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Abstract

Cognitive radio network (CRN), that employs dynamic spectrum access (DSA) to
opportunistically coexist with a primary user network, is expected to support a large number of
connected devices for a variety of wireless related applications. In this regard, DSA, where the
unlicensed users, or secondary users (SUs), can opportunistically access an underutilized spectrum
of the licensed users, or primary users (PUs), is the de facto solution for the realization of dynamic
spectrum sharing, which is envisioned to be an integral part of the future 5G communication
systems. A fundamental feature of CRN is spectrum sensing by which one can obtain the spectrum
usage status of the PU. Conventional cooperative sensing (CCS) is preferred due to its resilience
to multipath fading and hidden node problem. CCS is carried out in two consecutive phases,
namely, the sensing phase, where each CR carries out sensing, and a reporting phase, where each
CR shares its decision with a fusion center (FC) which makes a global decision. Thus, CCS
consumes a significant amount of energy, which is a challenge for successful deployment of SU
network. Moreover, the necessity to periodically sense and an increase in the number of channels
to be sensed, further increases the energy demand. Hence, one of the main factor that limits
the implementation of cognitive radio network especially in battery powered terminal is due to its
high energy consumption. Towards this end, energy efficient cooperative spectrum sensing in a CR
network is the focus of this research. Energy efficiency in a CR network can be increased by either
increasing the network throughput, or decreasing the total energy consumption. A significant
improvement in energy efficiency can be achieved by (a) ensuring proper cooperation among the
nodes, (b) optimally assigning a subset of nodes for spectrum sensing for a given PU channel,
and (c) by employing techniques like compressed sensing to reduce the communication overhead

between the sensors and FC.

In this thesis, energy-efficient schemes for CCS are proposed under the above mentioned scenarios.
The proposed work includes energy efficiency analysis due to a reduction in sensor reporting
overhead, sensor-to-channel assignment in energy harvesting-based heterogeneous cognitive
radio network (HCRN), and the energy efficiency analysis of the compressed sensing-based
collaborative sensing scheme. To begin with, the energy efficiency of superior selective reporting
(SSR)-based schemes for CCS in cognitive radio networks is studied. The maximization of
energy efficiency (EE) for the SSR scheme is proposed as a multiple variable-based, non-convex
optimization problem and approximations to reduce it to a quasi-convex optimization problem is
provided. The errors due to these approximations are shown to be negligible. The SSR scheme
is designed to optimize the energy consumption, which enhances the EE. Alternatively, EE can
also be improved by increasing the achievable throughput. Towards this end, a novel variation on

the SSR scheme called the opportunistic SSR (OSSR) scheme, was proposed and its EE analysis
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is carried out. The tradeoff between the performances of the SSR and OSSR schemes is shown
to be the implicit tradeoff between achievable throughput and energy consumption. The regimes
where OSSR is preferred over SSR and vice-versa, in terms of EE are discussed. Also, through an
extensive numerical study, it was shown that both SSR and OSSR schemes outperform the CCS

schemes that employ the OR and AND fusion rules, in terms of EE.

The performance of SSR scheme is also analyzed in a multi-channel heterogeneous cognitive
radio wireless sensor network (HCRWSN) which employs energy harvesting nodes for spectrum
sensing. Initially, the average achievable network throughput of the optimal CCS scheme which
employs the L-out-of-M fusion rule and the SSR scheme is analyzed. Next, for both CCS and
SSR schemes, a nonlinear integer programming problem is formulated to find throughput-optimal
set of spectrum sensors scheduled to sense a particular channel, with a given PU interference and
energy harvesting constraints. The problem is solved by using the cross entropy (CE) method,
and the advantages of the CE algorithm in comparison to the exhaustive search, and the greedy
algorithm is discussed. Finally, the tradeoff between the average achievable throughput of SSR and
CCS schemes is analyzed to highlight the regime where the SSR scheme is better than the optimal
CCS scheme. It is shown that this inherent tradeoff is between the channel available time and the
detection accuracy. Numerical results show that as the number of spectrum sensors increases, the

channel available time gets a larger priority in an HCRWSN, as opposed to detection accuracy.

Finally, a study on the compression limit, and trade-off between the achievable throughput and
energy consumption of CR network employing compressed conventional collaborative sensing
(CCCS) scheme is carried out. The expressions for the achievable throughput, energy consumption
and EE of CCCS scheme is derived and a multiple variable, non-convex optimization problem is
formulated to find out the optimum compression level that maximizes energy efficiency, subject
to interference constraints on the primary network. Approximations to reduce it to a convex
optimization problem are provided and it is shown that the errors due to these approximations
are negligible. It is shown that the EE achieved due to the CCCS scheme is higher than that
of the CCS scheme under the same predefined conditions, and the increase in the EE is due to
the considerable decrease in the energy consumption, which is especially significant with higher

number of sensors.

In all the above mentioned scenarios, a detailed performance study, comparing the energy
efficiency of the proposed techniques, is presented, and their relative advantages are discussed.
Most importantly, it is interesting to note that each study resulted in a performance trade-off,

which are also discussed in detail.

v



Acknowledgements

I would like to express my sincere gratitude to my supervisor, Prof. Ramesha C. K. for his patient
guidance, warm encouragement and invaluable advice throughout the course of my Ph.D. study.
He was always understanding of the difficulties and the challenges one inevitably faces during
the seemingly never ending Ph.D. study. His positive outlook and endless support inspired me
and gave me the confidence and motivation needed to finish this work. His careful and insightful
reviews contributed enormously to the production of this thesis. It was truly a great privilege

working with him.

I would like to thank my Co-Supervisor, Prof. K. R. Anupama, for giving me the opportunity to
pursue my Ph.D. in this Institution and all the support and encouragement throughout my Ph.D.

study period.

My sincere gratitude also goes to Late Prof. Sanjeev Aggarwal, fromer Director, BITS Pilani, K.
K. Birla Goa Campus, for all his help and support. It was due to his push that I was able to find an
in-house campus, which greatly reduced my research-related workload and increased my research
productivity. I would also like to thank the Doctoral Advisory Committee members for my thesis,
Dr. Narayan Suresh Manjarekar and Dr. Lucy J. Gudino for taking the time and effort to review

the progress of my research work and providing me with their insightful comments.

I would extend my sincere thanks to Prof. A. Amalin Prince, HOD of EEE Department, for his

constant support and encouragement at various levels.

I thank Prof. G. Raghurama, Director, BITS Pilani, K. K. Birla Goa Campus, Prof. Bharat M.
Deshpande, Associate Dean, ARD, Prof. Prasanta Kumar Das, Prof. Sunil Bhand, Dean, SRCD
and Prof. D. M. Kulkarni, Dean, Administration, BITS, Pilani, K.K. Birla Goa Campus, for giving
me an opportunity to carry out research studies at the institute and also by providing necessary

infrastructure and facilities to carry out my work.

I express my sincere gratitude to Prof. Sanjeev Gurugopinath, Professor, PES University,
Bangalore, for his invaluable insights and suggestions. This work would not have been possible
without his guidence, support, and encouragement on a daily basis. His own zeal for perfection,
passion towards research has always inspired me to do more. I have learned various aspects of
academic research, right from problem formulation to the analysis and presentation of results,

from him. Thank you, Prof. Sanjeev, for all the support.

I also extend my sincere thanks to Dr. Gautam G. Bacher, DRC Convener, for his support and

motivation.



I acknowlege with due gratitude to the faculty members of EEE department Prof. Anita Agrawal,
Prof. M. K. Deshmukh, Dr. Nitin Sharma, Dr. Pravin Mane, Dr. Sarang Dhongdi and Dr. C. B.
K. Murthy for their constant motivation and support. I also extend my sincere thanks to Ms. Parul

Sahu, for her continous support and help during my intial days in the campus.

My heartfelt thanks to my fellow Ph.D scholors from Maths department, Santosh Kumar Bhal,
Shah Parth Mukeshbhai, Aloysius Godinho for all their professional help that they have extended
to me throughout. My special gratitude to Praveen G.B. and Hima Bindu and all other friends
Selva Ganapathy, Khairnar Vikas Vishnu, Saif Dilavar, Athokpam Bharatbushan, Kadam Bhushan
Vinayak, Joshi Abhishek Dilip, Gibin Chacko George, Chithira and Mouna for their moral support

and motivation, which drives me to give my best.

I would extend my sincere thanks to Mr. Sameer Chodankar, Mr. Anil Lamani, Mr. Pushparaj
Paradkar, and Mr. Shivaraj Rathod, lab technicians for their constant help during my research

work.

Words cannot express the feelings I have for my parents for their constant support, love and
encouragement to carry out my research work. I appreciate and treasure everything they have
taught me. My mother has been my constant source of inspiration and I have learned from my

father the value of hard work and dedication leads to success.

It is my fortune to gratefully acknowledge the unfailing emotional support of my parents-in-law
and their faith in me. They were always beside me during the happy hard moments to motivate

me. I deeply thank for their unconditional trust, timely encouragement and endless support.

Finally, I would like to acknowledge my husband Kishore. He has been a constant source of
strength and inspiration. I would not be where I am today without his support and constant
encouragement. I can honestly say that it was only his determination and constant encouragement

that ultimately made it possible for me to see this thesis through to the end.

I would like to thank my beloved son, Govinda, who is my constant source of joy and happiness

and whose presence ease all life difficulties and make it worthwhile.

Above all, I thank God Almighty for all the blessings bestowed upon me and for granting me the

strength and patience to complete this work.

Rajalekshmi Kishore

vi



This thesis is dedicated to my son Govinda

vii



Contents

Certificate i
Declaration ii
Abstract iii
Acknowledgements \4
Contents viii
List of Figures xii
List of Tables Xiv
Abbreviations XV

1 Introduction 1
I.1 Introduction . . . . . . . . . . . . . e 1
1.2 Spectrum Sensing . . . . . . . . .. e e 2
1.3 Cooperative Spectrum Sensing . . . . . . . . . .. ... 3

1.3.1 Local Spectrum Sensing by Single Node . . . . . .. ... ... ..... 4

1.3.2  Sensing Decision Reporting . . . . . ... ... ... ... ....... 5
1.3.2.1 Classification of cooperative sensing . . . . . . . . ... ... 5

1.3.3 DecisionFusion . . . ... ... ... o 6

1.3.4 Global Decision Reporting . . . . . . ... ... ... ... ....... 7

1.4 Performance Evaluation Metrics of CSS Scheme . . . . ... ... ... .... 7
1.5 Energy Efficient Cooperative Spectrum Sensing . . . . . . . ... ... .. ... 8
1.5.1 Tradeoff in Single-Node Sensing . . . . . . .. ... ... ... ..... 8

1.5.2 Tradeoff in Sensing Decision Reporting . . . . . . ... .. ... .... 9

1.5.3 Tradeoff in Sink Node Selection . . . . . .. ... ... ... ...... 9

1.5.4 Tradeoff in the Decision Fusion . . . . . ... .. .. ... ... .... 9

1.5.5 Tradeoff in the Global Decision Reporting . . . . . . .. .. ... .... 9

1.6 Classification of Energy Efficient CSS . . . . .. ... ... ... ........ 10

viii



Table of Contents X

3

1.7 Challenges in Energy Efficient Cooperative Spectrum Sensing . . . . . . . . .. 12

1.7.1  Effect of Cooperation Overhead . . . . . .. . ... ... ... ..... 12

1.7.2  Effect of Multichannel Sensing . . . . . .. ... ... ......... 13

1.7.3  Effect of compressed sensing in a cooperative scenario . . . . . . . . . . 13

1.8 Contribution of the Thesis . . . . . . .. . ... ... .. .. ..., 14

1.9 Organizationof the Thesis . . . . . . . . .. ... ... .. . ... ... 16

Literature Survey 18

2.1 Introduction . . . . . . . ... 18

2.2 Literature Review . . . . . . . . ... L 19

2.2.1 Energy Efficient Local Spectrum Sensing Phase . . . . . . ... ... .. 19

2.2.2  Energy Efficiency by Overhead Reduction . . . . . . .. ... ... ... 23

2.2.3 Energy Efficient Fusion and DecisionRule . . . . . .. ... ... ... 26

2.2.4  Sustainable Cognitive Wireless Sensor Networks . . . . . . . ... ... 27

2.2.5 SensorScheduling . ... ... ... ... ... ... .. 28

2.2.6  Energy Efficient Network Organization . . ... ... ... ....... 29

2.277 Fundamental Tradeoffs in CR Networks . . . . . . .. ... ... .... 31

2.2.8 Energy Efficiency vs. Quality of Service Trade-off . . . . ... ... .. 31

2.2.9 Energy Efficiency vs. PU Interference Tradeoff . . . . . . ... ... .. 33

2.2.10 Sensing vs. Throughput Trade-off . . . . . . ... ... ... .. .... 33

2.2.11 Overhead vs. Throughput Tradeoft . . . . . . . ... ... ... ..... 34

2.2.12 Spectral Efficiency vs. Energy Efficiency Trade-off . . . . . . . ... .. 35

2.2.13 Energy Efficiency vs. Security Trade-off . . . . . . ... ... ... ... 35

2.3 Chapter Summary . . . . . . . ... e e 36
Energy Efficiency Optimization for Superior Selective Reporting-Based Spectrum

