then the individual values 8% csrp (Neoarse, #) Must be scaled by tHe PDF 6f
denotedf,.

The averagéVT,CgFD for a coarse fine detectdﬁ(avg,CSFD, can be expressed as:

1
Navg,CSFD(Ncoarse) :/ f@(g)NT,CSFD(Ncoarseag)de' (554)
0

The average number of samples used for a Naive dete¢to¥,;.., can be expressed as:

1
Navg,Naive = / fO(Q)NT,Naive(e)dg- (555)
0

Consequently, the speed gain of the system is expressed as:

~ Nzw Naive
Gs Ncoarse = = & . 5.56
( ) Navg,CSFD(Ncoarse) ( )

The Markov Chain can also be used to generate a matrix of tinenearin the number of

steps required to reach a decisidh,,. It is given by [98]:

Vsteps == (2N - I[>Nsteps - I§Isteps,sq7 (557)

whereN,;.,. s, iS the square of each of the entries in the,,,, matrix or

Nsteps,sq[iyj] - Nsteps[iajP- (558)

Var[Ngeps) is then a vector of length equal to the number of statesVéame Ny, ][]
gives the variance of the number of steps required to rea@tiaidn, starting in the/"
state. This then allows the variance of the number of samplgsired fol CSED to be

found.
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It is also possible to find the probability of incorrect ogea. The probability matrixB,

of entering an absorbing state is given by:

B = NR, (5.59)

whereR(7, j) is the matrix term that governs the probability of transitioom the:"
transient state to thg" absorbing state. The first entry in tBematrix corresponds to the

probability of entering the first absorbing state.

The probability of causing interference is given by the aiaibty of deciding an occupied

channel is unoccupied and using it for transmission. In tlaekdv chain studied here,
this occurs if the system enters the missed detection aibgostate. Similarly, there is a
probability of missing a free channel. If there is a free cte@ravailable, and the radio
declares it occupied, then there is a missed opportunitis ddcurs if the system enters
the missed opportunity state. The appropriate probalshty be found by selecting the

relevant entry irB.

5.8 Fading

If the system is subjected to fading then & RIPDE is modified by the appropriate
fading distribution. Here, attention is confined to slowifed Slow fading occurs when
the channel impulse response changes slowly, such thatNResSconstant within each
detection attempt but may vary between detection atteratsthat shadow fading is not

considered here.
For example, with Rayleigh fading [55], the PDF-ofs:
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Average Speed Ga

Speed Gain

- anm Theory 10%
Simulation 10%

2.0 ”’,, Theory 30%
i Simulation 30%

Theory 50%
1.5 = Simulation 50%

Theory 70%
Simulation 70%

Lo Theory 90%
Simulation 90%
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“so0c 1000 1sooc . 2000(\cows

Figure 5.13: Verification of Model Under Fading for Non-lt#l&econdary Detector for
different levels of occupancy

1.
fraa(v,7) = 5 ey >0, (5.60)

where# is the averag& Nl Distributions for Ricean and other channels, as well as
methods for finding the probabilities of missed detectiarafsignal under fading, can be
found in [55].

Replacing the single value gfin (5.60) with the user defined SNR distributigfi, z(7),

and averaging, the new SNR distribution under fading carabmutated by

fsNRfaded(7) = ZfSNR(:Y)ffad(%;Y)- (5.61)

This newSN R distribution can then be used with fhe BDF method to gendératdesign
curves without any further changes to the model.

The fine detector will need to be modified to account for thenfgdlso. An energy detec-
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tor subjected to Rayleigh fading with an aver&& Rl of -21dB requires approximately
4.8M samples to detect a signal withPg,; of 10% and aPy, of 10%. This value can be
found by averaging thé,,; over thdSN Rl distribution of a Rayleigh faded signal at an
averagéS N Rl of -21dB [55]. If an energy detector is used, then these fitibas can
be generated Withisy radeq(Y) replacingfsnr(y) in equation[(5.37). Verification of the

model under Rayleigh fading for a non-ideal secondary detésshown in Fig[5.13.

Speed Gain for CSFD Systs
Ncoarse Rayleigh
2 0 4000 800C 1200C 16 00C 2000C
. T T T T T T
1.87¢%-
1.75F LALLAL,LAAAAAAAAAAAA*‘AAA*‘AA*‘*‘A
AAAAAAAASSE
1.625- N ﬁ ﬁﬁ lllllllllllllllllllllllllllllllll
15 fﬁ‘ ]
1.375 o
Gs Gaussian Theory
1.25+ L] Gs Gaussian Sim
Gs Rayleigh Theory
1.128- s Gs Rayleigh Sim
1. L L L L L L
0 400 800 120C 160C 200C

Ncoarse Gaussian

Figure 5.14: Speed Gaiff, vs Number of Samples for Varyiny...... for Rayleigh
Fading and Gaussian (No Fading) Noise.

Shown in Fid 5.1 is the predicted speed gain performanceruRdyleigh fading. Also
shown is the performance without fading, i.e. for a Gaussiemnel. Note that, although

the gain possible for both conditions is roughly equal, tiln@ber of samples for detection
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under Rayleigh fading is significantly larger.

Fig.[5.1% shows thé’;, and P,,; for Gaussian and Rayleigh channels. Thg, matches
well, though the sorting effects are not properly calibidai®s discussed in sectibn 516.2)
the magnitude of the error is small. Thg, does not match as well, though, as the average

Py, is approximately 0.01, the effects of this error are small.

Pra andPpg for CSFD Syster
Ncoarse Rayleigh
0 400C 800C 1200C 1600C 2000C | — Pra Gaussian Theory

| | Ps, Gaussian Sim

0.02

71 | ———— Puma Gaussian Theory

A P Gaussian Sim

0.01F

——————— Py, Rayleigh Theory

o

0.00%- ] @ P, Rayleigh Sm

———— Ppg Rayleigh Theory

A -

0.002- MM ...... AAAAAAAAAAAAAAAAAAAAAA LA v Prna Rayleigh Sim

0.007 I I I ! !
0 400 800 120¢ 160C 200¢

Neoarse Gaussian

Figure 5.15:P;, andP,,; Under Gaussian and Rayleigh Channels

The[PDF Method was significantly quicker than the Monte-Cafiethod. The PDF
method took approximately four hours to generate the desigves abovﬂ The Monte-
Carlo Method required approximately two weeks on the samehimac Therefore, the

[PDH is approximately 84 times faster.

59.1 Non-l.I.D. SNR Distributions

As stated in section 5.4 the assumption of i.i.d. [$GY B of the signals to be sorted is

made to reduce the complexity of the sorting calculatiormy hat the full system model

'Single machine single processor at 2.53GHz and 3GB of RAM
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is available, the expected speed gain for non-i.i.d. chianaénvestigated.

Fig[5.16 shows a sampENLIPDH for ten channels together, where the channels have
differentlSN Il distributions. The channels ha#V F] distributions that are Gaussian in

shape with different means and standard deviations. Thesimnmarised in Table 5.3.
Sample NorIID SNR PDF

0.20r

0.15-

0.05-

-30 -20 -10 0

' SNR/dB
10

Figure 5.16: Overalb' N R PDF for all Ten Channels

The sample distributions were used in three ways to testitde assumption. First, the

overall distribution of théSN s were used with the model developed here to predict

performance assuming that all {§é/ F] distributions were i.i.d.

The second test was a Monte-Carlo simulation wher&iNe was generated for each of
the bands and then used individually on the channels. Thidtrehows the average speed
gain for the system where tifgN 7] distributions were independent but not identically

distributed.
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Table 5.3: The exampl&N R distributions used for test

Channel| Mean\dB | Standard DeviationdB
1 -9.9 5
2 -11 0.8
3 -8 5
4 -15 1
5 -7 2.6
6 -10 1
7 -6 3
8 -10 1
9 -9.5 1.5

10 -11.1 2

The final test case generated for each distribution but the channels were se-
lected randomly from the list, with the possibility that twbannels could have the same
[SN Rl This result shows the average speed gain for the systenmewef V] distribu-
tions for some of the channels were not independent and Hrenelfs were not identically

distributed.

The speed gains for all three cases are shown in[Eig] 5.17mBlxenum speed gain is
correctly predicted by tHe PDF method using the i.i.d. aggion to within 0.03% of both

of the other casesy{ 1.74x). The maximum is located for the same number of coarse
samples for the i.i.d. assumption and for the case wherehhenels are independent
but with non-identical distributionSN\,...s« = 2.1k samples) but 100 samples higher for
the case where the channels can be dependentElsg.( = 2.2k samples). This result
shows that the i.i.d. assumption is valid and that the img@noent of CSED’s performance

over a Naive detector does not change dramatically.

There is a possibility for further improvement upon fhe CSRfter the first few detec-

tion attempts it is very unlikely that there are any free ates remaining. If the_ CSHD
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SNR PDF for different SNR distribution assumpti

Speed Gain

—@— Theory:1ID assumed

----lk--- Simulation:Non—-Identical Distributions

------ @----- Simulation:Dependent and Non—Identical Distributions

-~ SNR/dB
50

Figure 5.17: Speed Gaif¥; vs Number of Samples for Varyingy,...... for Different
Distribution Assumptions

truncates its search then, at high occupancies, the peafaencan be improved. This
is investigated further in Chapter 7, where a hybrid detegs@s a similar principle to

increase performance.

5.10 Conclusions

This work has presented a method enabling the modellingrédgmeance for coarse fine
spectrum sensing. By the use of Markov chains and ordertstatiaccurate estimation
of system performance is possible. This method is signifigéaster (approximately 100
times) than Monte-Carlo simulations.

The mismatch in thé’;, does not change the overall speed gain significantly. Intiadi
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the system has its performance at -21dB guaranteed by thédiaetor alone.

The use of distribution is a more accurate method of estimating sygtenfor-
mance in a real environment. The method shown here allowsaky inclusion of user
definedSN E] distributions. Provided thie PDF of the distribution is éadale then this
approach can be used to analyse it. The Monte-Carlo metholdiweguire the ability to
generate a variable with this distribution.

The channels have been approximated as i.i.d. here to redaggutational complexity.
It was shown that this approximation does not significamtipact on the accuracy of the
model presented here, with less than 0.03% of a differen¢kerpredicted maximum
speed gain.

This work also assumes a slowly varying channel, where thegancies are not varying
during the detection attempt. If the occupancies are vgrwiith time, then the Markov
model will have to be modified to account for this. As DTV chalsnare considered
in this work it is deemed reasonable make the assumption edl foccupancies during
detection.

Using this work design curves can be generated quicklywailg the system to be opti-
mised. These curves allow the designer to pick the valuéVigy,.. that gives the best
performance under the expected signal conditions.

The value forNMQ,CSFD(NC(,me) does not change significantly for small changes in
N.oarse- Therefore, it might be possible to select a value /@y, that is appropriate
for a wide range of distributions. This is investigated ertin Chapter 7.