Sensing 38

3.1 Introduction . . . . . . . . .. e 38

32 SystemModel . . . .. ... 39

3.2.1 Conventional Cooperative Sensing (CCS) Scheme . . . ... ... ... 40

3.2.2  Superior Selective Reporting (SSR) Scheme . . . . . . . .. .. ... .. 41

3.2.3 Performance Analysis with Energy Detection . . . . ... ... .. ... 43

323.1 CCSScheme . .. ...... ... ... ... ... ... 43

3232 SSRScheme . . .. ... ... ... ... . 44

3.3 Formulation of Energy Efficiency Optimization for the SSR Scheme . . . . . . . 47

3.3.1 Average Throughput . . . ... ... ... ... ... ... ....... 48

3.3.2 Energy Consumption . . . . . . . .. . . ... 49

333 EnergyEfficiency . . . ... ... ... 49

3.4 Approximation, Problem Reformulation and Analysis . . . . . . .. .. .. ... 51

3.4.1 Optimal Detection Threshold . . . . . .. ... ... ... ........ 52

34.2 Optimal Valuesof Sandn . . . ... ... ... ... .......... 54

3.5 Numerical Results and Discussion . . . . . ... ... ... .. ... ..., 56

3.6 Summary ... ... e 61



Table of Contents X

4 Opportunistic Superior Selective Reporting Technique for Energy Efficient

Cooperative Spectrum Sensing 63
4.1 Introduction . . . . . . . . .. e e 63
4.2 Opportunistic Superior Selective Reporting (OSSR) Scheme . . . . . . ... .. 65
4.2.1 Performance Analysis of OSSR with Energy Detection . . . . . .. . .. 65
4.3 Formulation of Energy Efficiency Optimization for the OSSR Scheme . . . . . . 67
4.4 Energy Efficiency Analysis for the OSSR Scheme . . . . . . ... ... ... .. 69
4.5 Approximation and Problem Reformulation . . . . . .. ... ... ... .... 70
4.6 Numerical Results and Discussion: SSRvs. OSSR . . . .. .. ... ... ... 73
477 Summary . ... e e e e e 81

5 Throughput Efficient Selective Reporting based Spectrum Sensing in Heterogeneous
Cognitive Radio Networks with Energy Harvesting Nodes 83
5.1 Introduction . . . . . . . . . . . e 83
5.2 SystemModel . . . ... 85
5.2.1 Conventional Cooperative Sensing (CCS) Scheme . . .. ... ... .. 87
5.2.2  Superior Selective Reporting (SSR)-Based Sensing Scheme . . . . . . . 88
5.2.3 Performance Analysis with Energy Detection . . . . .. ... ... ... 88
5231 CCSScheme . . ... ...... ... ... ... . ..... 88
5232 SSRScheme . . ... ... ... ... ... ... ... 90
5.3 Problem Formulation: Optimal Scheduling . . . . . ... ... ... ....... 90
54 Resultsand Discussion . . . . . .. .. ..o 95
5.5 Summary . ... . e e e 102

6 Energy Efficiency Analysis of Compressive Collaborative Sensing Scheme in
Cognitive Radio Networks 103
6.1 Introduction . . . . . . . . ... 103
6.2 SystemModel . . . . . . ... 106
6.2.1 Performance Analysis of CCCS Scheme . . . . . .. ... ... ..... 108
6.3 Energy Efficiency and Problem Formulation . . . . . . ... ... ... ..... 110
6.4 Approximation, Reformulation and Analysis . . . . . . . ... ... ... .... 113
6.5 Performance with Deterministic PU Signal . . . . . . .. ... .. ... ... .. 116
6.6 Numerical Results and Discussion . . . . . ... ... .. ... ......... 119
6.7 Summary . . . . . . e e e 128
7 Conclusions and Future Work 129
7.1 Conclusions . . . . . . . ... e e 129
7.2 Future work . . . . . .. L e e e 132
A Appendix for Chapter 3 135
A.1 Proof of Theorem 3.4 : To show that [V, (8) — Vi(8)] > 0,for g —0 ... ... 135
A.2 Proof of Theorem 3.4: To show that [V5(8) — Vi(B)] < 0,forg —1 . ... ... 136

A.3 Proof of Lemma 3.3 : To Show that %j” >0, . e 137



Table of Contents xi

B Appendix for Chapter 4 139
B.1 Proof of Theorem4.1 . . . . . . ... ... .. ... .. .. .. .. 139

C Appendix for Chapter 6 140
C.1 Proofof Theorem 6.1 . . . . . . . .. . . . .. ... ... .. . 140
C.2 Proofof Theorem 6.2 . . . . . . . . . . . . .. .. .. 141
C.3 Proofof Theorem 6.4 . . . . . . . . . . . . . . ... .. 143
C.4 Proofof Theorem 6.5 . . . . . . . . . . . . . . . .o 144

D Detection Performance of SSR Scheme 145
D.1 BayesianDetector . . . . . . . . . ... 145
D.2 Detection Performance Analysis of Proposed BD-SSRCS Scheme . . . .. . .. 146
D.2.1 Opverall detection Probability of BD-SSRCS strategy . . . . . ... ... 146

D.2.2 Average Sensing Time (AST) . . . . . . . . ... ... ... ...... 149
Bibliography 152
List of Publications 170

Biography 172



List of Figures

1.1
1.2

1.3
1.4
1.5

3.1
3.2
33
34
3.5
3.6
3.7

3.8
39

4.1
4.2
43
4.4

4.5
4.6
4.7
4.8

4.9
4.10

5.1
5.2

Steps involved in Cooperative Spectrum Sensing . . . . . . . . . .. ... ... 3
Classification of cooperative spectrum sensing (a) centralized, (b) distributed, (c)

cluster-based, (d) relay-based . . . . . . . ... ... L oL 5
Sensing time- data transmission time tradeoff . . . . . . ... ... 8
Classification of energy efficient cooperative spectrum sensing . . . . . . . . . . 10
Contribution of Thesis . . . . . . . . .. ... 14
System model for Superior Selective Reporting (SSR) Scheme . . . . . . .. .. 40
Time slot format for (a) CCS scheme and (b) SSR scheme. . . ... .. ... .. 41
Variation of EE with 5 for SSRscheme. . . . . ... ... ... ......... 57
Variation of the optimal 5 with SNR(@@B). . . . . ... ... ... ... .... 58
Variation of EE with P, for SSR, CCS-AND, and CCS-OR schemes, N = 10. . . 58
Variation of optimal energy efficiency with the penalty factor (¢p) and N = 13.. . 59
Variation of optimal energy efficiency with partial throughput factor (x.) and N =

S 60
Variation of optimal energy efficiency with false alarm probability (P) and N = 10. 60

Variation of energy efficiency with sensing time allocation factor () and N = 30. 61

Variation of energy efficiency with 3 for SSR and OSSR schemes. . . . . .. .. 74
Variation of the optimal sensing time allocation factor (/) with SNR (dB). . . . . 75
Variation of optimal energy efficiency with the penalty factor (¢p) and N =13.. . 76
Variation of optimal energy efficiency with partial throughput factor (x.) and N =

S T 76

Variation of optimal energy efficiency with false alarm probability (P) and N = 10. 77
Variation of energy efficiency with sensing time allocation factor () and N = 30. 78
Variation of achievable throughput with sensing time allocation factor (3) and

N =30. . . . e 79
Variation of optimal energy consumption with sensing time allocation factor ((3)
and NV =30.. . . . .. e 79

Variation of achievable throughput with detection probability (Ff) and N =30. . 80

Variation of optimal energy consumption with detection probability (P;)and N =

30, o 81
System model of the HCRWSN. . . . . ... ... ... ... .......... 85
Frame structure of the HCRWSN for (a) CCS scheme and (b) SSR scheme. . .. 86

xii



53

54

5.5
5.6

5.7

5.8
59

6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

D.1

D.2

D.3
D4

D.5

Average achievable throughput vs Number of channels for SSR based

CE-algorithm,random assignment and exhaustive search method. . . . . . . . .. 97
Comparison of CE algorithm and greedy algorithm performance for a range of EH

TAES. . . . o . e e e e e e e e e e e 98
Average achievable throughput vs Number of Iteration for different EH rate. . . . 99
Average achievable throughput vs Number of iteration for different sensing phase

duration 7. . . . .. e 99
Impact of the fraction of retained samples p on the performance of the CE algorithm 100
Average throughput vs Number of iteration. . . . . . . ... ... ... ..... 100
Average achievable throughput vs Number of spectrum sensors, M. . . . . . . .. 101

(a) System model for Collaborative Compressive Conventional Detection (CCCS)
Scheme ; (b) Time slot structure for CCCS Scheme . . . . . ... .. ... ... 106
Variation of probability of detection, Py““?, for different values of average SNR,
~. Probability of false-alarm, P]?CCS = 0.1. Note that as c decreases, Py““®

decreases. However, P;““® can be increased to a desired level by increasing N. . 110
Energy efficiency as a function of number of sensors /N and compression ratio ¢
for (a) deterministic signal case, (b) random signal case. . . . .. ... .. ... 121
Variation of the optimal number of sensors (N*) with compression ratio c* for (a)
deterministic signal case (b) random signalcase. . . . . . . ... ... ... ... 122
Variation of the optimal compression ratio (c¢*) with number of sensors N for (a)
deterministic signal case (b) random signalcase. . . . . . . . ... ... ... .. 123
Variation of optimal energy efficiency with number of sensors N for (a)
deterministic signal case (b) random signalcase. . . . . . . ... ... ... ... 125
Variation of optimal achievable throughput with number of sensors /N for (a)
deterministic signal case (b) random signalcase. . . . . . . . .. .. ... .... 126
Variation of optimal energy consumption with number of sensors N for (a)
deterministic signal case (b) random signalcase. . . . . . . ... ... ... ... 127

Detection Probability versus false alarm probability for the traditional, RSR and

SSR Scheme. . . .. .. ... 147
Miss detection Probability versus 7 for the traditional, RSR and SSR Scheme for
B=1 148

AST versus false alarm probability for SSR scheme for different v, and 0% ;. values 149
Average Sensing Time versus false alarm probability for the traditional, RSR and
SSR scheme for S=1 . . . . . . . . . .. ... 150
Average Sensing Time versus false alarm probability for the traditional, RSR and
SSR scheme for 5=0.5 . . . . . . .. .. ... 151

Xiii



List of Tables

2.1
22

3.1

4.1

5.1
5.2

6.1

D.1

D.2

D.3
D4

Energy efficient approaches in cooperative spectrum sensing . . . . . . . . . .. 20
Fundamental tradeoffs for energy efficiency in cognitive radio networks [1] . . . 32
Energy consumption and throughput achieved by the CRN for different scenarios 48

Energy consumption and throughput achieved by the OSSR for different scenarios 68

Throughput achieved for different scenarios using CCS and SSR schemes. . . . . 93
Parameter Settings . . . . . . .. L 97
Achievable throughput and energy consumption by the CR network employing

CCCS, for scenarios S1-S4. . . . . . . . . . .o 111
Probability of detection (P;) for different sensing scheme for both Bayesian and
energy detector for SNR=-6dB, (P; =0.1) .. ... ............... 147
Percentage reduction in miss detection probability using Bayesian in different
sensing scheme with different valuesof 5 . . . . . . . ... ... ... ... .. 148
AST for BD-SSRCS and ED-SSRCS for different values of yp and 0%, . . . . . 148
AST for different sensing scheme using energy detector and Bayesian detector
with n=0.25, 0%,=1,vp=-6dB, P;=0.01 . ... ... ... ......... 149

X1v



Abbreviations

CR Cognitive Radio

CCS Conventional Coperative Sensing

CE Cross Entropy

CCCS Conventional Collaborative Compressed Sensing
CS Compressed Sensing

CLRS Cross Layer Reconfiguration Scheme
DSA Dynamic Spectrum Access

ED Energy Detector

EE Energy Efficiency

EH Energy Harvesting

EGC Equal Gain Combining

FC Fusion Center

HCRWSN Hetrogeneous Cognitive Radio Wireless Sensor Network
HD Hard Decision

HWSN Hetrogeneous Wireless Sensor Network

LR Likelihood Ratio

LLR Log Likelihood Ratio

MRC Maximum Ratio Combining
NP Nyman Pearson

OFDM Orthogonal Frequency Division Multiple Acess

OCR Overlay Cognitive Radio
OSA Oppertunistic Spectrum Access
OSSR Oppertunistic Superior Selective Reproting

XV



SE

SS

SSR
SWIPT
SSDFA
UCR

Spectral Efficiency

Spectral Sensing

Superior Selective Reproting

Simultaneous Wireless Information Power Transfer
Spectrum Sensing Data Falsification Attack

Underlay Cognitive Radio

XVvi



Chapter 1

Introduction

1.1 Introduction

The ever-increasing data traffic in radio communication systems, calls for new methods of handling
and managing the existing radio spectrum resources. This demand, along with a shortage of
existing spectrum resource, has inspired researchers to come up with the idea of cognitive radio
(CR), introduced in fundamental works by J. Mitola III [2]-[3]. The works of J. Mitola III,
have also stimulated investigation in the field of efficient spectrum sharing and dynamic spectrum
access, which are considered an integral part of future 5G communication systems [4]. The CR
technology employs dynamic spectrum access (DSA) to opportunistically coexist with licensed
users, also referred to as primary users (PU). CR aims to determine the availability of considered
frequency band with atmost probability. This may essentially be achieved based on the knowledge
about scheduled primary activities, known as database, or based on the real-time measurement
of the PU’s activity, known as spectrum sensing. The latter solution was initially considered as
the main aspects for future CR systems, but due to long-standing open research issues in the
implementation of reliable sensing methods, the interest in databases grew significantly [5], [6].
However, investigation on spectrum sensing is still highly encouraged, as sensing can complement

and extend the information provided by databases.
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1.2 Spectrum Sensing

The objective of spectrum sensing (SS) is to detect the existence of a PU by a cognitive entity or
secondary user (SU) in any particular band of frequency. Energy detector, matched filter detector,
feature detection technique and wavelet technique are various spectrum sensing techniques which

have been proposed in this context, as described in [7], [8],[9].

The spectrum sensing decision [D; made by the secondary user to detect the primary user signal s;

can be represented as:

Ho ifY; =n,
D; = i=1,2,..7 (1.1)

Hi it Y; = hys; + ny,

where Z is the number of observations used for detection, H, is the hypothesis that the spectrum
1s vacant, and H, is the hypothesis that the spectrum is occupied. A test-statistic represented by
T(-) is calculated based on the recorded observations. If the test statistic is greater than a chosen
threshold, denoted by J, then hypothesis #; is declared true. Otherwise, H, is declared true.

Mathematically, the detector is represented as

Hi
T(Y),..Y,) = 6 (1.2)
Ho

Most popular local sensing techniques such as, energy detector [10], cyclostationarity- based
detector [11], matched filter- based detector [12] and Bayesian detector [13],[14] have been
proposed and studied extensively. The energy detector senses the state of the PU by calibrating
the power of obtained signal [15]. Cyclostationarity-based detection exploits the cyclostationarity
features of the primary signals; however, it does not make full use of the characteristics of the
modulated signals [11]. The matched filter-based detector correlates the received signal with a
copy of the transmitted signal. Although it is computationally simple, it assumes knowledge of
the primary user signal, which may not be feasible in general [12]. In Bayesian detector (BD),
the effect of the prior probabilities are taken into account and the detection threshold is chosen
to minimize a convex combination of the false-alarm and signal detection probabilities [14].

However, prior investigations have proved that the sensing is not accurate enough when carried
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Figure 1.1. Steps involved in Cooperative Spectrum Sensing

out locally by a single device [16, 17], and hence, cooperative sensing is preferred for spectrum
sensing for its resilience to multipath fading [18, 19]. Hence, it is agreed that applying cooperation

between the nodes is one of the ways to improve the consistency of spectrum sensing.

1.3 Cooperative Spectrum Sensing

In cooperative spectrum sensing (CSS), each node in the network reports its local sensing result
to a fusion center, which makes an overall decision about the availability of the primary spectrum.
Thus, cooperative SS is carried out in four consecutive phases, as illustrated in Figure 1.1.

i. Local spectrum sensing by single node

ii. Local spectrum sensing decision reporting

iii. Decision fusion

iv. Global decision reporting

Each of these phases will be discussed in detail in the subsequent sections.
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1.3.1 Local Spectrum Sensing by Single Node

The main objective of local SS is to sense the presence or absence of a PU signal by SU. The

quality of sensing is characterized by

i. Probability of detection P, - The probability that SU correctly declares the presence of PU,

given the true hypothesis to be H;

ii. Probability of missed-detection P, - The probability that SU incorrectly declares the absence

of PU, given the true hypothesis to be 7.

iii. Probability of false alarm P; - The probability that SU incorrectly declares the presence of

PU when the PU is inactive.

Maximizing the detection probability and minimizing the false alarm probability will improve the
detection reliability. However, optimization of these two metrics are contradictory goals [20],
i.e., lowering the requirement for detection threshold leads to increase in detection probability
and consequently to an increase in false alarm probability. Similarly, increasing the detection
threshold reduces both detection and false alarm probability. Thus, it is important to sustain a
tradeoff that maintains low false alarm rate and high detection rate for every sensing scheme. To
attain this tradeoff, Bayesian test and Neyman-Pearson test are the most popular approaches used.
In Neyman-Pearson (NP) formulation, the goal is to maximize the probability detection, subjected
to a constraint on the probability of false alarm. Alternatively, in Bayesian approach, the effect of
the prior probabilities are taken into account and the detection threshold is chosen to minimize a

convex combination of the false-alarm and signal detection probabilities.

Once all the sensors/nodes procures individual sensing decisions with a given detection accuracy
measured by P and Py, the next stage is to share this sensing result with other nodes or fusion

center to generate global, improved-quality decision.
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(a) (b) (c) (d)

Figure 1.2. Classification of cooperative spectrum sensing (a) centralized, (b) distributed, (c)
cluster-based, (d) relay-based

1.3.2 Sensing Decision Reporting

Local decision on the availability of vacant spectrum in a given band, made by the individual node,
can be shared to the fusion center or neighboring nodes through a lossless channel. This method of
decision reporting, known as hard-decision combining, is very brief and easy-to-decode and hence
decision fusion and global decision can be easily achieved, whereas in soft-decision reporting
scheme, sensing information with an assumed level of accuracy is encoded and reported. Thus,
soft decision reporting increases global detection quality. However, due to the large data overhead,
computational complexity increases in soft-metric reporting. In an energy-efficient perspective,
the size of the sensing report should be limited, and practically, it can be achieved by adopting
compressed sensing (CS) - reducing the sampling rate at the sub-Nyquist rate [21], which further
reduces the sensing time duration and greatly favors energy saving. For this reason, the CS is

proposed as an efficient approach for improving the energy efficiency in cognitive radio network.

The preparation of local sensing decision in the form of decision reports is followed by the process
of sharing the local observation with the selected nodes or the fusion center. There are several
methods by which these local observations can be conveyed to other nodes which rely on: a)
the location of fusion center (FC), b) the sensing channel quality and c) the reporting channel
availability [22]. The classification of cooperative spectrum sensing is presented in the following

subsection.

1.3.2.1 Classification of cooperative sensing

Cooperative spectrum sensing can be classified based on how local sensing nodes share the sensing

reports within the network as follows:
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Centralized Cooperative Sensing

Distributed Cooperative Sensing

Cluster-based Cooperative Sensing

Relay-based Cooperative Sensing

In centralized cooperative sensing, the fusion center (FC) generates a global decision based on
sensing decisions collected from the nodes and broadcasts the global decision back to nodes. In
Figure.1.2, a such a centralized topology is presented. Unlike centralized cooperative sensing,
distributed cooperative sensing does not rely on an FC for making the cooperative decision [20].
In this case, sensing nodes communicate among themselves and converge to a unified decision
on the presence or absence of PUs. Figure.1.2b illustrates the cooperation in the distributed
manner. When the distance between the nodes are larger, the reporting channel distance will also
be larger and in such a scenario, a cluster-based scheme is adopted. In the cluster-based approach,
a closed group, which is known as a cluster, is formed by geographically neighboring nodes.
Each cluster selects a cluster head, [20]. All nodes in a cluster report their local decisions to the
cluster head, which forwards, the decisions collected to the FC. This is illustrated in Figure.1.2c.
The cluster-based scheme introduces additional overhead in sharing the sensing information for
organizing cluster nodes and for cluster heads selection. If a node has poor reporting channel
quality, relaying is employed in which sensing information by the individual nodes is transmitted
based on the channel condition of individual nodes. In such cooperation, the sensing messages
are relayed by another node to the FC or a selected node. This is illustrated in Figure.1.2d. The
method of relaying introduces additional delay in the network where the information is relayed by

a number of secondary nodes [20].

1.3.3 Decision Fusion

After the local sensing results are collected, the fusion center or selected sink node should perform
decision fusion using various fusion rules [23],[24-26] to get the global decision [27]. Various
fusion rules such as L-out-of-M-rule, AND rule, OR rule, Majority rule are possible, and their

global decisions are based on local sensing information from secondary nodes [20].



Chapter 1. Introduction 7

1.3.4 Global Decision Reporting

The final phase of cooperative sensing is to share the global decision on the spectrum vacancy. In
the centralized topology, the FC shares the global decision by broadcasting its decision to all other
cooperative nodes. However, in a distributed topology, nodes acquire their neighbors’ sensing
result during the local decision reporting stage. In the cluster-based approach, the cluster heads

are responsible to report the global decisions back to the nodes within a cluster.

1.4 Performance Evaluation Metrics of CSS Scheme

The overall performance of CSS is based on the detection accuracy, which is a combination of
the detection and false-alarm probabilities [28]. A comprehensive metric which includes both

detection and false alarm probability is the error probability P. and is expressed as follows:

Pe = P(?‘[o)Pf + P(Hl)(l — Pd) = P(Ho)Pf + P(Hl)Pmd (13)

Low values of P, indicate high detection accuracy which favors other aspects of the network
performance. Yet another important evaluation metrics for the CRN performance are the
achievable throughput and total energy consumption. The average achievable throughput (R)
is defined as the average achievable data rate by the scheduled secondary nodes, while the energy
consumption (E) is defined as the average energy consumed during local sensing, results reporting
and data transmission by the secondary nodes [28]. Notice that detection accuracy affects both
the throughput and energy consumption. However, there exists a trade-off between the achievable
throughput and energy consumption, since increase in average achievable throughput may increase
energy consumption and vice versa. Thus, energy efficiency is a general metric that combines
both of them. Energy efficiency (E'E) is defined as the ratio between the achievable throughput
to the total energy consumption, and measured in Bits/H z/Joule [28]. Mathematically, EE is

expressed as follows:

Throughput (R)

Energy Ef ficiency (EE) = Energy consumed (F)

Bits/Hz/J (1.4)
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Note that the EE metric represents the overall performance of a CR system, by jointly taking into
account the achievable network throughput in terms of the detection accuracy, and the overall
energy consumption. Apparently, EE represents a fair indicator of the whole performance of
cognitive radio network.

In a network where cognition capabilities are involved to access the licensed spectrum, an essential
criterion is to guarantee PU protection against interference generated by the CR system. As
primary users can use its spectrum at any moment, sensing should be a continuous process
which results in an increased energy consumption and a larger delay in making a decision on
the availability of the spectrum due to the sensing overhead. This makes energy efficiency an
important issue to be addressed in practical implementation of cooperative spectrum sensing

[29-31] in CR networks.

1.5 Energy Efficient Cooperative Spectrum Sensing

This section provides an outline of the energy efficiency aspects of cooperative sensing in terms of
tradeoff impact and the classification of energy saving techniques in cooperative sensing in CRN.

In an energy saving context, the following tradeoffs are identified in each phase of CSS.

1.5.1 Tradeoff in Single-Node Sensing

Sensing time Data transmission time
Detection accuracy Data Throughput

Figure 1.3. Sensing time- data transmission time tradeoff

One of the key tradeoffs in spectrum sensing is to regulate the sensing duration and the data
transmission duration [20]. The first one influences sensing reliability, thereby increasing the PU

protection, and the second increases the SU spectral efficiency, which is illustrated in Figure 1.3.
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Thus, both influence the energy efficiency of a CR system [20]. Therefore, the sensing duration

has to be carefully maintained in order to achieve a given level of sensing reliability [20].

1.5.2 Tradeoff in Sensing Decision Reporting

In the context of energy saving, it is easy to indicate the trade-off between the accuracy and
granularity of sensing decision transmitted and the energy and time needed for this action. The
higher the granularity of the transferred sensing decision, the higher the generated traffic in the
network and energy consumption in that particular phase, but at the same time, the more detailed

and accurate the message delivered to the fusion centre.

1.5.3 Tradeoff in Sink Node Selection

Energy consumed during sink node selection mainly depends on the number of links between the
nodes involved in exchanging of information [20]. However, this tradeoff is highly influenced by

the topology selection which was mentioned in the previous section.

1.5.4 Tradeoff in the Decision Fusion

A tradeoff exists between the detection accuracy in decision made by a fusion center and the EE.
If the detection probability is low, the number of collisions with a PU increases, which increases
the re-transmissions for both the PU and the SU. This leads to a lower energy efficiency. However,
this tradeoff can be handled to an extent by assuming the level of uncertainty to a constant. Even

in this scenario, the tradeoff will depend highly on the topology [20].

1.5.5 Tradeoff in the Global Decision Reporting

This phase of cooperative sensing requires the delivery of the global decision to all nodes.

However, the tradeoffs between detection accuracy and energy efficiency still occur when the
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Figure 1.4. Classification of energy efficient cooperative spectrum sensing

global decisions are transmitted to all nodes or the cluster heads receive the decision and further

transmit the decision report to individual nodes within the cluster.

The identification of the prevailing tradeoffs in each phase of cooperative sensing shows that there
exist a variety of methods by which optimization of the energy efficiency in CSS networks is
possible. Based on the aforementioned EE analysis of CSS, the classification of energy efficiency

of CSS techniques are discussed in detail in the following section.

1.6 Classification of Energy Efficient CSS

Based on the possible energy savings, following are the classification of energy efficient

cooperative spectrum sensing technique, as shown in Figure 1.4:
* Energy Efficient Local Sensing Phase :

Reduction in sensing time or number of collected samples are the ways to attain energy

efficiency in local spectrum sensing. As the number of acquired samples is reduced,
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the energy consumption reduces. However, this reduction in energy consumption is only
possible with reduction in performance. Energy efficiency can be further improved by
optimization of the detection threshold which is used for the differentiation of decision
variable to decide on the binary hypothesis of presence and absence of the primary user

in a given spectrum.

Another promising technology for improving energy efficiency in local spectrum sensing
phase is energy harvesting (EH). It allows wireless devices to capture and store ambient
energy such as solar, wind and ambient radio power to generate power [32]. Thus,
deployment of energy harvesting aided spectrum sensors takes care of the energy efficiency

in an energy- constrained CR network.