The truncation of a search when the system has a high degceafidence that a channel
is occupied is considered in the next chapter. The CDFD is ectiwtthat, instead of
sorting the channels, makes a decision on whether the chanmecupied or whether a

more accurate scan should be performed. This also allowspheutoarse stages to be
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used, as will now be discussed.
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Coarse Deciding Fine Detector

6.1 Introduction

6.1.1 Multi-Resolution Architecture

As stated in the previous chapter, |CF spectrum sensing useila sgan to generate
information about a band and the energy levels in that baaidcdn be used to optimise

the fine scan. A coarse scan can provide information abowggbetrum that can reduce
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the usage of the fine detector and, thus, the total detedtima tThe previous chapter

presented a method enabling the optimum number of samples found for a single

coarse scan, for a user-specified’ | distribution. However, if a more accurate coarse
scan was used between the coarse and fine ones, could it ribauiceal detection time
even further? Indeed, is there an optimum number of scans tséd?

Obviously, repeatedly sorting the channels would resutbimdvantage to using multiple
detection attempts, or multiple regions. The detector rhastble to remove some of the
candidate channels from consideration at each detectiempt for multiple regions to
be of advantage. To be able to reliably detect occupied eiarat a lowlSN i means
that reliably deciding a channel is unoccupied, when usisgall number of samples,
is difficult. However, reliably deciding a channel is ocaegbiwith a small number of
samples is possible if ti&N Rlis sufficiently high.

The detector operates as follows: firstly, after each deteettempt it decides if there is a
signal present or not. If the detector decides that thersigel present then it can declare
the channel occupied. If the detector decides that there idetectable signal present,
then the next, finer, detection attempt is used. A channehlig declared unoccupied
after the final detection attempt has failed to detect a &iditas final detection attempt
can then decide that a signal at -21dB is not present, withidfaired probabilities of
false alarm and missed detection. This again decouplesathtyof the system from its
speed performance.

A sample flow chart for the Multi-Resolution sensor is showiowein Fig. [6.1. The
system hasVy sensing regions, oNy different sensing attempts. For tlié region,
or sensing attempt, the system takéssamples and the energy detector is run on these
samples for an outptf,. Samples are re-used such that#fi¢hreshold is set for the total

number of samples taken up to that point, not jiistand the sum of alt; (1 < j < 1)
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outputs is compared to the threshold to determine if theasigrpresent. If the threshold
Is not exceeded, then the system moves through succesivasemtil all of the detection

attempts have been completed. The channel is then declacedupied if the threshold
has not been exceeded. If, however, the threshold is exdeeday point then the system

declares the channel occupied and moves to the next chanbeldcanned.

N

Select New
Channel

Free Space
Declared

Figure 6.1: Flow diagram for CDFD Architecture

Since the detector makes decisions in the coarse detecte ihas termed & CDED.

This[CDED technique can significantly decrease overall sgnsme, as will be shown
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in this chapter. However, the system is complicated, hazilagge number of parameters
to choose. ForVy regions there aréVi thresholds to be set, one for each region. The
number of samples for each region can also be set. Thus,Xgr r@gion detector, there
are2Nr — 1 parameters that can be set; the last detection attempa'sitbid and number
of samples are constrained to meet the ovdralland P, rates. Finally, the number of

regions can also be changed, adding a further layer of coitypte the calculations.

In this chapter the_CDHD architecture is investigated and:ti@#acteristic equation de-
rived for the system. A simplified version of the characterisquation of the detector
is derived, which allows a significant reduction in the comapional complexity when

an optimisation is performed, though at the cost of perforcea Using observations on
the model, a simplified optimisation is proposed for the ¢hihracteristic equation which
reduces implementation cost significantly, whilst beinfjisiently accurate and show ex-
cellent performance. The optimisation results are contparé/ionte-Carlo simulations
to verify the accuracy of the model. Finally, fading is calesied and the impact of fading

on the optimisation process is shown.

6.2 Average Number of Samples Required for Detection

To optimise the system (i.e. minimise its sensing timejiaty a closed form expression
for the average number of samples required by the systembewdtveloped. There are
two possible conditions for the channel, namely occupieghaccupied. Each condition

Is now considered separately.
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6.2.1 Unoccupied Channel

For an unoccupied channel the average number of samplese@dar detection is a
function of the false alarm rate and number of samples percten attempt. The'”
detection attemptn = 1,..., Nz — 1) has a probability of false alarm d?,[n], for
N,[n] extra samples (relative to tHe — 1) attempt), whereVy, is the total number of
regions.

If this detection attempt is reached th&Q[n + 1] samples will be used. The average
number of samples contributed by this attempt is, therefté:] times the probability
of a false alarm occurring during tiie — 1) detection attempt. This latter probability is
the product ofl — Py, [¢] for the previous: —1 attempts. The average number of additional
samples contributed by thé" detection attemptV,,....|n], is therefore:

n—1

Nunoce[n] = No[n) [T (1 = Prali]). (6.1)

i=1
where N, [n] is the number of extra samples used by e detection attempt, relative
to the(n — 1) attempt, andP;, ] is the probability of false alarm for th€" detection
attempt (which can be found using equafion B.15).
The total average number of samples required when analgsinghoccupied channel,

Nunoce, 1S the sum of the contribution from each of tNg regions:

Nr
Nunocc = Z Nunocc[n] (62)
n=1

and, using[(6]1), this becomes:

Nunocc:ZNS[n]H<1_Pfa[z]) (63)



6.2. AVERAGE NUMBER OF SAMPLES REQUIRED FOR DETECTION

This is then the average number of samples required for tilmewhen the channel is

unoccupied.

6.2.2 Occupied Channel

When a signal is present with BAVE> —21d B the detector is attempting to declare the
channel occupied. Each subsequent detection attempt eslikely than the previous one
to detect a loweEN Tl value. Thus, it can be imagined that fhe PDF is being panttio
on a per-detection attempt basis. This is shown in[Eid. 6 @&w&the sections of tie N I3l

distribution that each of the detectors detects signalaf®shown.

SNR PDF

P

‘ -

SNR/dB

-20 -10 10 20

Figure 6.2: Contributions of Each Region for CDFD Spectrum Bens

The results shown are for a three region detector with thepkadistribution shown in

Fig.[4.4. The detector values have not been optimised, asstfor illustrative purposes
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only. The number of samples used for the first to last detectespectively, are 5000,
45000 and 355000 samples. Each detector has a probabifaisefalarm of 0.02.

The first detection attempt uses the fewest samples, butstwe majority of the distri-
bution. This is to be expected as signals withi&&W L greater than -10dB can be reliably
detected by an energy detector with 5000 samples. In peadkie last detection attempt
does not detect a significant percentage of the signalst isutaquired to guarantee that
signals at alf N1l of -21dB are detected with the requirét,,.

The average total number of samples required for deteatiocaaf occupied channéel,...,

is given by the sum of the average number of samples requireshth region.

Hence:

Ngr
Nocc = Z Nocc[n}v (64)
n=1

whereNy, is the total number of regions used aNgl..[n] is the average number of sam-
ples for then'” region.
Each individual application of the detector analyses aisecif the[SNR|[PDB. The

contribution of then'” region, N,..[n], is given by:

Nocc[n] - Ns[n]Pdr[nL (65)

whereN,(n) is the number of extra samples for thé region and?;, [»] is the probability
of the signal being detected during the analysis ofstHeregion (which can be found
using equatiof 3.13).

A signal with arlSN'R] of  will only be analysed in the!" region if a missed detection
occurs for all of the preceding detection attempts. The aibdity of this occurring i.e.

the probability of reaching attempt, P,.(n,~), is the product of the missed detection
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probabilities for all the preceding detection attemptsisThigiven by:

n—1

Pdr(”a 7) = H Pmd(iv PY)? (66)

=1
where P,,.4(i,v) is the probability of missed detection for tifé detection attempt with

anlSN Rl of ~.

Weighting equation{6]6) by the value of 8V RIPDR atv, fsyr(7), and integrating

over the range &€ N Il values gives the average probability of detecting atthattempt,

Py.[n], or:

Puln] = / " fown(y) H Prnaa() . 6.7)

where fsn g is the user defined N R[PDRE whose method of generation is described in
sectio 4.31.
Using (6.5) and[(6]7)[(6l4) becomes,

Ngr 00 n—1
Nocc - Z Ns [TL] /(] fSNR(V) H Pmd,z(’y) d’% (68)

where N, [n] is the number of extra samples for th# region, fsyr is the user defined
[SNRIPDE andP,,q.,(v) is the probability of missed detection for tiié region at an
of . However, since it is more appropriate to describe§A€r] in the dB scale,

the limits of integration change to:

NR o0 n—1
Nocc - Z Ns (n) / fSNRdB (’7) H Pmd,i,dB('y) dV (69)
n=1 - =1

whereP,,4;.45(7) IS Prna(y) for the corresponding dB value IV El
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6.2.3 Total Average Number of Samples Required

For an occupancy, where0 < § < 1, the average total number of samples required is:

NT,CDFD - HNOCC + (1 - Q)Nunoco (610)

Using equationd (613) and equatiohs16.8), (6.10) becomes:

NR 00 n—1
Nrcprp(0) = 0 Z Ni[n] / fsnrap(7) H Praiap(y) dy
n=1 -0 i=1

Np—1

F(1-0) 3 Nl [[0 - Prali) (6.11)

i=1

or, for a sample@@ N RI[PDH, in this case satisfying21dB < v < 10d B, with a step size
of A:

Ngr 10 n—1
Nrcprp(0) = HZNs[n]A Z fsnras[] HPmd,z'M
n=1 NR_'y1—721 . i=1
+(1=0) 3 Nfnl [T = Prali). (6.12)

As in equation[(5.13), th€’ N I} summation is not strictly a summation, as the step size is
not unity. To find the minimum number of samples required lieg $ystem would require
an optimisation ovelNy and all the different values df[n| and P, [n] . Since all of the
dimensions are interdependent, solving for a closed folotisa is deemed out of scope

here.

Added to this difficulty is the fact thafs v, , is user defined and cannot be assumed to be
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of any particular type. Thus, either numerical methods eqeired to find the optimum
multi-resolution detector parameters or significant sifigaition is required.

The accuracy of equatiop (6]12) féf; = 2 is shown in Fig[ 6.3, where the accuracy of
the theory is compared to Monte-Carlo simulations with 50,hs. The simulations,
which were performed on the same machine as that used toegetiee theoretical curves,
took approximately 4,000 times longer to generate the dafaired. The time taken was
approximately forty hours for the simulations vs thirty seds for the analytical model.
In addition, the Monte-Carlo curve is not smooth, indicatthgt more runs would be
required to reduce the variability of the relative error.eTihean relative error was less
than 0.005 (0.5%) and the maximum relative error was 0.01%4) The plot seems
random in its distribution of peaks. This further indicatest more samples were required
for the simulations and that the analytical equations ptquirformance accurately.