* Fusion and Decision Rules Selection : Energy savings in decision fusion phase is possible
if an efficient fusion of local sensing decisions is considered at the fusion center. Further
improvement in EE can be attained by adapting the decision fusion threshold on the basis of

wireless channel condition [20].

* Optimization of Number of Cooperative Nodes : Energy efficiency in CSS can be
improved by reducing the sensing overhead which can be achieved either by selective
sensing [33] or selective decision reporting [34]. Thus, it is advantageous to avoid the nodes
that offer only a relatively small value addition to the network energy efficiency metrics at a

higher energy cost.

* Optimal Sensor Scheduling : In a multi-channel system, the benefits of assigning users to
sense channels in parallel must also be considered to improve the energy efficiency of the
network. A sensing schedule, for each user to sense the assigned channel at different sensing

moments, must be thus created to optimize system performance.

* Energy Efficient Network Organization : The EE can also be improved by efficient
network organization. The energy devoted to interchange decision information in CSS
should be considered more carefully. Thus, by choosing network topology based on the

scenario, energy efficiency can be improved to a greater extent.
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1.7 Challenges in Energy Efficient Cooperative Spectrum

Sensing

The open challenges regarding energy efficient cooperative sensing scheme is to maintain detection
accuracy and efficient resource utilization to satisfy the requirements of the sustainable green

cognitive radio network. Towards this end, a few of the open challenges includes the following:

1.7.1 Effect of Cooperation Overhead

Most of the existing cooperative sensing schemes focus on attaining detection performance
accuracy, where all the SUs reports their sensing results to FC or to the respective nodes
which results in considerable amount of energy consumption. Hence, reduction of overhead
in cooperation detection has received considerable research attention. Only a few cooperation
overhead issues have been discussed in the existing literature. For example, in [35], only the
number of cooperative CR users and the sensing time-throughput tradeoff are considered in
forming utility functions. While cooperative gain is important in the sensing scheme, proper
modeling of cooperation overhead can reveal achievable cooperative gain and energy saving. In
[34], only the sensor with the highest received SINR reports its decision to the center SU. This
scheme is called as superior selective reporting (SSR) scheme. However, the study in [34] was
restricted to the detection performance of SSR scheme, under the NP framework. The detection

performance of SSR scheme under Bayesian framework is given in Appendix D [36].

Another interesting aspect related to energy efficient CSS is achieved by optimization of sensing
time and/or number of sensing nodes that maximizes the energy efficiency. But energy efficiency
analysis in SSR scheme is more challenging as both overhead reduction and optimization of
parameters such as sensing time and number of nodes are to be considered while analyzing the

energy efficiency of cooperative sensing scheme.
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1.7.2 Effect of Multichannel Sensing

Apart from conventional CRN, another network where spectrum sensing is challenging is
heterogeneous cognitive radio wireless sensor network (HCRWSNs) where multiple sensors are
assigned to sense more than one channel. Hence, frequent scanning is required to obtain higher
detection accuracy to protect the PU from the interference caused by SU [37]. However, in
energy-constrained networks which are traditionally powered by batteries, frequent spectrum
sensing will increase the energy consumption. Consequently, energy conservation becomes a
critical design issue for HCRWSNSs. Several attempts are made to reduce energy consumption by
incorporating energy-harvesting based spectrum sensors. But the disadvantage is that a reduction
in channel available time occurs due to the need to report all the associated local decisions to the
fusion center (FC), which decreases the channel available time as the number of SUs increases.
This leads to another open challenge on how to further reduce the sensing overhead and to improve

the channel available time for data transmission.

1.7.3 Effect of compressed sensing in a cooperative scenario

Compressed sensing is a promising wideband, energy efficient sensing technique and is an efficient
approach for energy saving in CRN scenario. However, due to the sub-Nyquist-rate sampling and
insufficient number of samples, a weak PU signal with a nearby strong signal may not be properly
reconstructed for detection by the SU in a wideband spectrum. Thus, it is a challenge to achieve
the detection sensitivity by compressed sensing in a wide-band spectrum. Most of the existing
literature aims at the signal reconstruction performance [38], or sensing performance [21, 39], but

has not considered energy efficiency.

The main goal of this thesis is to analyze energy efficiency of various cooperative spectrum
sensing methods based on overhead reduction, multichannel and multiuser sensing and reduction

in number of sensing samples. The main contribution of this thesis is discussed in the next section.
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1.8 Contribution of the Thesis

As highlighted in Figure.1.5, based on achievable throughput, energy consumed and energy
efficiency, the performances of superior selective reporting scheme (SSR), opportunistic SSR
scheme, heterogeneous CR network (HCRN) and collaborative compressed sensing scheme
(CCCS) for cooperative spectrum sensing in CR network are analytically evaluated and specific

contributions in each of these analysis are listed below.

1. The energy efficiency of the SSR scheme is studied in terms of the detection threshold, the
sensing time allocation factors denoted by 3 and 7, and the required number of SUs for
cooperation. The maximization of EE of SSR is posed as a multiple variable, non-convex
optimization problem, and approximations to reduce this to a quasi-convex optimization are
discussed. The accuracy of the approximation is studied. The optimal detection threshold,
time allocation factors and the number of cooperative SUs are derived. Through numerical
results, it is shown that the SSR scheme outperforms the conventional cooperative sensing

(CCS) schemes employing the OR and AND-fusion rules.
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2. Extending the analysis of selective reporting-based sensing scheme, a novel variation on
the SSR scheme, namely the OSSR scheme, is proposed and analyzed following a method
similar to that of SSR scheme. The tradeoff in energy efficiency performances of SSR and
OSSR schemes are referred to the tradeoff between energy consumption and the achievable
throughput of both the schemes. Through numerical results, it is shown that the SSR and
OSSR schemes outperform the conventional cooperative sensing (CCS) schemes employing
the popular OR and AND-fusion rules. In particular, it is highlighted that SSR outperforms
all the other schemes in several scenarios. In other words, it is shown that minimizing the
energy consumption takes a priority over maximizing the achievable throughput in a CRN,

in several scenarios.

3. The average achievable throughput of an SSR-based, multi-channel HCRWSN is analyzed
in terms of channel available time and detection accuracy. The problem of finding an optimal
set of spectrum sensors scheduled for spectrum sensing for each channel such that the
average network throughput is maximized is formulated and solved by employing the cross
entropy (CE) algorithm. The advantages of the CE algorithm in contrast to the exhaustive
search algorithm and a greedy algorithm are established. Through numerical results, it is
shown that as the number of sensors increases, the SSR-based scheme outperforms the
optimal CCS scheme in terms of average achievable throughput. A tradeoff between the
average achievable throughput of SSR and CCS schemes is studied, which is the inherent
tradeoff between the channel available time and detection accuracy. It was shown that as the
number of spectrum sensors increases, the channel available time gets a larger priority in a

HCRWSN than the detection accuracy.

4. The energy efficiency analysis of the compressed conventional collaborative sensing
(CCCS) scheme for cognitive radio networks is considered, and a study on the compression
limit and trade-off between the achievable throughput and energy consumption of the
network is carried out. First, the expressions for the achievable throughput, energy
consumption and energy efficiency of CCCS scheme are derived. Later, a multi-variable,
non-convex optimization problem is formulated to find out the optimum compression
level that maximizes energy efficiency, subject to interference constraints on the primary
network. Approximation to reduce it to convex optimization problem is provided, and it is

highlighted that the error due to these approximations are negligible. It is shown that the
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energy efficiency achieved due to the CCCS scheme is higher than that of the conventional
collaborative sensing scheme under the same predefined conditions. It was shown that the
increase in the energy efficiency is due to the considerable decrease in energy consumption,

which is especially significant with higher number of sensors.

1.9 Organization of the Thesis

The thesis is organized as follows:

e Chapter 1: This chapter explains the basics of cooperative spectrum sensing in cognitive
radio network, steps involved in CSS and their classification. In addition, the energy efficient
aspects of CSS in terms of tradeoff impact and the classification of energy-saving techniques

in CSS are discussed in detail. Contribution of the thesis are highlighted in the end.

* Chapter 2: As an overview of methods adopted in the past to improve the energy efficiency

of various CSS scheme, detailed literature review is presented in this chapter.

* Chapter 3: In this chapter, the EE of the SSR spectrum sensing scheme is studied, in
terms of the detection threshold, the sensing time allocation factors and the required number
of SUs for cooperation. The optimal detection threshold, time allocation factors and the
number of cooperative SUs are derived. With a detailed numerical analysis, the performance
of the SSR scheme and the conventional cooperative sensing (CCS) schemes employing the

OR and AND-fusion rules are investigated.

* Chapter 4: Extending the analysis of selective reporting-based sensing scheme, in this
chapter, a novel variation on the SSR scheme, namely the OSSR scheme, is proposed
and analyzed following a method similar to that of SSR scheme. The tradeoff in energy
efficiency performances of SSR and OSSR schemes are referred to the tradeoff between
energy consumption and the achievable throughput of both the schemes. The performance of
the SSR and OSSR schemes are compared with the conventional cooperative sensing (CCS)
schemes employing the popular OR and AND-fusion rules. The advantages of the SSR and
OSSR schemes are highlighted, and the performance benefits relative to conventional CSS

scheme are illustrated through numerical analysis.
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* Chapter 5: In this chapter, the average achievable throughput of an SSR-based,
multi-channel HCRWSN is analyzed in terms of channel available time and detection
accuracy. The problem of finding an optimal set of spectrum sensors scheduled for
spectrum sensing for each channel such that the average network throughput is maximized,
formulated and solved by employing the cross entropy (CE) algorithm. The advantages
of the CE algorithm in contrast to the exhaustive search algorithm and greedy algorithm
are established. The advantages of the SSR scheme in comparison with the optimal CCS
scheme are highlighted, and the performance benefits relative to CCS scheme are illustrated
through numerical analysis. A tradeoff between the average achievable throughput of SSR
and CCS schemes is studied, which is the inherent tradeoff between the channel available

time and detection accuracy.

e Chapter 6: In this chapter, the energy efficiency of the compressed conventional
collaborative (CCCS) spectrum sensing scheme is studied in terms of the required number
of sensors involved in collaboration and the compression ratio that satisfies a given primary
user detection constraints. The tradeoff between reducing the number of samples in
a compressive sensing-based measurement scheme and achievable energy efficiency of
CCCS considering different signal models such as deterministic and random signal are
studied. Energy efficiency improvement in CCCS scheme, when compared to uncompressed
collaborative sensing scheme, are illustrated and the advantages of CCCS scheme, are

highlighted through numerical analysis.

* Chapter 7: The outcomes of research work carried out are summarized in this chapter.

Also, further improvements that can be done in this research area are listed.



Chapter 2

Literature Survey

2.1 Introduction

Spectrum efficiency and energy efficiency are two critical issues in wireless communication
networks. Cognitive radio has received much research attention recently, as a promising
paradigm to improve the spectrum usage efficiency [40]. Energy efficiency design is particularly
important for a CR scenario, because it not only involves the greenhouse problem and operational
expenditure, but it is also prerequisite to achieve high utilization of the limited transmission
power consumed to support additional signal processing requirements for the CR system, such
as spectrum sensing and decision reporting overhead [40]. Thus, EE has received a lot of research
interest. Another important reason for considering EE as a performance metric is due to the
fact that it represents the overall performance of a CR network, as it is capable of jointly taking
into account the detection accuracy, the average throughput and the overall energy consumption.
The combination of these factors in a single metric has made the EE as a significant metric for
analyzing the quality of CR network. Moreover, optimizing the EE in CR networks not only
reduces the environmental impact, but also cuts deployment costs to enable economical green
wireless networks [40]. This chapter provides an overview of available research activities that
are aimed at improving the detection accuracy, spectral efficiency or throughput, reducing energy

consumption and improving the EE of cooperative spectrum sensing applied to CR networks.

18
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2.2 Literature Review

The efforts made in the past to improve the performance of spectrum sensing techniques in
cognitive radio in terms of detection accuracy, spectral efficiency and energy efficiency using
different techniques can be grouped according to several scenarios. The classifications based on
four main directions on attaining energy efficiency are listed in Table 2.1. General observations

for each classification are discussed in detail in the following subsections.

2.2.1 Energy Efficient Local Spectrum Sensing Phase

Focusing on achieving EE in local spectrum sensing, an immediate and natural way of achieving
energy saving is by reducing the sensing duration or employing compressed sensing irrespective of
the adopted sensing method. Thus, sensing time is a critical parameter for sustaining the spectrum
sensing performance. Varying the sensing time gives rise to a tradeoff between the detection
accuracy and spectral efficiency. To balance the energy inefficiency of continuous spectrum
sensing and the unreliability issue of periodic spectrum sensing, Gan et al. [41] optimized the
sampling rate and sensing time to minimize the total sensing power across multiple channels, while
maintaining the sensing reliability constraints. In [42], the authors considered spectrum sensing
scheme where the SU adaptively performs spectrum sensing for either one or two periods based
on the first sensing result. Specifically, this allows the SU to perform the spectrum sensing again
to confirm that the PU is indeed idle when the first sensing result indicates the PU is idle, which
leads to a better protection for the PU. In addition, based on the different activity level of the PU,
the sensing interval can be adjusted to further improve the energy efficiency. A similar scenario
was also examined in [43] where the optimization problem was formulated to optimize the sensing
period using recently introduced optimization technique, namely Jaya algorithm, to maximize the
discovery of spectrum opportunities while maintaining the sensing overhead and interference time
within user defined value. Different from [43], the authors in [44] have investigated a cluster-based
collaborative spectrum sensing scheme to maximize energy efficiency by considering optimized
parameters such as the number of clusters, local detection threshold and time fraction under
collision constraint and false alarm probability constraint. It was shown that there exists a unique

time fraction to maximize the energy efficiency when meeting performance constraints.
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Table 2.1. Energy efficient approaches in cooperative spectrum sensing

A. Energy efficient local spectrum sensing phase

Features Advantages Disadvantages References
Seqsmg tl.me * Reduction in energy consumption » Decreased detection [41]-[44]
optimization performance
Detection * Processing load reduction * Incorrect threshold
threshold in each sensing node selection may affect [45]- [49]
optimization * Optimization of sensing time sensing reliability
Reduced number | Processing load reduction * Less reliable sensing

* Reduced data to send and process | * Good for non-sparse [50]-[55]
of samples o .
 Shorter sensing time signal
* If energy harvesting
Energy * Do not require battery backup. is based on solar power,
. e - ) [56]-[57]
harvesting nodes | * Better energy utilization it is unpredictable
source of energy.
B. Energy efficiency by overhead reduction
Features Advantages Disadvantages References
* Reduction in the number of
sensing nodes * Detection accuracy
* No energy consumption degradation
Sensing node by inactive nodes * Additional data
. . e . [58] -[63]
selection * Quality of the reported acquisition is required
message can be improved for proper selection
by proper selection of of reporting nodes
the reporting node
* Quality of the reported * Additional data
Reporting node message can be improved acquisition is required
i . . [30][64]
selection by proper selection of for proper selection
the reporting node of reporting nodes
* Censoring of faulty * Faulty censoring
or malicious nodes process may lead to
Censoring of * No energy consumption for wrong decision [65],[66],
reports nodes reporting by censored nodes * Finding the analytical [67]
* Reduction in number of thresholds for
reporting nodes censoring is hard
* Reduced number of
Voting scheme control messages * Malicious nodes may (68]-[71]

¢ [.ow demand for additional
data (nodes, SNR, location)

affect performance
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Table 2.1 (Continued)

C. Energy efficient fusion and decision rule

Features Advantages Disadvantages References
* Fusion rule decides the
type and nature of reporting
Selection of information send to * Cooperative nodes has to
. the fusion center be updated for every [72], [73]
fusion rule . .
* Fusion rule can be change of the fusion rule
selected depending on
the required QoS
* Depending on the
transmission rate soft or * Tradeoff between the
Soft/Hard hard decision accuracy of each report [741,[75],
reporting reporting can be chosen and amount of data volume [76]
» Adaptation of the traffic needed to deliver
related to data reporting
Selective « Reduction of traffic overhead | Negatlvc? effect on aceuracy
.. . of detection report delivered [74]
decision reporting .
to the fusion center
D. Energy efficient network organization
Features Advantages Disadvantages References
* CSS should be implemented
over several channels to
* Multiple channels will be increase the number of
Multichannel available which enhances available channels which
heterogeneous the throughput when increases the complexity [77]- [80]
network compared to conventional * Detection within a minimal
network time bound over multiple
channels is a challenging
problem
* Due to processing of
. . information from other
* Reduction of the transmit ..
Relay-based . nodes, energy consumption in
power of the reporting ) .. [81]-[82]
network ; relaying node is increased
node due to shorter distance . .
* Data delivery to the fusion
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Energy efficiency may be further enhanced by compressed sensing (CS) which was recently

proposed to reduce the sampling rate below the Nyquist rate, without a significant loss in
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the performance [50]. The energy consumption in spectrum sensing, mainly caused by the
analog-to-digital converter (ADC), is proportional to the sensing time duration and the sampling
rate [51, 52]. However, at any instance of time, only a small subset of channels are occupied by
PUs, making the wideband spectrum sparser in the frequency range. Such sparsity of wideband
spectrum 1is taken as an advantage in compressed sensing (CS). Thus, when compared to the
conventional wideband spectrum sensing, compressed sensing reduces the sampling rate at the
sub-Nyquist rate [54, 89] which further reduces the sensing time duration and greatly favors
energy saving. For this reason, the CS-based spectrum sensing methods have been proposed
as an efficient approach for improving the energy efficiency [55] in cognitive radio network.
Despite its attractiveness as an energy efficient technique, compressed sensing suffers from a few
major drawbacks which limit its applicability in practice. A CS based sensing scheme incurs a
certain performance loss due to compression, when compared to the conventional sensing scheme
while detecting non-sparse signals. This performance degradation can be seen as a loss in the
detection performance to improve the energy efficiency. Thus, to compensate the performance
loss due to compression, the authors in [53] proposed a collaborative compressive detection (CCD)
framework in which a group of spatially distributed nodes sense the presence of PU independently
and send a compressed summary of observations to the fusion center (FC) where a global decision
is made. It was shown that through collaboration the performance loss due to compression can
be recovered. However, the study [53], did not consider energy efficiency and was restricted to
the detection performance of CCD, where it is evident that an increase in either the compression
ratio (¢) (keeping number of collaborative nodes N fixed) or the N (keeping c fixed)decreases the

probability of error exponentially.

Another possibility of improving the EE is to optimize the sensing threshold. In [45-47] the
authors investigate the effects of detection threshold optimization for a fixed sensing time which
may result in contradictory goals. However, joint optimization of sensing durations and detection
thresholds of SUs is necessary for finding a spectrum hole effectively. It was shown in [48]
that the joint optimization of sensing parameters such as detection threshold and sensing time
can considerably improve system performance to detect a spectrum hole. This work was then
extended to the case for minimization of the average detection time as well as joint maximization
of the aggregate opportunistic throughput in [49]. Specifically, the joint optimization approach

can considerably improve system performance in terms of the mean time to detect a spectrum hole



Chapter 2. Literature Survey 23

and also the aggregate opportunistic throughput of both primary and secondary users, relative to

the scenarios where only a single sensing variable is considered.

Yet another way of achieving energy efficiency in local spectrum sensing is energy harvesting by
local sensing nodes, which manages to improve both channel utilization and meet the requirement
of green communications [56],[90]- [93]. It has been shown that combining energy harvesting
(EH) techniques with CR can simultaneously improve the spectrum efficiency and energy
efficiency [94, 95]. Moreover, powering the mobile devices by harvested energy [96] from ambient
sources and/or external transmission activities makes the wireless networks to be self-sustaining
for a longer duration. More recently, the radio frequency (RF) powered CR networks [97, 98]
have been proposed and studied for CR, where a CR transmitter harvests energy when the primary
user is present, and utilizes it for the data transmission when the spectrum is vacant. This protocol
is known as the harvest-then-transmit (HTT) mode [99, 100]. A major disadvantage with this
functionality is the drastic reduction in secondary throughput when the harvested energy is low
and/or when the data transmission time is less. To overcome this drawback, the concept of
simultaneous wireless information and power transfer (SWIPT) was introduced [101], which has
attracted significant research attention ever since [57],[102]. In 5G communication systems, the
SWIPT technology can be of fundamental importance for energy and information transmission

across CR networks.

2.2.2 Energy Efficiency by Overhead Reduction

The strength of the cooperative solutions, which reflects in the recorded observations, lies in the
diversity offered by multiple nodes operating at different locations and in a variety of channel
conditions [20]. However, incorporating a large number of sensing devices consumes more
power, and results in only a small fraction of detection improvement. Naturally, reducing the
number of active nodes may result in a small overall probability of detection. Therefore, choosing
the right number of nodes is a way to the improve energy efficiency. This choice depends on
the node selection criterion to reduce the energy consumption with an acceptable constraint on
performance degradation. To address this issue of reducing the cooperative overhead, while
simultaneously taking advantage of cooperative sensing, the authors in [58], proposed a two-step

spectrum sensing scheme, where only one or a few selected sensors are involved in the first step,



Chapter 2. Literature Survey 24

but the second step occurs for cooperative sensing when the outcome of the first step is uncertain
to make a decision in the presence of PUs. This enhances the probability of detection and reduces
consumed energy as well as communication overhead, within a reasonable sensing time. Sensing
overhead generally degrades the throughput performance. The prior work, to resolve this problem,
proposed algorithms either to decrease the time spent in sensing or to decrease the number of SUs
participating in sensing. In [59], the authors proposed a joint resource allocation (RA) strategy
considering the time and energy consumed for spectrum sensing to maximize the throughput while
satisfying the target detection performance. Furthermore, to reduce the additional resources used
in spectrum sensing, the right censored order statistics-based cooperative spectrum sensing scheme
is adopted, which produces the criterion for deciding the set of reporting SUs. By jointly designing
the time and energy for sensing, the proposed joint resource allocation scheme in [59] provides the
improvement of spectral efficiency. In the context of extending the life time of a network, ON/OFF
mode of each sensors can be scheduled in a cooperative manner. However, frequent ON/OFF
switching of sensor nodes will generate an adverse impact and makes the network vulnerable and
unreliable. Thus, optimizing the scheduling order to reduce the switch frequency using greedy
heuristic algorithm is proposed in [60] to obtain the minimum node switch with low computational

complexity.

However, [58-60] foresee that all SUs report their sensing results to an FC, as similar to the CCS
scheme, leading to considerable energy consumption. Hence, reduction of overhead in cooperative
detection by selective reporting has also received considerable research attention [69, 103, 104].
In [69], reporting SUs were chosen based on the best individual detection performance. The best
sensor set selection scheme was proposed as a non-cooperative game in [104]. A key feature that
these works highlight is that the energy inefficiency occurs due to the need to report all the local
decisions to the FC, which increases linearly with the number of SUs [105, 106]. Reduction in the
sensing overhead was successfully mitigated in a spectrum sensing (SS) strategy discussed in [34],
where a network of NV sensors carry out SS along with a center SU, but cooperation is employed
only when the center SU decides that the spectrum is vacant. That is, only the sensor with the
highest received SNR reports its decision to the center SU. This scheme is termed as superior
selective reporting (SSR) scheme. However, the study in [34] was restricted to the detection
performance of SSR, where it was shown that the SSR achieves a larger probability of detection

compared to the case where FC employs OR fusion rule.
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A slight variation on the above mentioned work is the censoring algorithm, in which only selected
nodes are permitted to transmit their sensing report, which saves energy during the reporting stage.
Furthermore, the censoring scheme is more consistent when compared to the node selection-based
sensing scheme, because the censoring of nodes are done after performing spectrum sensing by

individual nodes.

Censoring scheme based on the double-detection threshold was proposed in [107] to reduces the
transmission overhead between CR and FC without significantly affecting the receiver operating
characteristics. The performance of the above mentioned CR network has been assessed in terms
of the average number of normalized transmitted sensing bits, the total error probability and the
optimal number of CR users that ensures minimum error probability, where it was shown that the
censoring probability saturates rapidly for an average number of nodes and is independent of the
number of CR nodes leading to low energy consumption [20]. Further investigation on censoring
was proposed in [67], under the constraints on minimum false alarm probability and maximum
detection probability, where censoring and sleeping are adopted. Moreover, a detailed analysis
in [67] on energy consumption in the network based on sleeping rates and optimum censoring

demonstrates that these values complement significant increase in energy savings.

In previous works, efficient node selection criterion is based on the estimated SNR, probability
of detection and correlation to name a few. In [62] and [63], the criterion of efficient node
selection is based on the observed SNR. User selection based on uncorrelated decisions across
SUs was employed in [103], where a dedicated error-free channel was assumed for reporting
individual sensing results. In practical scenario, it is to be noted that, proper estimation of SNR
is not always possible. Moreover, interchanging messages to find the specific SNR value may
not be energy efficient. Hence, in [68, 71] the voting scheme is proposed based on the sensing
result of own decision of the FC, and the global decisions. The voting schemes introduced
in [68], called the confidence voting, work on limiting the unreliable decision transmissions by
demanding each node to compute a confidence metric. The local and global decisions are collated
in a hard decision scenario whereas in the case of co-incidence scenario, the confidence metric
is incremented or decremented [20]. The confidence metrics are computed during the training
period and only the nodes with the highest confidence metrics are allowed to report their decisions
to the fusion center. The authors in [68] claim 40% energy saving for confidence voting algorithm.

Yet another voting scheme presented in [69] is called the collision detection scheme which is



Chapter 2. Literature Survey 26

based on node selection with the highest correctness measure. The correctness measure signifies
the number of times a node gives correct decisions when the global false decision is that the
PU is not absent. Cooperative sensing involves the nodes with the highest correctness. The
main advantage of the voting-based scheme is that it requires limited number of control messages
which reduces the sensing overhead. Since these voting-based scheme relay on the opinion of the
majority, they have a major drawback especially in a scenario where the most of SUs face a bad
channel condition between the PU and themselves. In such scenarios, the FC votes for the decision
of unreliable nodes with a larger confidence resulting in a decision worse than the conventional
scheme. Moreover, the presence of malicious SUs can degrade the performance of voting based

schemes.

Most of the above mentioned work on overhead reduction in CSS have considered throughput
enhancement or energy consumption reduction separately. On the otherhand, it is essential
to consider EE as a comprehensive metric which is capable of jointly taking into account the
achievable throughput, the overall energy consumption and the detection accuracy. Hence,

studying the performance of a CR network based on EE is essential.