This analysis was only done fd¥y = 2. Visualising similar data for higher dimensions
would be difficult and adding another dimension would inseetne run time of the simu-
lations beyond that which is practical here Nf; = 3 was used then, with another thirty
points in that dimension, the simulations would take appnately ten weeks, whilst, for
Nr = 4, years would be required, with available hardware. Insteacdigher order sys-
tems, the predicted optimum point is tested, i.e. Monte<Csirhulations are performed
for the parameters chosen by the optimisation and the sesofhpared to the expected

values from the theory.

6.3 Non-ldealities

Here, two non-idealities are investigated. The effectsanfigle reuse and time-varying

signals on the detector are modelled. It is shown that botk hanimal impact and can
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Relative Error i average number of samples required for detection

0.0t0
Relative Error
0.005

0.000 '
-0.005%

Figure 6.3: Relative Error in Results Compared to Simulations

be safely discounted under normal operating conditions.

6.3.1 Sample Reuse

Sample reuse changes the distribution of the output of tleeggndetector but allows

even greater speed gains to be realised. Even if the sangiestche satisfactorily used

to determine the occupancy of the band, they contain infoomahat may be usefully

exploited.

6.3.1.1 No Signal Present

When there is no signal present, an energy detector obtjmais a chi-square distribution

with N, degrees of freedom, wheré, is the number of samples used, i.e.:
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Y ~ X (6.13)

E]

If the samples from previous detection attempts are usetttieetotal value of the energy

detector output at the'” detection attemptyz,,, is:

Yr, =Y, +Yr, 1, (6.14)

whereY,, is the contribution due to the extra samples fortHeregion andyr,,_; is the
total result for the previous region.

Y,, is a chi-square variable witN,[n| degrees of freedom or:

Yo ~ X (6.15)

where, as beforey,[n] denotes the number of samples used.

The contribution due to the previously acquired samplés,_;, is not a chi squared
variable due to the fact that it might not be used if it excetdghreshold for thén — 1)
region and a signal is declared present.

Instead, it is a censored chi-square variable (i.e. a amusgvariable where any result

over the(n — 1)* threshold \[n — 1], is not included) or:

Yrmo1 ~ Xmamoalo s (6.16)

whereNr,[n — 1] is the total number of samples for the — 1) region, or the sum of
all the values ofV,[i] for 0 <i < n — 1 andZ| denotes that the distribution is censored
for outputsz < a andz > b, where z is a random variable governed by the pdf Z.

As the ratio of Ny [n — 1] to Ni[n] increases, the distortion introduced by the censored
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distribution increases. Thus, for lowéfz, the effect is lessened. AB;, decreases)
increases and, thus, the distortion introduced by the cedststribution also decreases,
as less of the distribution is removed by the censoring.

Shown in Fig.[6.4 is the comparison between the expectedfuected’ P, and the
actualPr, when the censored distribution is included. All the probaés of false alarm

for the regions are set to the same valjg ;.

Change inPs, for Sample Reuse for Varyingg
Pra

0.8- N

0.6 NR=2 Expected
NR=2 Actual
0.4- NR=10 Expected
r NR=10 Actual
0.2r

L L 1 L L L L L L L L L L L L L L L L L L L L Pfa w
0.01 0.02 0.03 0.04 0.05

Figure 6.4: Change i®, that Results from Sample Reuse

It can be seen that faNr = 2 the expected value matches the actual value very closely
and there is little distortion. Fa¥; = 10 at a reasonablg, i.e. the total false alarm rate
Py, =~ 0.16, the distortion is lessened to an acceptable level (2.684)igher levels the
distortion grows significantly and the censoring would hevbe included in the model.

As the IEEE 802.22 standard [3] requires a total false alat® of < 10%, the overall
distortion will be even less for an implementation. It isetéfore, deemed acceptable

here to reuse samples without having to model the changg,in
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6.3.1.2 Signal Present

Similarly, it is possible to show that, when a signal is préseample re-use does not
require modelling forNz < 10. The analysis is complicated by tBEV T distribution
but, due to the large value 6f anylSN Ll for which there is a non-negligible value 8%
(thus censoring the contribution to the second detectoithiofirst detector implies there
is also a negligible value a?,,, for the second detector.

Since the system detection probabilities are defined fograsiwith alSN Ll of -21dB,
the change irP,,4, due to the extra attempts, will be negligible for sm¥}} (N < 10)
and will always reduce’,,;. For Ny = 10, the overallP,,, is still approximately 8%
when set to 10%, though this will change with differing vadier V,[n|.

This analysis was done for equd|,. As will be shown later in Sectidn 6.4.3, the optimum
solution for thePy, values is heavily weighted towards the last detection giteriihe
other values for”;, will be significantly lower. This further reduces the effeftsample

re-use as there will be less of a censoring action.

6.3.2 Timing lssues

In section 3.)7, and in some of the work studied in Chapter 248B,the performance
degradation caused by time varying occupancies is comrsidddsing equatior (3.40),
the probability of change was found for sensing tinigs,. of 0.1s, 0.15s and 0.2s. This
corresponds to 100k, 150k and 200k samples, respectitetysample rate of 1IMSps.
The average of the “ON” and “OFF” time§,n/orr, is varied and the probability of
change was found. The result is shown below in Eigl 6.5.

For channels that vary less often than every ten secondsithaismall value oF,,,, 4 Of

the order ofx 1.5% for Ton/orr =10s and ... =0.15s. This will not affect performance
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Probability of Chang

tsense=0.1S

tsense=0.15s
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Tonjore/S

Figure 6.5: Change i,,,,,4e With Ton/0rr for Varyingt e,

significantly. However, for very quickly changing channgts1s) the value oF.;q,,4 ~
14% for Ton/orr = 1S andt ... =0.15s. If the detector is required to run in such rapidly
varying channels, further work is required to ensure aat#ptperformance, though this

is beyond the scope of this work.

If the weighted sum proposed in [43] were to be used with teigctor architecture it
is possible that the impact of changing occupancies in tlammél would be reduced
even further, though this was not investigated here. Howatés worth noting that
the utility of such a quickly changing channel is unlikely e high, in general. To
reduce the probability of negative impact, fhelCR would havscan the channel every
second to regenerate the occupancy estimate. This ragulould, in practice, cause
substantial power consumption. It is, therefore, consideeasonable that the CR would

avoid channels with such rapidly changing occupancies bedlétector studied here is

151



6.4. OPTIMISATION OPTIONS

still important.

6.4 Optimisation Options
There are three options for optimising the system based.ad )6

1. All false alarm rates and sample numbers are variableh Eeggon has two param-
eters that are optimised, except for the final region whichdrdy one parameter,

namely the false alarm rate.

2. All sample numbers are variable and all false alarm ratesqual. TheP;, for
each region is also set to be equal and only the number of sarfgil each region

is varied.

3. All sample numbers are variable and the last region'®falarm rate is variable.

All other false alarm rates are set equal.

Note that, for all three methods, the system must satisfyhheand P, criteria at the
[SN R specified, i.e.P, < 0.1 andP,,; < 0.1 at an[SN L] of -21dB. The final region
is used to guarantee the missed detection probability; thadinal region is constrained
and only one of the parameters, namély, or N, can be varied freely.

Of critical importance when using the CDFD is ensuring that eherall P;, and P,,4
specifications are not exceeded. Compared to a single aetettempt with the samg;,
andP,,; as the last detection region, multiple detection attempiis@duce the overall
P,,q butincrease thé’,.

To guarantee an overatl, satisfyingP;, < Pjqreq, fOr examplePy,,., = 0.1, underNg

detection attempts, the system requires setting the oha@ivalues fors,[n] such that:
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Ngr

Ppareg =1 =[] 1= Pralnl. (6.17)

n=1
This constraint removes a degree of freedom and reducesttdevariables to be opti-
mised from2 Ny (all the thresholds and numbers of sample@Ng —1 (where, generally,

the number of samples used in the last attempt is set to gearparformance at -21dB).

6.4.1 All False Alarm Rates and Sample Numbers Variable

In this case no simplifications are made when attempting tonige, all the parameters
are variable. Equation (6.111) is used without modificatind,aising numerical optimi-
sation techniques, the optimum parameters can be foundifsystem such tha¥r is

minimised.

6.4.2 Equal Probabilities of False Alarm

If the optimisation is simplified such that all values Bf,[n| are set to be equal then

(©.17) can be re-arranged to become:

Praln] =1 — (1 = Ppareq) x. (6.18)

For a system withVy = 4 and Py,,.., = 10% the individual values forPs,[n| are set
equal to 0.026 fot < n < Ng.

For a detector with the requiremenfts, < 10% andFP,,; < 10% at anlSN L] of -21dB,
if no signal is present then the detector requires an incrgasimber of samples a8
increases. This is shown in Fig._6.6. A single region enemgiector requires 209k

samples under the same conditions. Optimisation will neatly change the number of
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samples required when the channel is unoccupied, if theithdil values forP,[n| are

set to be equal.

Number of Samples Required on Aver
Ns

22000(-

200 00(-

18000(- ——@—— Unoccupied at 50 %

16000(+

14000(

Nr

5 10 15

Figure 6.6: Increase in the Number of Samples Neede®fpr< 10% andP,,; < 10%
at -21dB, Without a Signal Present, for Multiple Regions

When optimising the system it must be noted that this increalseounteract the speed
gain that extra regions will provide when detecting signder Ny > 13 there is no
gain possible, as the average number of samples requirdaefanoccupied case at 50%

occupancy is greater than the average number of samplesa@dor naive detection.

6.4.2.1 Number of Regions

For an unknown environment, the average number of sampdgsreel can be approxi-

mated by the average over all the occupancies.
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Ny = /1 Nr(6)d6. (6.19)
0

1
Nr = / Nunocc(l - 0) + Noccg- (620)
0

Since the number of samples does not depend on the occuplaisaivest = 0.5.

As Ny increasesV,,... Will increase also, as can be seen in [Eig] 6.6.

Other distributions or occupancies may have other optimalaes forNy but here this
work is concerned with distributions that are based on adddkowledge of the system
(uniform distribution, 50% occupancy) or ones based onsgstems previously investi-
gated [106]. For the distributions used heé¥g = 2 is optimum whery = 0.5. This is
shown in Fig.[6.J7. It can be seen in Fig._16.7 that, at 75% oautypaVy =3 gives the
maximum possible speed gain. With this occupancy, howéwvedifference between the

Ngr =2 andNy =3 detectors is small.