2.2.3 Energy Efficient Fusion and Decision Rule

Another approach to reduce energy consumption is to optimize the fusion rule which may decrease
the energy consumption to a greater extent. Hard and soft decision are the two types of decisions,
transfered from nodes to FC. The performance analysis and comparison of hard and soft decision
based approaches for the cooperative spectrum sensing in the presence of reporting channel errors
was carried out in [72], where the soft decision combination is proved to be more robust to channel
impairments. However, in [72], the associated complexity and transmission overhead are not
considered. The energy consumption and detection probability of fusion rules such as likelihood
ratio rule (LR), maximum ratio combining rule (MRC) and equal gain combining rule (EGC) under
parameters such as frame length for each rule, number of nodes and SNR are analyzed in [108].
The results exhibits a better performance for EGC in both energy saving and detection probability
for a short frame length, less number of nodes and low SNR. Energy efficiency maximization by

optimizing number k in the k-out-of-N fusion rule together with detection threshold is proposed in
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[73]. The obtained results presents that the joint optimization of number of users and the decision

threshold, can achieve an energy efficiency of 2 bits/Hz/Joule for various SNRs.

Soft decision combining schemes provide optimal detection performance by combining the actual
sensed information from the SUs, resulting in a high cooperation overhead in terms of time,
computational complexity, and bandwidth. Alternatively, hard decision combining schemes
offer lower cooperation overhead, but achieves sub-optimal detection performance. In order
to utilize the advantage of both soft and hard decision-based cooperative sensing, combined
hard/soft decision-based CCS scheme is presented in [74-76]. The authors in [74] proposed a
method based on the log-likelihood ratio (LLR) based cooperative spectrum sensing scheme with
hard-soft combining at the fusion centre (FC), where the SUs perform a local LLR-based detection
employing two thresholds. If the locally sensed information falls in between the two threshold
values, then the actual sensed information is reported to the FC and weighted soft combining
is performed at FC, else the local binary decisions are reported to FC and hard combining is
performed. Further, a second stage hard combining employing AND/OR rule is performed at FC
considering the previous decisions. The authors concluded that the proposed scheme gives a near

optimal performance with a slight increase in the cooperation overhead.

2.2.4 Sustainable Cognitive Wireless Sensor Networks

The limited power available with each sensor in a WSN usually results in a short life time of WSNss,
which directly affects the sustainability of network. Some solutions are proposed in the literature
to enhance the sustainability, by employing efficient data transmission in a WSN. Wang et al. [109]
proposed a time adaptive schedule algorithm (TASA) for data collection from WSN to cloud along
with a minimum cost spanning tree (MST)-based routing method to save on the transmission
cost. They showed that their proposed method considerably reduces latency and optimizes
energy consumption, which makes the sensor-cloud pair sustainable. To prolong the network
life time, a sustainable WSN has been considered in [110] from the perspective of energy-aware
communication coverage, where the two types of sensor nodes, namely, energy-rich nodes (ERN)
and energy-limited nodes (ELN) are deployed. Throughput-optimal resource allocation policy
design for sustainable energy harvesting-based WSN (EHWSN) has been widely addressed in

[111] and [90]. Xu et al. [111] investigate the utility-optimal data sensing and transmission in
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an EHWSN, with heterogeneous energy sources such as power grids and utilizing the harvested
energy. They also analyzed the tradeoff between the achieved network utility and cost due to the
energy utilized from the power grid. Zhang et al. in [90] developed an optimization framework
to guarantee sensor-sustainability in the EH-based CRN (EHCRSN), where the parameters such
as stochastic energy harvesting, energy consumption, spectrum utilization and spectrum access
processes are designed in an optimal way. An aggregate network utility optimization framework
based on a Lyapunov cost-based optimization was developed for the design of online energy
management, spectrum management and resource allocation. They also demonstrated that the
outcome of the work can be used as a guide for designing a practical EHCRN, which guarantees
PU protection and sensors sustainability at the same time. However, note that these existing
methods only offer sustainability of network and are unable to effectively ensure the balance

between overall performance, reduction in overhead and network resource utilization.

2.2.5 Sensor Scheduling

Energy-aware sensor scheduling in WSN has also attracted significant research attention. In [112],
the authors proposed a new priority-based traffic scheduling for CR communication on smart
grids, considering channel-switch and spectrum sensing errors, and a system utility optimization
problem for the considered communication system was formulated. Such a scheduling scheme
was shown to serve as a new paradigm of the future CR-based smart grid communication network.
More recently, in order to avoid large overhead and delay, smart scheduling of a collaborative
sequential sensing-based wide band detection scheme was proposed in [113] to effectively detect
PU activity in a wide band of interest. A sensor selection scheme was proposed in [69] to find
a set of sensors with the best detection performance for cooperative spectrum sensing, which
does not require a priori knowledge of the PU SNR. The throughput of the CR network is
optimized in [114], by scheduling the spectrum sensing activities based on the residual energy
of each sensor. Liu et al. in [114] proposed an ant colony-based energy-efficient sensor scheduling
algorithm to optimally schedule a set of sensors to provide the required sensing performance
and to increase the overall CR system throughput. It was demonstrated that the proposed
algorithm outperforms a greedy algorithm, and the genetic algorithm, with a lower computational

complexity. However, the sensors employed in the above system model are energy-constrained
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battery powered sensors and not sensors equipped with energy harvesting. These scheduling
strategies do not specifically consider the tradeoff between network performance and resource
spectrum utilization in a CR-based WSN. Moreover, the overhead of network resources caused
by the cooperative sensing strategies is not accounted for in the existing methods, which is a key
factor. Thus, the problem of sensor scheduling in a CR-based WSN needs to be considered in

terms of a collective network utility and efficiency performance.

2.2.6 Energy Efficient Network Organization

With vastly increasing wireless traffic demands, realization of a HWSN suffers from disadvantages
such as severe interference [115], which affects its spectral efficiency. A heuristic solution
to mitigate this problem is to integrate the cognitive radio (CR) technology [2] with HWSN
[116], collectively termed as heterogeneous cognitive radio wireless sensor networks (HCRWSN)
[117]. In an HCRWSN, the deployed sensors periodically scan a primary user spectrum to detect
the availability of vacant channels and the network assigns data transmission over them, while
guaranteeing a given PU interference level [118]. However, the periodic sensing increases the
energy consumption, which is a critical issue in battery operated sensor networks. Therefore,
an HCRWSN with energy harvesting spectrum sensors [119] has been proposed to enhance both

spectrum and energy efficiencies [77-79].

A new spectrum sensing scheme based on spatial-temporal opportunistic detection is proposed in
[120], in which a 2D cognitive wireless sensor network (CWSN) topology model is employed.
It was shown that the proposed scheme not only has a desirable property to process the
spectrum-heterogeneous problem in spatial-temporal 2D sensing environment but satisfactory
detection performance can be achieved with less energy consumption as well. By jointly
considering the constraints on sensing accuracy, efficiency and overhead, which are quantitatively
characterized by the energy consumption, multi-channel CSS strategies, are modeled in [37] to
maximize the aggregate opportunistic throughput of SUs. It was demonstrated that optimal CSS

scheme is effective in improving channel utilization for SUs with low interference to PUs.

A multiband cooperative spectrum sensing and resource allocation framework for the

internet-of-things (IoT) in cognitive 5G networks can significantly reduce energy consumption
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for spectrum sensing compared to the conventional single-band scheme. Towards this end, an
optimization problem was formulated in [121] to determine a minimum number of channels to
be sensed by each IoT node in the multiband approach to minimize the energy consumption
for spectrum sensing while satisfying probabilities of detection and false alarm requirements.
Moreover, a cross-layer reconfiguration scheme (CLRS) for dynamic resource allocation was
proposed in IoT applications with different quality-of-service (QoS) requirements including
data rate, latency, reliability, economic price, and environment cost. The proposed scheme,
1.e., CLRS, efficiently allocates resources to satisfy QoS requirements through opportunistic
spectrum access. In order to increase the detection probability in weak channel conditions,
the neighboring nodes cooperate with each other which includes relaying the sensing messages
by another node to the FC or to a selected node [81],[122, 123]. In [124], an optimization
framework for a wireless sensor network is given whereby, the optimal relay selection and power
allocation are performed subject to signal-to-noise ratio constraints. The proposed approach
determines whether a direct transmission is preferred for a given configuration of nodes, or a
relay-based cooperative transmission should be used. An energy-efficient power allocation for
orthogonal frequency division multiplexing (OFDM) based relay-aided cognitive radio networks
with imperfect spectrum sensing is considered in [82], where the authors show that the proposed
algorithms can obtain a good tradeoff between energy and capacity of the network. In [123],
energy-efficient cooperative spectrum sensing with relay switching over Rayleigh fading channels
is proposed and analyzed. By not activating all the available relays at all time, power and
transmission resources of the relays are saved. In the first scheme, when relaying is activated,
a switch-and-test (SWT) policy based on the energy received from the relaying path is used. To
enhance the detection performance of SWT, in the second scheme, a switch-and-selection-test
(SST) policy is considered. Both SWT and SST schemes integrate the relay switching and

spectrum sensing into one step, which further saves the power and time of relay processing.

Solution proposed in [83, 84], for energy consumption minimization is cluster and forward
scheme, where the nodes are dynamically placed in cluster groups. The node with the best
channel gain, in each group, is opted as the cluster head. In [87], a cluster-based MAC protocol
is designed in which channel sensing scheme is analyzed to reduce the total consumed energy. It
is shown that there is a correlation between the number of sensed channels and EE, and the best

overall performance is guaranteed by cluster-based sensing for three channels. A cluster-based
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collaborative spectrum sensing scheme from the energy efficiency perspective is analyzed in [88],
by considering optimization parameters like the number of clustered CSs, local detection threshold
and time fraction to maximize the energy efficiency under collision constraint and false-alarm

probability constraint.

In this section, the key CSS aspects to maximize energy efficiency were identified. However,
optimization of one parameter increases the detection performance but generally at the expense of
computational complexity. Therefore, the effect of enabling energy efficiency in CR network can

be analyzed from a fundamental tradeoff perspective which is elaborated in the next section.

2.2.7 Fundamental Tradeoffs in CR Networks

This section discusses the ways of achieving higher energy efficiency in CR networks from a
fundamental tradeoffs perspective to achieve a large energy efficiency (EE). In view of EE, the
tradeoffs identified are listed in Table 2.2 as QoS, PU interference, overhead, throughput, energy
consumption, cooperative gain and security, which are the critical network design dimensions.

These tradeoffs are analyzed focusing on the energy efficiency.

2.2.8 Energy Efficiency vs. Quality of Service Trade-off

Mechanisms to improve the QoS may contradict the requirements of the EE. Moreover, there are
other complicating factors such as interference limitations, power budget of the CR system, and
imperfect channel sensing which are inherent in nature, are to be considered in a CR network [1].
Hence, this tradeoff issue is prominent while allocating resources for CRNs [125]. QoS for CRNs
have been examined from an opportunistic spectrum access (OSA) perspective and it is observed
that disruptions from SUs or PUs involved in OSA protocols cause challenges in QoS deployment.

In this regards, the QoS can be realized in three directions, namely,

* PU centric approach
* SU centric approach

* Hybrid approach
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Table 2.2. Fundamental tradeoffs for energy efficiency in cognitive radio networks [1]
Tradeoff Description Reference
Energy efficiency vs. QoS * EE requirement may be contradictory to
. : [125]
tradeoff the QoS improvement mechanisms
* Frequent sensing increases the
. energy consumption and causes higher
E ffi . P . .
nergy efficiency vs. PU overhead but improves the sensing [126]

interference tradeoff

performance, which is of major concern
for tuning the EE vs. PU interference tradeoff

Sensing vs. Throughput
tradeoff

* Maximizing sensing accuracy may be
contradictory to enhancing the network
throughput

[127]-[129]

Overhead vs. Throughput

* More sensing overhead for SUs,

efficiency tradeoff

tradeoff the less.throughput the CR network [130]
can achieve.
Spectral efficiency vs. energy * SE improvement due to the involvement (931,

of multiple SU nodes, leads to reduction
in EE.

[131]- [134]

Energy efficiency vs. security
tradeoff

* Integration of security protocols in CRs
results in additional overhead at both the
transmitter and the receiver which affects
the EE of the network due to increase in
energy consumption.

[135],[136]

PU centric approach focuses to protect the QoS of PUs while employing OSA. In this scenario,

reduction of miss detection probability is very important and EE dimension is not critical [1].

Hence, the main constraint is not to disturb the incumbent users while retaining QoS. The second

approach, SU centric QoS, is where the environment is divided by prioritizing the SUs while

safe guarding the PUs. In this scenario, the solution space of the problem becomes larger as the

interference limitations are relaxed. In this approach, the objective is to reduce the false alarm

probability as much as possible. For both of the above approaches, the specific detection accuracy

can be attained by improving either sensing time and sampling frequency or SNR. Increasing the

sensing time is the only viable solution as the PU’s SNR is beyond the control of the CRN, and the

sampling frequency is device-dependent. However, the periodic nature of sensing results in more

energy consumption of the network. The third approach, hybrid approach, a natural extension of

PU centric approach and SU centric approach, is to have a hybrid situation where the QoS of the

PUs and SUs are evaluated in a more flexible manner and not differentiated categorically.
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2.2.9 Energy Efficiency vs. PU Interference Tradeoff

The CR operation’s fundamental constraint is that the secondary users must not cause harmful
interference to the primary user communication. In other words, the resulting interference due to
SU transmission at nearby PUs must be well below the tolerable interference limits for underlay
CRNs, and the simultaneous transmission time with the PUs must be considerably short for
overlay CRNs [1]. Two scenarios which causes interference to PU are: misdetection of PU and
reappearance of PU. To deal with the first scenario, the CRs must have high detection accuracy
(P;) which reduces the probability of collision with the PU. This demands for a high P, which
can be attained using various techniques such as longer sensing duration, cooperative sensing
and higher sampling frequency. But these high detection accuracy solutions may lead to higher
energy consumption. In the reappearing PU scenario, due to the nature of periodic sensing, the CR
network may interfere with the PU network irrespective of the achieved high detection accuracy.
In the periodic sensing, a reappearing PU does not get detected until the next sensing period. But
frequent sensing increases the energy consumption and sensing overhead which directly affects
the throughput. Hence, EE vs. PU interference tradeoff puts forward a challenge to decide on the
sensing and transmission durations [126]. To cope up with these two scenarios, a CR may choose
to be conservative at the sensing phase and/or at the transmission phase of the cognitive cycle.
The solution to address this challenge is to adjust the sensing accuracy and the sensing duration
by considering the PU traffic pattern [126] and at the transmission phase the solution is to control

the interference by regulating the transmission power.