Number of samples required on aver

Ns
250 00(" @~ 6=25%
200 00(" —— 6 = 50%
15000(" 90— 0=T75%
10000(}
5000C"
R R T

Figure 6.7: Average Number of Samples Requiredvysfor Varying Occupancies
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Thus, it is reasonable to make the assumption that, for teiilaition adopted here,
Ngr = 2 is the optimum for the case d?;, being equal over all detection attempts. For
other distributions this is not guaranteed but, for simidestributions, it is expected that
Ngr = 2 provides either the optimum, or a result sufficiently closehte optimum for
practical purposes. This method is concerned with reduttiegoptimisation problem,
thusNp = 2 is more attractive as it reduces the number of parameteng logtimised to

one, namely the number of coarse detector samples.

With Np = 2, as derived for the simplified case, where all values gy are equal,

equation[(6.9) can be greatly simplified and becomes:

Nocc == Nc + (Nf - NC)/ fSNRdB (V)Pmdc<7) df% (621)

where N is the number of samples required to guarantee performanael&N ] of
-21dB, P,,4.(7) is the probability of missed detection for the coarse daaattempt and

N, is the coarse region number of samples that the system imigptg.

Since, for practical applicationgsnr,,, is @ sampled distribution, the integral [0 (6.21)

Is replaced with a sum to become:

10dB
Nocc == Nc + A(Nf - Nc) Z fSNRdB [V]Pmdh/]a (622)

y=—21dB

where A in the summation depends on the smoothness offthe,, and, here A =

0.5dB.
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6.4.3 Last Region'sFalse Alarm Rate Variable

The most important value fd?y, is the final value P, [ Ng|. To reduce the computational
complexity of finding the optimum values for the system, thienber of variables being
optimised can be reduced. H;,[Ng] is optimised, and the rest of th&,,[n], 1 < n <
Ny — 1, are set equal then, fd¥ regions, the optimisation requires optimising oef
variables instead of ové&N — 1 variables.

The individual values’s,[n| , 1 <n < Ny — 1, are given by:

1
(1 = Prareg) ="
1 — Pjo[Ng]

Proln) =1 — (6.23)

In the next section, an optimisation is performed for eackhefthree options and the
methods are compared. It will be shown that, for the testidigion considered here, the

last method, only the last false alarm rate being variabléhe most appropriate.

6.5 Optimisation of CDFD

The simplified equation[ (6.12) and the full complexity efip, (6.22), are now opti-
mised. The distributions considered here are the distobsitbased on the Iridh DTV
system, shown in sectidn 4.4, and later, in Chapter 7, somssgaudistributions with
similar shape but high€¥ N and a uniform distribution (representing a complete lack
of prior knowledge of th&& N I3 distribution, where alEN s are equally likely in the
range -21dB to 0dB) will be considered.

The curves generated for the number of samples are smoagtinahd cases studied here,
there is only one minimum, the global minimum. Thereforemeucal optimisation is

possible and can use simple optimisation schemes suchtasPa¢arch [115] or Nelder-
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Mead [116]. If the distribution is more complicated and/aultimodal, then the curves
may not have a single minimum and a more sophisticated ogditon scheme may be
needed. In this work, the Pattern Search algorithm is usetis®asily implemented
and relatively efficient at finding the maximum or minimum af@merically computable
function. The Pattern Search method is discussed furtheeatior 6.7.J1.

Instead of using equatioh (6]22), the exact equation, emquf@.12) is used for the op-
timisation, where all values aPy, are set to be equal for equal regions. This allows a
comparison between all the optimisation options over aeasfgV; values. As would
be expected, the lowest average number of samples occuls:fer2 in this case. The
most complicated optimisation allows the independentrggtif P, for all the regions.
Finally, the system is optimised when only the I&%} is variable.

Using numerical optimisation methods, the optimum valwegtie test distribution are
found for a range ofVy values. The minimum number of samples required was found for
each distribution and the results are plotted in Fig] 6.8teNlat the exact and approx-
imated optimisation results overlap until; = 5 and the symbols for the approximated
optimisation simulation results are masked by the symlaolgie exact optimisation sim-
ulation results.

In addition, Monte-Carlo simulations, with 100,000 runs revperformed to verify the
results of the optimisation for each value 8%. In most cases, the predicted value of
Nr is shown to be within 1% of the Monte-Carlo values. The onlyesaghere the
predicted values do not match the Monte-Carlo simulationisave for large/Ny in the
simplified case. This is partly due to the fact that the assiomp about sample reuse,
stated in Section 6.3.1, are not as valid for such large safi€;, in the earlier detection
attempts.

There is almost no degradation in performance when swigctarthe less complex op-
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Average number of samples required for detec
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Figure 6.8: Optimised Speed Gain Compared with Monte-Cartauitions

timisation where only the lag?;, is variable. The maximum percentage difference was
found to be 0.1%, wheWy = 5. Further exact optimisation beyord; = 5 was found

to be difficult, even with the in-built Mathemati®a8.0.1.0 optimisation algorithms, due
to the number of variables and the constraint on té}gl. The simplified method does
not suffer from this problem, and the optimisation evalaaignificantly faster. Since the
accuracy is very good and the reduction in computationalptexity is so significant, this

simplified optimisation will be used for the rest of this work

6.6 CDFD in Fading Channels

An important section of the IEEE 802.22 standard is the requent for the system to
maintain satisfactory performance even when operating fadang environment. If a
signal is subjected to fading then {R&/ L], +, of the signal is distributed according to the
fading distribution. For example, a signal with an avef&@@€F] of 7, when subjected to

Rayleigh fading, has it§ N}l v distribution according to [55]:

159



6.6. CDFD IN FADING CHANNELS

fy) = %exp(—%m > 0. (6.24)

Similarly when there are multiple fading paths Nakagamiifrigas used [55], and,

m(%)%’“ew(—%m >0, (6.25)

wherem is the Nakagami parameter, ahiin) is the gamma distribution evaluatedrat
andm is the measure of the multipath effects.

Applying fading to the origindE N Z] distribution creates a new distribution. This distri-
bution can then be used in place of the origiRd¥ ] distribution to find the optimum
number of samples for the coarse detector. This was coverdetail in sectiof 5]8.

The number of samples required by the fine detector needs tieteemined for 10%
false alarm and 10% missed detection at an avdfEg&], 7, of -21dB; thus, the value
for Ny will increase relative to the non-faded case.

Under Rayleigh fading ané;, = 0.1, Ny;,. ~ 4.8M samples, whilst, under Nakagami
fading withm = 2 and Py, = 0.1 , Ny, =~ 0.99M samples. The value &f;;,. depends
on the value of’;, used for the final detection attempt. Itis possible to sabvetfe value
of Ny, numerically each time, or a look-up table of values £, can be used.

The approximate optimisation is performed on[the DTV disttion under Nakagami and
Rayleigh fading and the results are shown in Hig.] 6.9. Alsavshare the results of
optimisation for a Gaussian channel. In addition, Montek&Csimulations with 100,000
runs were performed to verify the result of the optimisationeach value ofVy under
the two fading types. In most cases the predicted valug;ois shown to be within 0.1%
of the Monte-Carlo values.

It is difficult to see the slope of the curves in Flg.]6.9 duehe large difference in the
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Average number of samples required for detec
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Figure 6.9: The change iNy with Optimised Sensing Under Different Fading Types for
Approximate Optimisation

number of samples required under the different fading ty@®wn in Fig.[6.10 is the
speed gain, relative to a single region detector #ith=10% andP,,;=10% at 45N 1l of
-21dB, for the three channels considered here.

As can be seen in Fi§._6.10, the gain for adding extra regiensedses with each region
added. The cost of optimisation increases with every aafditi region, e.g. with the
pattern search method the number of test points per iterafmbles with every extra
dimension added. For the test distribution used here, tiimom values for the system

are shown in Table g.1.

For a system in Rayleigh Fading with the same underlyingitigion, Table 6.R is pro-

duced.

This analysis assumes complete knowledge ofSh&?l distribution. Naturally, in a real
system, there will almost certainly be an error in the estmaistribution relative to the

actual distribution. This will now be investigated.
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Figure 6.10: The change in Speed Gain with Optimised Sendnuer Different Fading
Types for Simplified Equation

Table 6.1: Comparison of Optimum Points for CDFD for Gaussiaarn@kl

‘ Gaussian H Ngr=1 ‘ Ngr=2 ‘ Nr=3 ‘ Nr=4 ‘ Ngr=5 ‘ Nr=6 ‘ Ngr=7 ‘
N, 209k | 19.6k | 7.7k 4.6k | 3.28k | 2.5k 2.1k
Ny 215k | 57.6k | 29.3k | 18.8k | 14.3k | 10.9k
Nj 214.5k| 82.9k | 50k | 38.2k | 26.8k
Ny 214.2k| 97.1k | 68.9k | 49.1k
N5 214.1k| 102.1k| 77.1k
Ng 214.1k| 112.3k
Ny 213.9k
Py, 0.1 | 0.0947| 0.0952| 0.0955| 0.0956| 0.0956| 0.0958
NrTheory 209k | 133.9k| 124.8k| 122k | 120.5k| 119.4k| 118.8k
Nr Simulation|| 209k | 132k | 124k | 121.6k| 120.6k| 120.4k| 119.9k
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Table 6.2: Comparison of Optimum Points for CDFD for Rayleigh i@ted

| Gaussian || Ng=1| Np=2 | Np=3 | Np=4 | Np=5| Ng=6 | Np=7 |
N, 479M | 396.2k [ 140.9k | 78k | 53k | 40.1k | 32.4k
N, 4.86M | 1.2M | 569.7k | 353k | 251.3k| 195k
N3 4.84M | 1.79M | 1.03M | 694.4k| 519.3k
N, 4.84M | 2.16M | 1.39M | 1M

Ny 4.84M | 2.38M | 1.67M
Ng 4.84M | 2.54M
Ny 4.836M
Py, 0.1 | 0.0982| 0.0986 | 0.0987 | 0.0988| 0.0988| 0.0988
Ny Theory 209k | 3.055M| 2.87M | 2.815M | 2.79M | 2.77M | 2.76M
NySimulation| 209k | 3.042M | 2.866M | 2.82M | 2.8M | 2.79M | 2.77M

6.7 Optimisation Using a Learned Distribution

In a cognitive radio system tffeN Zldistribution must be learned before the optimisation.
This learning was performed in Chapter 4 uging KDE. In practice optimisation would
only be performed periodically, depending on how often tis¢ridbution is updated, and
could be improved upon by a more efficient optimisation, i€essary. Thus, timing is
not of great significance. In addition, rather than usingitiailt Mathematic® 8.0.1.0
optimisation algorithms, the pattern search algorithm el used to find the minimum
for the estimate@@N R distribution. This is because the algorithms in Mathena&tic
8.0.1.0 are heavily optimised for the platform and this wldesigned for platform

independence.

6.7.1 Pattern Search

The pattern search algorithm is a relatively simple seactierme for numerical optimi-
sation. It is a heuristic scheme, with initial settings gaiig being application specific.