2.2.10 Sensing vs. Throughput Trade-off

The sensing slot duration is a critical parameter for maximizing the achievable throughput for
the secondary users under the constraint that the primary users is protected to a sufficient level.
The average sensing time should be designed such that the secondary user by maintaining certain
level of detection accuracy can find at least one available out-band channel which improves its
throughput [137]. Based on this fact, a collision-throughput tradeoff problem was formulated
in [127] based on the sensing time requirement and the traffic pattern of primary users to find

optimal value for the frame duration of CR operation so that the throughput of the CR network
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is maximized. It was shown that there exists an optimal frame duration for a given sensing slot
duration to obtain the best tradeoff. Similar sensing throughput tradeoff analysis was carried out in
[128] to maximize both detection accuracy and EE of a CR network. Another adaptive spectrum
sensing scheme is formulated based on the first sensing result to provide better protection for PU.
In other words, when the first sensing result indicates the idle status of PU, the SU performs
spectrum sensing once again to reconfirm the availability of spectrum band. This adaptive
sensing scheme maximizes the energy efficiency in an energy-constrained CR sensor networks,
by adjusting the sensing duration according to the PU activity. The study in [128], confirms that
the proposed scheme improves both the spectrum sensing performance and the EE compared with
other existing methods. Imperfect spectrum sensing and multi-channel access contention impacts
the tradeoff between the interference to PUs and throughput achieved by the SUs. Imperfect
spectrum sensing and multi-channel access contention are jointly considered in [129] in which the
sensing-throughput tradeoff problem is formulated by taking the interference probability as the
optimization constraint. It was concluded that the throughput performance of SUs can be improved
significantly by relaxing the requirement of sensing reliability. Moreover, it was demonstrated that
the throughput performance of SUs when the realistic multi-channel scenario is taken into account

is worse than the single-channel scenario.

2.2.11 Overhead vs. Throughput Tradeoff

Cooperative spectrum sensing is a viable sensing technique to enhance the spectral utilization
efficiency of SUs while ensuring the quality of service of PU. Intuitively, the more SUs are
involved in sensing, the more sensing accuracy the CR can be achieved, whereas the more sensing
overhead the SUs consume, the less throughput the CR network can achieve. Towards this end,
the authors in [130] investigated overhead-throughput tradeoff over Rayleigh-fading channels in a
cooperative CR network that consists of a number of the SUs employing energy detectors and a
single decision fusion center. Considering the tradeoff, the authors proved that there is an optimal

set of the sensing length and the number of SUs that maximize the throughput of an SU network.
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2.2.12 Spectral Efficiency vs. Energy Efficiency Trade-off

Increasing spectrum-efficiency (SE) as well as energy efficiency (EE) has attracted much attention
recently due to the fact that the future wireless networks needs to address the issues of high
throughput and low power consumption. However, the objective for optimizing SE sometimes
conflicts with the one for optimizing EE, and the methods for improving EE may result in a
decrease in SE [131, 132]. The authors in [93], analyzed the problem of joint optimization
of sensing duration and decision threshold by maximizing EE while satisfying SE requirement.
The tradeoff between SE and EE was also illustrated. But the conventional CSS model was
considered for the analysis which increases the sensing overhead as the number of SUs increases.
A general framework to evaluate the tradeoff between energy efficiency and spectral efficiency
in three cognitive radio networks paradigms, namely underlay CRNs (UCRNSs), overlay CRNs
(OCRNSs), and interweave CRNs (ICRNs), was proposed in [134]. It was shown that the ICRN
can achieve the best SE and the UCRN can achieve the best EE, under the same transmission
requirements. Different from [134], a CR framework is developed in [133] to study the secure
SE and EE in underlay random CR networks. A joint secure SE-EE optimization problem was
formulated with a tradeoff factor which provides the optimal transmission power and intensity of
the SU transmitters. It is proved that with an increase of the preference for secure SE, a relatively
large transmission power and/or intensity are preferred to jointly maximize the secure SE and
EE, and with the increase of the intensity of eavesdroppers, a relatively small transmission power

and/or a relatively large intensity are preferred to jointly maximize the secure SE and EE.

2.2.13 Energy Efficiency vs. Security Trade-off

The effect of multiple malicious users on the energy efficiency of a cognitive radio network
was studied in [135], in which low-overhead security protocol is proposed to address spectrum
sensing data falsification (SSDF) attacks under a tradeoff between energy efficiency and security.
Based on the analytic study in [135], the optimal number of security bits required to maximize
energy efficiency is provided. From the perspective of EE, considerable improvement was shown.
Furthermore, it was shown that optimal number of bits depends explicitly on the selected fusion

rule, the number of malicious users and the number of legitimate users.
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A similar study was conducted in [136] to find an optimal length of message authentication code
(MAC) and an optimal number of cooperative SUs to maximum EE, which is a promising solution
to avoid SSDF attack. It was shown that the cooperative spectrum sensing scheme based on MAC

can resist SSDF attacks as well as improve energy efficiency.

2.3 Chapter Summary

In this chapter, the various methods to increase the EE of cooperative spectrum sensing have been

analyzed. The main points from the literature survey are summarized as follows.

1. Even though several aspects of CSS which can be subject to optimization are identified in the
literature previously, the key challenges in accurate EE modeling and optimization for CSS
network arises from the fact that there exist a plethora of elements that have to be considered

in the optimization process.

2. Optimization of any one parameter increases the reliability of detection at the expense of

computational complexity which further increases the energy consumption.

3. To develop an energy efficient cooperative sensing technique, the overhead in cooperative
sensing has to be reduced without compromising the detection accuracy, so that such

cooperative sensing scheme can be utilized in energy constrained environment.

4. Efforts have been made to improve the performance of CSS with respect to throughput,
energy consumption and energy efficiency. Conventional cooperative sensing scheme is
replaced by the node selective-based sensing scheme which has shown an improvement
in the detection accuracy. Although these techniques have shown improvement in the
detection performance, the analysis of energy efficiency in node selective-based CSS with
optimization of parameters such as detection threshold, sensing time and number of nodes

involved in cooperation has not been explored in the literature.

5. Most of the existing literature focus on methods to improve the detection accuracy or
perfect reconstruction of the received signal after compressed spectrum sensing. Although

the compressed sensing-based cooperative sensing scheme has been analyzed in terms of
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detection errors, energy efficiency analysis of compressed collaborative sensing scheme by
optimizing compression ratio and number of nodes has not been explored in the cooperative
sensing framework. In other words an important question that remained unanswered is
as follows: For a given compression ratio, ¢, what should be the number of nodes N, to

maximize the energy efficiency?

In this thesis, many of the above questions are successfully answered and a study to improve the
performance of cooperative spectrum sensing in CRN in terms of average achievable throughput,
energy consumption and energy efficiency is presented. To start with, the idea is to improve
energy efficiency by reducing the cooperative overhead and maintaining the detection accuracy
simultaneously. Towards this end, in the next chapter, an analysis of energy efficiency using
superior selective reporting-based cooperative sensing scheme by optimizing detection threshold,
sensing time and number of nodes involved in sensing such that the energy efficiency is

maximized.



Chapter 3

Energy Efficiency Optimization for
Superior Selective Reporting-Based

Spectrum Sensing

3.1 Introduction

In this work, the EE analysis of the SSR scheme proposed in [34] are presented by deriving
the expressions for energy consumption and achievable throughput of the SSR scheme. EE
optimization problem is formulated subjected to several constraints. As this problem is highly
non-convex, some approximations to reduce it to a quasi-convex optimization problem are
presented. Later, it is highlighted that these approximations are sufficiently accurate. The
motivation to consider the SSR scheme is threefold. Firstly, it saves the sensing overhead to
a considerable extent, particularly when the probability of detection of the center SU is high.
Secondly, this scheme does not require a dedicated control channel to forward the decision.
Finally, since all the SUs do not report their decisions, interference to PU system is reduced,
when compared to the conventional cooperative sensing (CCS) scheme. EE of the SSR scheme
has not been considered earlier in the literature. In this work, note that the reporting channels is

assumed to be error-free for analytical simplicity and does not consider the impairments such as

38
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dispersiveness in the reporting channels [138].

The main contributions of this work are as follows:

The EE of the SSR spectrum sensing scheme is studied, in terms of the detection threshold,

the sensing time allocation factors and the required number of SUs for cooperation.

* The maximization of EE of SSR is posed as a multiple variable, non-convex optimization
problem, and approximations to reduce this to a quasi-convex optimization are discussed.

The tightness of the approximation is studied.

* The optimal detection threshold, time allocation factors and the number of cooperative SUs

are derived.

* Through numerical results, it is shown that the SSR scheme outperforms the conventional

cooperative sensing (CCS) schemes employing the OR and AND-fusion rules.

The remainder of this chapter is organized as follows. The system model and review the CCS
and SSR schemes is presented in Sections 3.2, 3.2.1and 3.2.2 respectively. Performance analysis
of CCS and SSR scheme are provided in 3.2.3. The energy efficiency optimization problem for
the SSR scheme is proposed in Section 3.3, and approximations, reformulation and analysis are

provided in Section 3.4. Results and conclusions are provided in Sections 3.5 and 3.6 respectively.

3.2 System Model

Consider a cognitive radio (CR) network depicted in Figure 3.1, with NV co-located nodes (denoted
by C,...,Cy), that carry out spectrum sensing to exploit the under-utilization of the licensed
band of a primary transceiver pair, denoted by (PU,, PU,.), opportunistically. A separate CR
fusion-node also called as a secondary user (SU) — which aims for an opportunistic communication
at a given time is labeled as the center SU, and is denoted by F. The individual CR nodes
(1, ..., Cy carry out energy-based spectrum sensing, and their decisions are used in a co-operative
manner by the center SU, which will be explained in detail later. The PU signal is assumed to be
a complex-valued PSK signal and the noise to be circularly symmetric Gaussian random variable

with variance o2 [137]. Let he,r and hpp denote the fading coefficient of the channel from Cj,
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— Sensing Link
---------------- *  Reporting Link
_________ » Data Transmission Link
----------- »  Interference Link

Ci, Ca2, C3,...Cn -Secondary Users
PUtx, PUrx - Primary Users transmitter receiver pair

Figure 3.1. System model for Superior Selective Reporting (SSR) Scheme

¢ =1,..., N to the center SU(F), and PUy, and center SU, respectively. Let 7., and 7, denote
the signal-to-noise ratio (SNR) over the link from the CR node C;, i = 1,..., N to the center SU
and the link from PU transmitter PU,,, to the center SU respectively. Without loss of generality, it
is assumed that, at a given time, the center SU has a perfect knowledge of noise variance 2, he, r,
hpr, Ve, and 7y, [34]. Next, the superior sensing based reporting schemes and the conventional

cooperative sensing schemes are revisited.

3.2.1 Conventional Cooperative Sensing (CCS) Scheme

Conventional cooperative sensing (CCS) scheme is a common technique, where each time frame of
duration 77.,,,, seconds consists of two phases, namely, the sensing phase (7') and the transmission
phase (1%,,.. — T'). Energy-based sensing is employed during the sensing phase for a duration of 7
seconds, where the center SU and all the CR nodes employ sensing. Subsequently, the remaining
duration of the sensing time, that is 7" — 7, is further divided into N sub-slots for the transmission

of the individual decisions by the nodes {C;,i = 1,..., N} to the center SU [139-141].

To save the sensing overhead, it is assumed that each sensor transmits a one-bit decision over a

dedicated, error free channel. Therefore, as shown in Figure 3.2, the sensing duration adds to
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Frame 1 Frame 2 Frame N
T———T1 —e——7T1 — —r —
Sensing Reporting Reporting Reporting Gl
() by all C, by C, by C, by Cx Data Transmission
- T=1t +Nr >
—T Total >
Frame 1 Frame 2 Frame N
pT ———
Sensin, Sensin, Reportin L.
(b) by Fg by all Cg ; b;) Cs_upg Data Transmission

f¢—T =1 pT—r— T =1 PT—o—T=(1-2n)pF—

Figure 3.2. Time slot format for (a) CCS scheme and (b) SSR scheme.

a total of 7" = 7 + Nr units, where r denotes the time-duration of each sub-slots. Hence, the
sensing time 7" increases linearly with /V, which increases the energy consumption and decreases
the throughput. At the end of time slot 7', the center SU combines these decisions by using a
suitable fusion rule — such as AND [142], OR [143] or MAJORITY rules [144], and broadcasts its
global decision to all the nodes. The sensing duration of CCS scheme, and the energy consumption
increase with an increase in N. To reduce the sensing time and energy consumption, a selective
reporting based cooperative spectrum sensing scheme, namely superior selective reporting (SSR)

scheme was proposed, which is explained next.