A simple implementation of the pattern search algorithmsedihere to minimise the
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objective function.

Let z; denote the'® dimension of freedom, ai** variable of the object function being
minimised. The function is evaluated for+ Az;, whereAz; is the step size per iteration,
for x;. The smallest resultis then selected and the process eshédtihere are no smaller
results than the current result, the:; are halved for allz;. The process is then repeated
until a specified number of reductions in size are performEdis is illustrated in Fig.

[6.13, where the flow diagram is shown.

Generate Test
Points

Evaluate Test Points

Is Smallest Result <
Current Min?

Yes - No

Set New Max Attempts
Min Point reached?

Yes - No

Halve

Finis Step-Size

Figure 6.11: Pattern Search Flow Diagram

In general, the computational complexity is impossiblegowe in advance as the number
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of steps required depends on the object function and thelindlues. The number of
times the function is calculated per step is twice the nundbgrarameters that can be
varied. Thus, for the system considered here, seven regioulsl require calculating the
value of the objective function fourteen times per steps #iso reasonable to assume that,
as the number of parameters increases, the number of stgpeeceto find the optimum
increases also [117]. Though this assumption cannot bepriosre, is has been found to

be true, in practice, for the distributions considered here

6.8 Noise Uncertainty

This system is susceptible to problems due to noise powertaioty. There are a number
of possible solutions to the problem of noise uncertainty.

Firstly, the system could use an accurate noise power dstinifathe noise uncertainty
is sufficiently small so as to render its effects negligideg( p < 0.001dB) then the
analysis performed here can be used without any alteration.

If the system cannot guarantee a sufficient level of accusdttythe noise power estimate,
then another solution must be found. If there are a large eurobfree bands then
the system can sacrificé, to reduce the required noise power estimate accuracy. By
increasingPy,, the P,,; decreases and then the overall probability of interfereacebe
kept under the 10% required.

If it is unlikely that there are a number of free channels at the noise power estimate
cannot be reliably found, then co-operative sensing canskd.uCo-operative sensing
reduces the required accuracy that the system needs td dstgoal at -21dB, in addition
the effects of noise uncertainty are reduced. The exaattsftd this co-operative mode

have not been investigated and cannot be quantified at s ti
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Finally, if a single sensor is used without any of the aboviooig then the final option is

to use thé CSED with a fine detector that is immune to noise taingr such as thie CED.

6.8.1 Performance of Optimised System with Target M1SC

An estimate of th&& N I3l distribution is found for a threshold value[Bf7SCl This en-
sures a relatively accurate estimate. Then, using therpaéarch algorithm, the system
Is optimised forNg, 2 < Ny < 7. The values selected by the optimisation are then
used with the correct underlying distribution to find theuatiperformance of the system,
under these conditions. This is repeated 1500 times andavenaged to find the new
average number of samples required for detection. Firthakytarget value is

changed and the process repeated. The results of this smaigshown in Fid, 6.12.

Mean Error from Optimum Number
of Samples for MISC Target Distribution Optimisat

Mean Error
3 —— MISC Target =1

0.002C-

--------- MISC Target = 0.1

............ MISC Target = 0.01

0.001&

0.001C|-

0.000&~ ~.

Figure 6.12: Accuracy of CDFD Optimisation vs Target/ SC' for EstimatedSN R
Distributions
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As can be seen, even a small number of samples can lead tagceasults from the
optimisation. This is partly due to the fact that the outmutelatively uniform at the
maximum and is weakly influenced by small differences in tammeters. For a target
[MIT3Clof 0.01 and seven regions the mean error is less than 0.1%.

The mean error is small, despite the relatively large tdigéiSCl As thelM ISCl de-
creases, the mean error decreases. This is clearly seer trdb{1//SC] decreases
from 0.1 to 0.01. It is less visible as t@@ISC]| decreases from 1 to 0.1. This is due to
the setup of thel/ISC] simulations. The smallest number of samples that can be used
is forty, one set of twenty samples to begin and then anotbieofstwenty samples to
compare and generate Hi€/.SCl The targefM/I.SCk of 1 and 0.1 do not require, on
average, more than this number and, thus, the results aee gjoilar. If the minimum
number of samples was decreased then the results faV/theC] target of unity would
almost certainly change and the error would increase.

The variance of the error found in the 1500 runs is shown in Bid3. Similar to the
mean error, the variance of the error decreases with the stiimgent target value for the
Additionally, the difference between the targgt/.SCk of 1 and 0.1 is small,
though more noticeable in this case. For a talggiSC] of 0.01 and seven regions the
mean error is less than 1.£80~%.

The relative lack of accuracy required for the optimisedhpseters leads to an important
question: is optimisation required? Is there a set of vafoes’;, and N that give
performance sufficiently close to the optimum across a waage of distributions? This
is investigated in sectidn 7.3.2.

This system has a number of features that make it an attessiution for cognitive radio
sensing schemes. It uses an energy detector to performebtwm sensing, thus making

it cheap and simple to implement. The optimisation scheras asly data that is readily
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CONCLUSION

Variance from Optimum number
of samples for MISC Target Distribution Optimisat
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Figure 6.13: Variance of System vs Targét/ SC for EstimatedS N R Distributions

available from the energy detector output, therefore themgation scheme is efficient.

By using a pattern search the scheme is low on computatiomapleaity. Indeed, the

pattern search initial step size can set by usinghEST] between the new distribution

and the old distribution and the initial point can be the impim point for the previous

distribution. This new, novel, detector architecturehgrefore, a self-optimising scheme

that is faster than typical energy detector schemes butomledhat does not require any

substantial processing.

6.9 Conclusion

In this chapter theZCDHD was introduced. By using a multi-regietector, where each

consecutive region is analysed with an energy detector @easing sample size, the
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can be used to reduce the average number of samplesaetprispectrum sensing
in applications. By accounting for tieN 3 distribution, thd_CDFD can provide
significant performance gains over a single region enertgctia. This detector, however,
does not contain any robustness to noise uncertainty aecgftie, is not effective in
situations where the noise uncertainty is expected to e lar

By analysing the CDFED an expression for the average numbentydlsa, equation (6.22),
was derived. This expression was shown to be accurate oegge of typical values for
the number of regions, number of samples in each detectiempt and the false alarm
rate of each detection attempt. The expression also allerisdefine@ N Rl distributions
to be used. In addition, the average occupancy of the chaanedlso be included in the
calculation, if known. Using Monte-Carlo simulations, fasnoparative purposes, the
average error for a two region detector over a wide range efaijmg parameters was
found to be approximately 0.5%. For larger numbers of regibe result was shown to
be accurate at the optimum points also, with the error bezsg than 0.9% for a seven
region detector. This was also shown to be accurate undergfabnditions, with a
maximum error of 1.5%.

Some of the non-idealities of the system were also invesitiydf the samples are reused
from one detection attempt to the next, then an error wilhteduced into the prediction
of the average number of samples. It was shown, howeverfah#tie small number of
regions considered here (less than seven, typically) fieetedf sample reuse is minimal
and can be usefully discounted in the analysis.

Timing issues were also considered. If the occupancy of tiamrel changes between
detection attempts, then, obviously, the detector perdoice will suffer. For the sensing
times considered here, there is little chance of the chame@ipancy changing during

a detection attempt where the average time between chasdege. For an average
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time between occupancy changes of 10s there is approxynat&l5% chance of the
occupancy changing. If the occupancy changes are lesseingghen the probability of
change will be even smaller.

After verifying that the expression remained accurate serange of conditions, mul-
tiple schemes for optimising the CDFD were discussed. Thereatf the problem in-
dicated that an analytical solution would prove difficultfited and, therefore, numerical
optimization methods were used. A simplified (and approx@naptimisation was for-
mulated that reduced the number of variables to be optimiyedimost 50% but that
achieved performance within 0.1% of the case where exathigattion was performed.
This simplified optimisation requires only the false alaerfor the final region to be
optimised, rather than the false alarm rates for all of thygores. This reduction in the
number of variables allows the numerical optimization tgbgormed more quickly and
with less computation, though the exact reduction is diffimuquantify, in general.

In a real implementation the detector would probably noteheemplete knowledge of
the[SN Rl distribution when optimising. Instead, an estimate wowddento be used. This
estimate is provided using the method in Chapter 4. The mathstbown to be very
accurate for setting optimum parameters with a mean errassfthan 0.1% for a target
of 0.01 and seven regions. This new, novel, detector athite is, therefore,
a self-optimising scheme that is faster than typical eneeggctor schemes but also one
that does not require any substantial processing.

This method does not help, however, with the selection obtlder in which to scan the
channels. If the first region was used to sort a group of cHantieen it is likely that the
system performance would be increased further over nateztigs. This is investigated

in sectior 7.4 as a Hybrid Coarse-Fine Detedior (HCFD) system.
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Practical Coarse Fine Detectors

7.1 Introduction

In this chapter, a practicBCR spectrum sensing architectiit be designed and then
tested by simulations and implementation on[fhe JRIS systénstly, the requirements
for a practical CR system are discussed. A CR system must ligatelal, robust, practical
and effective to be considered worthwhile. The previoukigectures, CSFD arid CDFD,

AV 7l distribution. This uniform distri-

are investigated under optimisation for a unif
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bution approach is shown to be effective over a wide rangeasifiloutions, whilst also
removing the requirement for in-line optimisation afd 1] distribution estimation.

A new architecture, the_ HCED, is introduced and discussedngJsimulations, it is
shown to be superior to the CSFD dnd CDFD in terms of performamitieout increas-
ing the implementation cost significantly. Finally, the farchitectured, CSHID, CDFD,
and the energy detector are implemented o the IRIS sys$tésshown that the
architectures can be used in a real environment and tha¢$ldts match those predicted
by simulations to within an acceptable level. The sourcénhefdifferences between the

simulations and practical results will also be discussed.

7.2 Practical Cognitive Radio Recelvers

An important feature of the work in this chapter is the impéartation of thé CIF detector
on the IRIS system. To date, a large number of possible sakitmthe spectrum sensing
problem have been proposed and simulated. However, to ther&aubest knowledge,
most of the architectures have not yet been implementediiityreThe implementation
of the detectors is of great importance for many reasonsstlfsiwhile some detector
architectures may work well in theory, their real performamay differ significantly.
An architecture that is not sufficiently robust to the isstheg occur in reality is not, in
general, an architecture that can be usedfar CR applicatiorezldition, the actual per-
formance of the system will, most likely, not match the petidns sufficiently well. A
good model of the system can be used to make useful predatifcimne practical perfor-
mance, whilst implementation testing can also be used tbdurefine the model.

Some of the criteria for a potentlal CR system are:

1. It must be realisable, i.e. there cannot be memory/haelvesuirements that can-
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not be met by current technology.

2. It must be robust, i.e. the radio must be able to operate ieveelatively difficult

signalling conditions.

3. Itmust be practical, i.e. the implementation cost of §fstem must not be too high,

either in terms of the resources required or the computalticomplexity.

4. 1t must be effective, i.e. there must be no better altéreaivailable.

5. It must be worthwhile, i.e. the system must be superioromes area over other

architectures that justifies the implementation cost ostrstem.

The architectures considered here are realisable. They len implemented on the
RIS system using USRP front-ends. The architectures do gatreany extra hardware
to operate when compared to an energy detector.

The architectures can also be considered robust. Even heftUERP front-end, which
is not designed for spectrum sensing and has several natitiele that degrade its per-
formance, in practice the architectures were able to dsigotls relatively reliably. The
main factor that reduces the effectiveness of any energctietbased architectures is
the presence of noise uncertainty. If there is no significeni$e uncertainty then the
architectures will operate with improved performance.

The architectures, without in-line optimisation, do naguge significant extra compu-
tation when compared to the energy detector. Thus, prédittics not an issue. Using
in-line optimisation for the architectures does requirgagomputation. If the in-line op-
timisation can be removed then the architectures becomédisantly more usable. This

is investigated in sectidn 7.3.
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It is difficult to declare the architectures considered Héedter” than other options. It
is possible to say, however, that no superior scheme hasdbeam, to the author’s best
knowledge, fof CF sensing under[@N L distribution.

Finally, the systems are worthwhile. 1t will be shown thatla¢ architectures significantly
improve upon the energy detector. For example[ the HCFD regjieéss than 30% of the
samples required by the energy detector, at a high occugéarey.9).

It must be noted that here it is assumed that there is no tima{yeor changing channels.
This can be achieved by using multiple PLLs to “preload” tegtrirequency to be looked
at.

The optimisation methods shown in previous chapters, Chapaad Chapter 6, are not
considered appropriate for the practical implementatsindied here. The methods do
provide a very accurate estimate of the optimum operatingtgchowever, as will now
be shown, there is another solution that provides a set ainpaters that are sufficiently
close to the optimum for most practical applications. Altgb other applications may
use the optimisation methods of Chapters 5 and 6 to provideased performance, the

cost is deemed too large here and an alternative option popeal.

7.3 Uniform Distribution

If no estimation of th& N lis performed; the system is unable to make any assumptions
about the shape of th& VR [PDE. Thus, a possible alternative to estimating $héR
distribution is to assume a uniform distribution, i.e. ne@kiedge of the system, and to
optimise for that distribution instead.

To test the validity of this approach the test distributiconi Chapter 4 is not used. Since

using only one distribution is not sufficient to test the noetha range of Gaussian dis-
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tributions is used instead. Each Gaussian distributionaha&an value between -19dB
and -1dB and a standard deviation between 1dB and 15dB ipcaribetween 1dB and
225dB).

7.3.1 CSFD Optimised for a Uniform Distribution

Firstly, the optimisation of the_CSED under a uniform digitibn is considered. For a
uniform distribution, in the range -21dB to 10dB, the optimoumber of coarse samples,

Neoarse, 1S 1200 samples.

To see the how well this number of coarse samples performsjaer a Gaussian distri-
bution with a mean of -5dB and a standard deviation of 7dB. optimised with
full knowledge of this distribution, the optimum number afazse samplesy.oqrse, IS

1500 samples, with an average speed gain of 1.81.

Using a uniform distribution, withV,,....= 1200 samples, the average speed gain is 1.8

times. The speed gains for the two methods have only a 0.16étatice.

Repeating this analysis over the range of Gaussian distisigives the contour plot

in Fig. [Z1. The relative speed gain fot.a C3FD optimised feruhiform distribution

compared to B CSHD optimised with full knowledge of & 7] distribution is shown.

The relative speed gain is close to the optimum for a wide eavfgdistributions. The

lowest speed gain is 89% of the optimum, for a distributiothvei very small variance.
The other distributions have significantly higher relatjans. Using thé PDF method
described in Chapter 5, the simulations were completed mtlesn two weeks on the
boole cluster [118]. Without this model the simulations wbhave taken 3-4 years on

the same cluster.
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Figure 7.1: Relative Speed Gain for Uniform Distribution

7.3.2 CDFD Optimised for a Uniform Distribution

For example, consider a Gaussian distribution with a meakdB and a standard devia-
tion of 7dB. For 4 CDED withVy = 4, and full knowledge of this distribution, the opti-
mum sample values ar€,,,,..s = (2000, 17000, 64500, 211540) with, = (6.5 x 107*,
6.5 x 1074, 6.5 x 107%, 0.09825), respectively, with the total average numbenofes
required being 111851.

Using a uniform distribution, the optimum values ave,,,,..s = (1000, 22000, 82500,
212000) with Py, = (8.3 x 1074, 8.3 x 1074, 8.3 x 10~%, 0.09775), respectively, the
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total average number of samples required, for the Gausssanbdtion, being 112350.
Repeating this analysis over the range of Gaussian digtimigives the contour plots in
Fig.[7.2, Fig[7.B and Fid. 7.4.

The white shaded areas on some of the plots indicate wherstfeem distribution set-
tings exceeded the optimised settings in terms of perfocmaihe optimisation result
depends on the starting point, since the starting pointe wéferent for both systems
there is a probability that the flat distribution optimisggtem has performance similar
to the fully optimised system. Note that the flat distribat@ptimised system has perfor-
mance only slightly greater than the fully optimised sys{@r01%) in these cases.

As Ny increases, the relative error generally decreases. Tisisoan more clearly in
Fig.[Z.5 where the mean and the variance of the data in thegoplots are shown.

As can be seen, the average relative error is low. Fge7 the average error is less
than 1.35%. The greatest error occurs for narrow distamsti(distributions with a low
variance) and with a low mea$ivVR, i.e. u = -19 dB ands = 1 dB, where the relative

error is almost 12%.

7.3.3 CF Detector Optimised for Uniform Distribution

The greatest error in both detector architectures occurdigtributions with low vari-
ances. This would only occur in a situation where € R over multiple channels re-
mains static (at the same value across all bands) over tinhés sltuation is unlikely,
in practice, though it is possible if the receiver were stads well as the primary users.
Apart from this unlikely case, the uniform distribution prdes quite an effective set of
operating points for a wide range of distributions.

A further advantage of the uniform distribution method, i@y the removal of th6 N R
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Figure 7.2: Total Number of Samples Required for DetectiorCioFD Optimised for a
Uniform Distribution Relative to a Directly Optimised Systdor (a) Nz = 2 and (b)Ny
=3
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Figure 7.3: Total Number of Samples Required for DetectiorCidFD Optimised for a
Uniform Distribution Relative to a Directly Optimised Systdor (a) Nz = 4 and (b)Ng
=5
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Figure 7.4: Total Number of Samples Required for DetectiorCioFD Optimised for a
Uniform Distribution Relative to a Directly Optimised Systdor (a) Nz = 6 and (b)Ny
=7
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Figure 7.5: Mean and Variance of Relative Error for Unifornstibution

distribution estimation and the associated optimisai®ihe static nature of the system.
Even if the underlying distribution changes dramaticah uniform distribution method
remains consistent. A continuously optimising detectoul¥dind this change i VR
detrimental to performance until the new distribution hasrblearned. For example, if
the SN R distribution had a mean of -17dB and a standard deviationd&, 4n opti-
mising detector would set its parameters accordingly. dfdIstribution then changed in
mean to -4 dB the optimum parameters would chandge., A GDFD dg#tuhfor a uniform
distribution would require 107.8k samples, whereas opttimn with knowledge of the
distribution would require 119k, for the firgt,,, detection attempts, wherg,,, is the
number of observations, or detection attempts, when aldgpeesent, to meet the target

M ISClfor the detector. Therefore, the optimising detector waalglire approximately
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10% more samples, on average, until the new distributionleased.

Finally, the complexity of the optimisation of the CSFD is Bulat inline optimisation is
not currently feasible (due to computational constrajris)s, the uniform distribution is
the most realistic, practical option.

An interesting question that has not been answered by thik iwavhether there is any
distribution that would cause a significant failure in théform distribution method? No
such distribution was found in this work, though it may begiole. It is envisaged that
such a distribution, if one exists, would probably be muttdal with distinct peaks. This,

however, lies outside the scope of this work.

7.4 Hybrid Coar se Fine Detector

As has been noted in Chapter 5 and Chapter 6, the individualtdes¢CSFEID and CDHD,
perform different actions on the signals received to imprthe overall efficiency of the
system. Itis logical, then, to ask if a combination of the @vohitectures would perform
better than either of the individual architectures. As watesl in Sectioh 5.10, the CSFD
does not discount a channel, even if the result of the coateetbn attempt is almost
certainly from an occupied channel. This leads to chantes dre very likely to be
occupied being searched without any gain in safety fol the Phe[CDFED, as stated
in Section 6.P, has the opposite problem. If a result is véogecto the threshold then
another channel might be less likely to be occupied, i.e.ontirg) is performed.

By combining the sorting action of tHe CSFD and the censoringprof the[CDED,
the system reduces the overall time spent attempting to filndeachannel, whilst not
increasing the probability of interference to the]PU. Heresystem with these hybrid
properties is called@HCED.
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Energy Detector
All Channels

Sort Channels

Select Next Lowest
Channel (i=1)

CSFD Region[i]

Yes Signal Present?

Free Space
Detected

Figure 7.6: Flow Diagram for HCFD

The improvement in performance for the HOFD is not simply thdtiple of both system
performance gains. The CSFD dnd CIDFD mutually counteract nother, thereby re-
ducing the overall gain. The sorting action of the CEFD redube effective occupancy
of the channel, which, in turn, lowers the gain from fhe CDFDeICDFED reduces the
cost of an incorrect choice, which lowers the gain from[the BiSHowever, the overall

average number of samples required is still less than aitttéie two othel CF detectors.
The first detection attempt in tfie"CDFD can be used foi the HCFiingoaction. The

183



7.5. COMPARISON IN SIMULATION

optimum number of samples for the CSFD is less than the optifirstmumber of sam-
ples for thé CDED. However, as the HCFD has a lower cost than f@@en making
an incorrect decision, the optimum number of samples fairgpwill be lower than the
[CSED.

The[HCED could be optimised by the following method: firstlging order statistics, an
estimate of the effective occupancy for the system is foundHe sorting section. The
optimisation is then performed on the CDFD section of theaeteusing the effective
occupancy previously derived. Obviously, the first detactttempt has its number of
samples set by the sorting section. However, as was showecitio8[ 7.8, both systems
perform sufficiently close to the optimum when optimiseddamiform distribution. The
optimisation is more complex than either the CDFD or[the OSFinogations. There-
fore, the settings for tHe HCED that are used here are the optiones for the_ CDFD.

7.5 Comparison in Simulation

To compare the three receivers with a naive detector (amgmketector without sorting),
and to verify that th€ HCFD is indeed more efficient thatlthe O9RECDFD, Monte-
Carlo simulations were performed. The detectors had to fipgetsum opportunity from
ten channels where the occupangyyaried from 0.1 to 0.9 in steps of 0.1. TRV
was distributed as in the test distribution in Seckion 4 He Tesults are shown in Fig_7.7.
The[HCED has the lowest average number of samples requingecially at high occu-
pancies. A¥ = 0.9, the[HCED requires 355k samples compared with 390k sampiles fo
the[CDFD, 627k samples for the CSFD and 1127k samples for thgyedetector. The
values ofP;, and P,,,; were also generated for each detector and the results as@ sho

Fig.[Z.8 and Figl_719, respectively.
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Figure 7.7: Mean Number of Samples Required for Detectior-tar Detector Archi-
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Figure 7.8:P;, for the Four Detector Architectures

The four architectures have very similar false alarm andedgetection rates. The ICF

detectors do not cause a change in the valueB;pfand P,,4, even when the average

185



7.6. IRIS TEST

number of samples required is significantly lower than thergy detector. Therefore,

for the test distribution, it is clear that the HCFD is the basbice of all the detectors

considered here. This test assumes that there is no timétyp&rachanging channels,

i.e. that the system either has multiple PLLs or a widebaodténd. If this is not the

case, then the_HCED may not be more efficient when comparede{€BFD, as the

HCFED scans each channel once before beginning operation.

0.14f
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0.06
0.04
0.02

Probability of Missed Detectic

—m&—— CSFD

—&—— CDFD

s Hybrid

0.2 0.4 0.6 0.8

Figure 7.9:P,,, for the Four Detector Architectures

7.6 IRISTest

As has been stated in Section]7.2, simulation results ara goarantee of performance

in reality. To ensure that the systems are practical for@mantation, the TRIS system is

used to test the architectures.
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761 IRISset-up

The test was performed simultaneously on all four receivehitectures. This ensured
that the test would be as fair as possible. The four architestwere implemented on one
node each, with each computer and USRP frontend being idénfipicture of thé IRIS
receivers is shown in Fi§. 7.110. Since only five nodes rentkamailable for transmission,

six channels were available as 100% occupancy was not usled iast.
TR —

Figure 7.10: Picture of IRIS Receivers at CREW Test-Bed

Each of the five nodes had a distribution of signal powers. @rike nodes had a very
high average signal strengthV R > 50dB, two had a low average signal strength<
SNR < —10dB and two had a very low average signal strengiiz < —15dB, relative

to the noise. A snapshot of the spectrum when all nodes wanertritting is shown in
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Fig. [Z11. The frequencies used for transmission were 5¢i0M 5020MHz in steps
of 2MHz and the frequency of 5008MHz was used as a free chdoneloise power

estimation.

Spectrum

Ref Level -17.00 dBm RBW
23 de e SWT(F)

2% 3% 5% 7% 10%
-20 dBm

-30 dBm
-40 dBém
-50 dBm
-60 dBm

-70 dBm

CF 5.014 GHz Span 16.0 MHz

- T 12122012
Ready (ITTTTD =4 15:57:00

Date: 12.DEC.2012 15:57:00

Figure 7.11: IRIS Transmitter Spectrum Snapshot

To allow the detectors to determine the occupancy of the ralaand whether a false
alarm or a missed detection had occurred, the occupancyeafttannels was set in ad-
vance. As the detectors either sort the channels or selattithndomly, this is analogous
to having a random occupancy in the channels. The occupanfiep are shown in Fig.
[7.12. Finally, thédSN Rl distributions received for each of the occupancies are show
Fig.[Z.13.
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Occupancy | 5.01GHz | 5.012GHz | 5.014GHz | 5.016GHz | 5.018GHz | 5.02GHz

1/6

Occupied | Unoccupied
H 0

Figure 7.12: IRIS transmitter Occupancy Profile

SNR Distributions for Varying Occupancy in IRIS T

P
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—¥— 0=5/6

SNR/dB

Each of the tests at different occupancies had a diffé$énki] distribution, as the trans-
mitters in use changed with the occupancy. There were sorgetreng signalsSs N R >
50d B, but also some weak signatsVR < —15dB. In a real environment, it might be

the case that there would be a greater number of weak sigdaigever, due to the lim-
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itations of thd USRPs as sensing devices (discusdedin ,7s&@)ger signals were used

for the test.

7.6.2 |RISresults

To compare theTRIS results to simulations the environmerst e also be simulated as
accurately as possible. The average number of sampleseddom RIS tests and sim-
ulations are shown in Fid. 7.114. The results for the averageher of samples required
for detection match quite well with the simulations. The HOd#ector required approx-
imately the same number of samples asthe CDFD though, fordaghpancy channels
(6 = 0.9), the[HCED required fewer samples.

Average Number of Samples Required for Detec
Samples
80000« ED Simulation
i . EDIRIS

CSFD Simulation
1 . CSFD IRIS
600 00(- CDFD Simulation
. CDFD IRIS
Hybrid Simulation
Hybrid IRIS

40000(

Figure 7.14: Average Number of Samples Required as a funofioncupancy: IRIS vs
Simulation

Shown in Fig.[Z.Ib are the probabilities of failing to find adrchannel. This is not
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exactly equal taPy,, as defined hereP;, is more usually defined for a single detection

attempt in a single channel, this is not the case here. Hawéigthe real figure of merit

for a detector scanning multiple bands.

Pfa

Probability of False Alarr

0.10-
0.08-
0.06

0.04-

ED Simulation
ED IRIS

CSFD Simulation
CSFD IRIS
CDFD Simulation
CDFD IRIS
Hybrid Simulation
Hybrid IRIS

Figure 7.15: Probability of Failing to Find a Free Channel dsrection of occupancy:

IRIS vs Simulation

The probabilities found in the IRIS test do not match the satiohs as well as the average

speed gain results did. However, the probabilities ofrigilio find a free space are quite

small. As aPy, of 0.1 is deemed acceptable for the IEEE 802.22 standardiefeetors

are sufficiently accurate, with only the CSFD having a prolitgtif failing to find a free

channel greater than 0.02.

Fig. [Z.16 illustrates the values &%, for the various architectures. Th®,, values of

some of the systems do exceed the IEEE 802.22 requireme} 0 0.1. Both the

[CDED and the energy detector hakg,; ~ 0.2, atd = 0.8. The other detectors do not
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have P,,, > 0.03 for any values of occupancy. The predicted values forihe were
significantly lower & 10~%). The simulations matched the practical results well fanso
parameters (average number of samples required) and ploorbthers ¢,,;). Some

possible reasons for the mismatch are now discussed.

Probability of Missed Detectic

I:’md
O'ZOf ED Simulation |
. EDIRIS
015. | ——— CSFD Simulation
. CSFD IRIS
L CDFD Simulation
0.10-
I . CDFD IRIS
I Hybrid Simulation
0.05/ Hybrid IRIS
e i ¢
0.2 0.4 0.6 0.8

Figure 7.16: Probability of Causing Interference as a fumctf occupancy: IRIS vs
Simulation

The[CDED requires approximately the same average numbengflea for detection as
the[HCFD. The calibration errors, however, act to reducertarsber. TheP,,,;, which
causes the detector to end its detection attempt earlgngisantly greater in the_. CDHD
than in thé HCED. Therefore, the average number of sampledfetter calibratedd CDBED
would be greater.

Firstly, the number of runs that each detector had at eadhpaccy level was only ap-
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proximately 1000. The testing required the usage of theel@IREW test-bed and, as
such, could not be performed for long periods of time. If manes could be performed,
the results would most likely become more accurate and magmtizae simulations better,
though this is not certain.

In addition, thé USRIPs are not designed for precise spectreasanements. The gain of
any[USRP varies with time and temperature. Thus, the noisempssaling that is needed
changes constantly. This was not accounted for in the stioul& In a real CR system
the front-end would be more stable and the gain would vaiy, lEfowing more accurate
sensing to be performed.

In addition, the gain of the USRPs varies with frequency. Amaegcaling term had to be
included for each channel used by the UERP. Thus, calibragfore use was required
for eacHUSRP, as the scaling was different for each node ditiaw, the scaling required
varied during operation, causing further calibration éssu

The primary effect of these issues is to increase the noisertainty in the system, though
the magnitude of the corresponding noise uncertainty wasatoulated or estimated. As
the gain drifted with time it is impossible to say what the @rainty is at any moment.
If this was not the case then it would be possible to determonghly the level of un-
certainty as a function of the number of samples taken duhagoise power estimation
phase.

In a practical CR the noise uncertainty would, most likelyJdweer and it is believed the
results would match more closely with those predicted hgr&rulation.

Finally, it is noted that the_ HCHD had the best performancénefdystems considered.
It required the fewest samples, on average, for detectidrdahnot exceed the required
Py, and P,,,; specifications. However, as the settings orthe USRPs weregswtant to

the operation of the system, it is likely that {he HGFD radunfrend was simply better

193



7.7. CONCLUSION

calibrated than the other radios.

7.7 Conclusion

In this chapter, practical @R spectrum sensing was consldere the requirements for a
practica[CR were examined. A new architecture [the HCFD, waeduced and shown
to be superior to the_CSEFD ahd CDIFD in terms of average numbemaples required,
whilst maintaining the samg;, and P,,,,.

The four architectures, CSFD, CDHD, HCFD and the energy deteetoe implemented
on the[IRI$ system. The results, for the average number oflsamgxjuired, match well
with the simulations. For th&,, and F,,, the results were sufficiently close, as the radio
front-ends used caused difficulties for weak signal detacti

The[HCED was also shown in the TRIS tests to be a very efficiehitaature. The HCED
required (a®¥) = 0.9), on average, 212k samples when attempting to find a freenethan
In contrast, the energy detector required, on average, 3a2ples.

Finally, the performance of the three JCF detectors, whemuggid for a uniform distri-
bution, was considered. It was shown that optimising for idoam distribution, for the
scenarios considered here, gives performance sufficielabe to the global maximum,
and that this method can be used under normal operatingtaorsli With this result, the
central question of the thesis has been answered, as staSatiior 1.2, and the work

will now be concluded and the results summarised.
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Conclusion

8.1 Summary

This thesis has investigated the usé of CF spectrum sensifzS in[CR applications.

Instead of the traditional method of using a singl& Rl value when considering the
detectors, a range BIN Rl values were used. This different analysis method is a paverf
technique that allows a more indepth optimisation.

In Chapter 2, the current state of the affin| CR was discussedvémview of the field was
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given , with special emphasis on spectrum sensing apitaitiSeveral current detector
architectures fdr JF spectrum sensing were reviewed andstied. Also discussed were
the various test-beds currently in use and[thé CR systemtectinies used in each test-
bed.

In Chapter 3, some basic theory was reviewed. The basics ajyedetector operation,
including the issue of noise uncertainty, were investigaléne effects of fading channels
and time varying channel occupancies were also considéfadkov Chain theory was
also introduced and the relevant equations governing Ma@twins shown. Finally, the
system and tHe CREW test-bed were examined arid thé IRISewtthi’s structure
shown.

In Chapter 4[SN RIPDE estimation was investigated. Various strategies foegaing
sampldSN I} PDFs were considered. In-line sensing was chosen as thepnoostsing
candidate and the advantages and disadvantages were shesting and verification of
the method was performed, both in simulation and ori thelIR$Eesy.

In Chapter 5, thé_CSHD architecture was considered. A new nufdéle[CSED was
generated that matches Monte-Carlo simulations closelyistmequiring significantly
less & 80 times) simulation time. By using order statistics to modeldbrting operation
and Markov Chains to model the effects of the sorting on thevegit probabilities of
the fine detector, it was shown that the model predictf the Q&Fformance accurately,
even under fading and noise uncertainty conditions.

In Chapter 6, the_CDHD architecture was considered. The deaistec equation of the
was derived and three optimisation options invest@jatlé was shown that, by
only allowing one false alarm rate to vary, performanceelasthe global maximum can
be obtained, whilst reducing the complexity of the optirtiasignificantly.

In Chapter 7, th&_ HCHD architecture was introduced. [The HCFDdsrabination of
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both techniqued, CSED abd CDFD, and has better performanoeeitieer detector. It
was shown that the CSFD and the CDFD have close to optimal peafoze over a wide
range ofSN Bl distributions when optimised for a uniform distributionsitg this fact, the
was not optimised directly, rather the parameters ®d#tectors optimised for the
uniform distribution were chosen and the detector compattddthe other architectures.
This comparison was done both in simulation and using thel ted8bed for a practical

implementation.

8.2 Contributions

In this thesis the following contributions were made:

1. Method for generating a reliable estimate of [V 3 distribution: A method for
generating a reliable estimate of distribution was developed. By using
the results of the energy detector when a signal was dectaesgnt, an estimate
of the[SN'R] can be obtained, without extra processing being requiredtaking
a sufficient number of estimates of the individitaV i values, a reliable estimate
of the distribution can be generated. A technique for maaguhe accuracy of
this method was proposed, 7S E], which compares the sequential distribution

estimates to see if the distribution has settled.

Although this method does have a bias due to false alarmstiegdow[SN ] val-
ues, the fact that it is effectively free makes it a valuaklehhique. A CR using
energy detection techniques incurs only a small compurtakicost when generat-
ing the[SN Rl estimate. By using preloaded kernel distributions the cdatfmnal

cost of the distribution estimation can be greatly reducElde system does have
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difficulties in dealing with high noise uncertainty enviroants and there is a bias
introduced by the false alarm and missed detection ratdseadétector. However,
even in these cases, the estimate remains sufficiently tddke actual distribution

that overall system performance does not suffer greatly.

2. CSFD model A model was developed of tHe CSFD that allowed significantly
quicker simulations, compared to Monte-Carlo simulatiodsing order statistics
and Markov Chains to model the process, the model was appatedyrtwo orders
of magnitude quicker when generating results, whilstsélhg very accurate, even

in the presence of fading and noise uncertainty.

This model allows the user to test fhe C3FD over a wider rangemditions that
would be possible using Monte-Carlo simulations. Indeed, ghaph shown in
Fig. [Z1 could not have been generated using Monte-Carlolafions without

significant computational resources. Using[fhe PDF mettimdsimulations were
completed in less than two weeks on the boole cluster. Withids model the

simulations would have taken 3-4 years. This method istetllslow to be used for
inline optimisation however, as the CR does not have a largriahof processing
power or processing time available. For design work duriregdevelopment of the

system this method can reduce the simulation overheadaticaity.

3. CDFD characteristic equation and optimisatiofhe characteristic equation of the
was derived. This closed form expression predicts thpeance of the
accurately, even when the CDFD reuses samples. Usingdhggtion, an
optimisation scheme was proposed. This optimisation selveas significantly less
complicated than an exact optimisation, whilst still proithg results close to the

global optimum (within 1%) for the_ CDHD.
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The combined equation and reduced complexity optimisaaeme can be used
for inline optimisation. The computational complexity eatively low and the en-
tire process can be completed between sensing periods. pEimeisation is only
performed when th&’N 7] distribution has changed. The CDFD does have an is-
sue with noise uncertainty, however several possible isoisito the problem have
been presented, including co-operative sensing and meglube false alarm re-

quirements.

. Uniform distribution optimisation proposednstead of individual optimisation for
each distribution, it was shown that assuming a unifornritistion for thelSN F]
results in a set of parameters that are sufficiently closbdaytobal optimum, for

a wide range ofSNVR] distributions (within 12% for the_CSED afd CDFD). This

removes the requirement for the ICR to know [fh& 1 distribution and for in-line

optimisation, thereby reducing the complexity of the inmpéntation.

For the[CSFD there is currently no-inline option availablerefore, the uniform
distribution assumption is a good option. For the CDFD, th&oopof the in-line
optimisation scheme allows the end-user a choice, thersyst® use the in-line
scheme if the greatest level of performance is required. Idinger complexity or
lower powered implementation is required, then the unifdistribution assump-

tion can be used.

. HCFD Architecture developedA new architecture was developed, the HCFD,
which has performance superior to that of fhe CEFD[and GDFDenuhe operat-
ing conditions considered in this thesis. At high occupesi@ = 0.9) the[HCED
required approximately 57% of the samples thafthe GSFD redjaind 91% of the

samples required by tlie CDFD, without any optimisation b@iedormed on the
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HCED.

The exact magnitude of the improvement will depend on theaie conditions,
though for all the cases considered here[the HCFD had superifmrmance. The
does not require any extra hardware and only a sligheass in compu-
tational complexity compared to the CSFD and CIDFD detectolerdfore, it is
recommended that the HCFD be used in advance of the othetaledechitectures

studied here.

6. Practical tests performed on architecturdsnally, the detectors were implemented
using the IRI$ system on the CREW test-bed. This provided pedatesults for
the[CSED[ CDED and HCHD that proved that the simulations arehadtaell by
reality, within the constraints of the equipment used. leat end-user implementa-
tions, custom recievers will be designed that will providpesior performance and

reduce the innacuracies that were seen in the results here.

8.3 FutureWork

During the course of this work, several questions appe&diere not answered as part
of this thesis. Some of these questions would make valualligians to the work here.
There was no optimisation performed on the HCFD. It was asduha the parameters
used for thd_ CDFD would be sufficiently close to the optimum. ul fest could be
performed to check the optimisation. The sorting operationld be modified, as in
Chapter 5, to provide an estimate of the new effective ocatypahthe channel. Then
the characteristic equation of the CDFD (derived in Chaptezoéjd be used, with the

constraint of the number of samples used in the sorting tiparao find the optimum
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settings.

The[SN Rl estimation method used was found to have an inherent biasie $eethods
of reducing or removing this bias from the resulting disitibn were considered but not
tested. If this bias could be removed from the estimates) the estimation technique
should become significantly more reliable.

A very important question that arises from the investigatd detection attempts across
multiple bands is the question of the false alarm and misstdction rates. Simply
specifying Py, and P, targets that must be met at a certglIlV il does not guarantee
safety. In this work it has been noted than fhg is not the same as the probability of not
finding a free channel for a detector scanning multiple ba&isnilarly, the probability
that a radio scanning multiple bands will interfere with arighose channels is not the
same as thé,,; of the detector. This is an important factor that should bestered for
detectors.

Every analysis performed in this thesis assumes a singie padforming the sensing. If
multiple radios are co-operating then the situation chamgamatically. A large number
of co-operating radios do not requireICF sensing as the diyeyain is likely to provide
sufficient performance. However, a small number of co-apegaadios (e.g.< 5) may
be able to profit from & GQF sensing scheme.

Such a sensing scheme could use the architectures disé¢iessdd reduce overall sensing
time. However, it would probably be more advantageous tegdebe scheme directly
with co-operative sensing in mind. The availability of a trohchannel and the allowable
levels of communication between the nodes would set canttran the system. For
example, if communications between the nodes is to be nsaidhithen a central node
can be used for the sorting detection and then broadcastsdeeto the other channels. If

communications are unconstrained all the nodes can petf@goarse sorting detections.
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The second option would result in greater performance, agsipe in the presence of
fading and noise uncertainty.

Even if[CE sensing is not used for co-operative schéfé[] distributions can be used
to optimise the co-operative system and make it more effici€éhe[SN 7] distribution
can be used to estimate the performance of a system undapeiting conditions. In
addition, théSN Rl distribution estimation technique has not been studieddesperative
sensing. The offset due to noise uncertainty and the prbtiedof false alarm and missed
detection will be reduced due to co-operative sensing,ghdbe improvement has not
been quantified.

The[CDFED optimisation scheme implemented here uses therpatarch algorithm.
The efficiency of the pattern search algorithm depends osttdréng point and the initial
step size. The more appropriate the selection the moreegffithe search. This work
does not optimise this selection of the parameters. As thimgation of the parameters
occurs when the distribution changes, the initial pointstide the optimum point for the
previous distribution. The initial step size should be action of the difference between
the distributions, i.e. thBZISCl This needs to be investigated further and the exact
relationship between th&7.SCland the optimum step size found.

Finally, one major issue that was encountered during thikwas the definition of the
specifications for spectrum sensing. Spectrum sensing@mitve radio applications has
the requirement that the detector ha3;aof less than 10% an#,,; of less than 10% at an
[SN R of -21dB. However, this is not stated for a single channel oftipla channels. As
cognitive radios are scanning over multiple candidate ohbrirying to find a free space,
traditional single channel metrics are less appropridti.id a single channel metric, as
most publications assume, then a 10% missed detectioneathpnnel for 10 occupied

channels, results in a 65% probability of interfering witheocof the channels. Instead,
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new multiple scan metrics should be generated to determapdrmissible interference

rates fof CIRs operating in licensed bands.

8.4 Final Summary

This thesis has shown how a {LRICF sensing scheme may be optiimisée presence

of a wide range oSN I%s. The detectors analysed have been shown to be significantly
quicker than the naive detector and the method of using alditbn of[SN R] values,
rather than a single value, can provide significant perfoiceayains. A CF system opti-
mised for a uniform distribution has performance suffidigakose to the global optimum

for most practical purposes. Therefore, the uniform distion assumption is recom-
mended for use with the methods in this thesis to optimiséGhgystem scheme based
on sorting channels, deciding on channels, or a combinafiboth, for anyS N ] distri-

bution of the types considered here.
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