3.2.2 Superior Selective Reporting (SSR) Scheme

The SSR scheme, originally proposed in [34], has multiple advantages over the CCS scheme, as
the center SU receives the decision only from a superior SU, which is selected as described in next
section. It should be noted that in [34], the study of SSR scheme was limited to its detection
performance in comparison to the CCS scheme, whereas in this work its energy efficiency
performance is studied by calculating the achievable throughput and energy consumption. As
shown in Figure 3.2, the SSR scheme has two sensing time allocation factors, namely 7 and
[34]. In a given time frame of 7', seconds, the center SU carries out spectrum sensing for a
duration of 7} seconds. If the decision of the center SU favors hypothesis H, then the center SU

broadcasts a message saying that the primary user is present, indicating the duration 7%.,,, — 1§
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not to be engaged in communication. In this case, no cooperation from other CR nodes is utilized.
In the case when the center SU decides in favor of hypothesis H,, it requests for a cooperation
from the other nodes, and nodes C', ..., Cy carry out sensing for a duration of 7). Later, among
the nodes that favor H;, the node with the highest SNR reports back its decision to the center
SU, on the same channel, for a time duration of 7, seconds, which is inversely proportional to its
SNR. This node is termed as the superior SU, which is selected as decribed in section 3.2.3.2. For
analytical simplicity, it is assumed that this report is error-free. However, it should be noted that
the performance of SSR would degrade further in the case of dispersive reporting channel errors
[138], and hence the presented performance can be considered as an upper bound for practical
purposes. Also, the mobility aspects of the PU [145] is ignored, since each SU would then require
an exact knowledge of the change in network topology due to the movement of PU, which makes
the analysis more complex. Moreover, as considered in [69],[106], the interference to PUs induced
by final decision reporting can be ignored, since the transmission duration of such reporting is
relatively short in comparison to the duration of the sensing phase. In fact, the final decision
can be declared by using a power control method discussed in [34] to sufficiently protect primary

transmissions.

Algorithm 1 : Selective reporting algorithm

1: Consider the N SU nodes C;,i =1,...,N.
2: procedure LOCAL SENSING BY CENTER SU, F
3: for time duration 7, do

4: Calculate energy-based test statistic, i.e., T (y) = 77 M Jy(n))?
5: Calculate threshold, ¢, by fixing the probability of false-alarm
6: if (T'(r) > ¢) then
7: Center SU(F) claims the presence of PU
8: Broadcast local decision and stop spectrum sensing
9: else
10: Local sensing by other SUs (C;) at time slot 7}
11: Form detection set, @, as the set of sensors claiming presence of PU
12: if (P = empty) then
13: Center SU(F) claims the absence of PU
14: else
15: Select Superior SU as discussed in Sec. 3.2.3.2
16: end if
17: end if
18: Selected Superior SU reports its local decision to center SU, F
19: Broadcast final detection result by center SU, F, to other SUs

20: end for
21: end procedure
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As opposed to the CCS scheme, only a portion 0 < 3 < 1 of the detection time 7 is required in
the SSR scheme. The duration 87" includes sensing and reporting times, and is divided into the
previously defined 7,, T, and T, where T, = T, = nT, for some 0 < n < 1, which indicates the
sensing duration of center SU and the nodes C;, @ = 1,..., N and T, = BT — T, — T, indicates
the reporting time of the superior SU. Cooperative sensing procedure in SSR scheme is described

in Algorithm 1.

3.2.3 Performance Analysis with Energy Detection

As mentioned earlier, energy detection (ED) is employed to detect the presence of the PU. In
this section, the performance analysis of energy detection in CCS, SSR and OSSR schemes are

discussed.

3.2.3.1 CCS Scheme

For the CCS scheme, probabilities of signal detection and false-alarm at each SU are given by

[137]

&g

Pri = Q((;—l) \/_Uo) 2 (o, 1), 3.1
& Ug A .

Pii = Q((;—%—l) 2%+1)=w<uo,si,%>, i=1.2.N (G2

where ug = 7f, is the time-bandwidth product, i.e., 7 is the signal duration, f, is the sampling
frequency, ¢; denotes the detection threshold at node C);, and ~; denotes the received SNR at
node C;. Also, () indicates the complementary cumulative distribution function of a standard

Gaussian random variable. The threshold €; can be computed from (3.1) as

o2 D
e = 0’Q (\/u_0>+1 (3.3)

In the CCS scheme, the center SU combines the decisions from all nodes C;, ¢ = 1,..., N using

the AND, OR or MAJORITY rules [142]. Following this, the global probabilities of false-alarm
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and signal detection, for the OR rule, respectively, are given by [143]

N

Pfccs,OR _ [ H 1 — Py, } =1-(1-P) (3.4)
=1
N

Pdccs,OR _ l H 1 _ sz ] =1— (1 — Pd,z'>N 3.5
i=1

For the AND fusion rule, the probabilities are given by [26]
N
PLesaNy — H Pri = (P)" (3.6)
Pesiy = H Pai = (Pai)" (3.7)

The overall detection probability of the CCS scheme is obtained by fixing FPy; to a predefined
level. For a comparative study, the CCS scheme with AND and OR fusion rules is discussed in

this chapter, which have associated advantages and disadvantages [26, 143].

3.2.3.2 SSR Scheme

Recall that for the SSR scheme, the sensing duration for the individual SUs are given by 7, =
T, = npT, where T is the sensing duration of the CCS scheme, and is given by 7' = 7 + Nr.
The superior SU is selected from the detection set to report to the center SU, in time 7, when the
decision of the center SU is in favor of H;. Following this, the superior reporting SU node, C,,,

can be described as:

Cyup = arg max (%—2
Cied 1+ 97P’hPF’

) = arg max (7Ci|hcip|2), (3.8)

Ci;ed

where & = {C; : C; decides H,} is the detection set obtained in time slot 7,. The scenario
considered for spectrum sensing problem is as follows. The cognitive radio network is assumed to
be far from the primary network, such that the primary SNR at each node is nearly equal. Hence,
~vp is same across all nodes. Additionally, CR network is assumed to be clustered in a relative

small area, which makes the quantity |hpr| for each node to be approximately the same. Hence,
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maximization given in the first equality is the same as that given in the second equality, since the

denominator is approximately equal across all nodes.

The procedure to choose the superior SU is as follows. The SUs that detect the presence of PU
constitute a detection set . Each SU {C; € ®} sets off a timer at the end of sensing phase, with
each initial values {7}, C; € ®} set inversely proportional to its received SNR Ve, |he, r % as in [34].
ie, T, = —*——, for some w € R*. The SU with highest SNR exhausts its timer first and

(ve; |ho;F|7)
reports to the center SU. This SU is the superior SU among the cooperative SUs in ®. Only the

superior SU sends its local decision to center SU in time slot 7},. Channel reciprocity ! is assumed
between center SU and the other SUs [34]. In addition, the selected superior SU transmits a short
duration flag packet, signaling its presence. All other SUs, waiting for their timer to expire, back

off immediately as soon as they receives this flag [146].

The method of calculating the received SNR 1is as described in [146]. Each SU node carries out
the following procedure to assist the center SU to select the superior SU, in SSR schemes. When
requested for cooperation, each SU at the end of its sensing duration sets a timer which is inversely
proportional to the SNR of the channel between the center SU(F) and other SUs, obtained from
a CTS packet broadcast by center SU. Each SUs in the detection set overhears the CTS packet
and estimates the instantaneous wireless channel SNR between the center SU(F) and other SUs
(C;). This instantaneous SNR is used to calculate the particular channel gain (h¢;r), which is
used to initialize the timer. Channel reciprocity is assumed between the center SU and other SUs,
and a perfect clock synchronization is assumed across the SUs [34]. In [146], the authors show
that the overhead of such user selection is a small fraction of the coherence interval with collision
probability less than 0.6%. Therefore, the energy consumed during the process of selection of

superior SU is neglected in this analysis.

The probabilities of false-alarm and signal detection at the center SU and other SUs (C;) using

energy detector are given, respectively, as [147]

€

PPy = P;SC?ZQ(<§_1)\/“_1>:SO(Ub%O)a i=L...,N (3.9)

E; U
Piyt = Q( (; —YF — 1) 2%1 1) 2 o(ur,e,7r),  Piort = o(u, €i,7¢,)(3.10)

'The center SU and other SUs operate in a fixed time-division multiple-access (TDMA) manner, which is
commonly considered in existing studies [34],[69, 103—106] where a common channel is shared between SUs.
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where u; = nB7T f, yr is the SNR of center SU and ~y, is the SNR of other SUs. As indicated
earlier, only the decision of Cj,, is reported in the slot 7,. From Figure 3.2, T, = (1 — 2n)AT.
Note that energy detector is used to evaluate the performance of conventional and proposed sensing
scheme. The results obtained in this work is extended to Bayesian detector case which is shown in
Appendix D. Then, the probability that F receives an incorrect decision in favor of H; from Cj,,

in 7T, slot for SSR is obtained as [34]

2N -1
pn =% [T ps TLa-m)] =1-a-mp™. e
=1 Cied; Cm€$
Here ®; is the i™ possible combination of elements among the total 2%V elements in detection set
®, and ® is the complement of the detection set ®. Hence, the overall probability of false-alarm at

the center SU in the SSR scheme is given by [34]
Pt = Pipt + (1 — PPET) PR (3.12)

Similarly, the probability that the center SU, correctly receives the decisions from other SUs

C;,i=1,..., N in favor of H; in T, slot is shown to be

2N —1
pis =3 [ ML e [Lo- | =1-0-ma. G
i=1 C1ed; Cm€ed

following which, the final detection probability of SSR can be calculated as [34]

PP = Pyt + (1= P PRt G149

The main aspect of the SSR scheme is to design the optimal values of 1 and (3. In the earlier work
[34], the optimal values for 7 and /3 were designed based on an upper bound and lower bound
constraints on probabilities of false-alarm and signal detection, respectively. In this work, the

optimal values of 7,  and N, is designed such that the energy efficiency is maximized.
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3.3 Formulation of Energy Efficiency Optimization for the

SSR Scheme

The ratio of average throughput to the average energy consumption is defined as the energy

efficiency of a CR system [140, 148]. In the following, the average throughput, average energy

consumption for SSR scheme in CR network is discussed and later the governing optimization

problem of designing 7, 5 and N is provided such that the energy efficiency is maximized.

In a CR network with SSR scheme, the average throughput achievable depends on the

communication between PU and SUs, categorized into four scenarios elaborated below.

SI.

S2.

S3.

The first scenario corresponds to the case when PU is present, and the network correctly
identifies its presence. This case can be further divided into two cases which correspond
to the situation where the decision in favor of H; is made at the end of slot 7, (i.e., by
the center SU), which occurs with probability P(H;)P;7" and in the case when center SU
incorrectly declares H,, but is corrected by the node C,,, at the end of slot 7, which occurs
with probability P(H,)(1 — Pj3*) P7¢. Observe that in both these cases, the SUs do not

transmit data and the throughput achieved is zero.

The second scenario covers the case when PU is absent but incorrectly declared as present by
the network. Again, this case has two sub-cases. The first case corresponds to the situation
where the center SU makes a false-alarm, which occurs with probability P(H,)P73¢. The
second case corresponds to the situation where although the center SU correctly observes
the spectrum to be empty, the node Cy,, incorrectly declares the presence of the PU, which
occurs with probability P(Ho)(1—P;3%) P{¢r . Since the CR network misses a transmission
opportunity in this case, the throughput achieved is given by —¢C(T%,,,, — 1), where ¢ is

a suitably chosen penalty factor [149].

The third scenario corresponds to the scenario when both center SU and the node C,,
make incorrect decision that the PU is absent, when it is actually present. In this situation,
which occurs with probability P(Ho)(1 — Pj3%)(1 — Pj¢ ), the network transmits and
causes interference to the PU. However, even this being the case, a partial throughput of

KeC(Trora — BT units can still be achieved for some 0 < k. < 1.
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S4. The last scenario corresponds to where the achievable throughput is maximum. This covers
the situation when the PU is absent and both center SU and C,,, makes correct decisions,
which occurs with probability P(Ho)(1 — P73%)(1 — P7EY). In this case, the average
throughput for the duration of T, — ST is denoted as C(Tr..,, — S7T) units, where C

denotes the average data rate of SU transmission.

Table 3.1. Energy consumption and throughput achieved by the CRN for different scenarios

CCS Scheme SSR Scheme
. Throughput . Throughput
Scenario Energy(J) (bitz/Hz) Scenario Energy(J) (bitz/Hz)
P(H,) P BT
P(H,)P§es NP, 7+NPF,r 0 0
(H1) Py t P(HL)(1 — P33Ry Pish P, Ty+N P, T}
1 d,F d,C,1 +P,T,
P(Ho) PS5 o
ccs _ _ _h _
P(Ho) P NP, 7+ NP -9C(Troa - ) I praNpn O AT)
P(Ho)(1-PFER) PESE o

P(H\)(1-P°S) NP, 7 +NPr
+P (Tt - 7N 6,CTr -T)  PULY(1-PEERy1-pgsny D ToPN D T

cCToa' T
AP Tt Py - 1) 10070

P(Ho)(1-P§“%) ~ NP, 7+NPr
P, To+N P, T
+Py(Trota - T-N1)  C(Trppar - T) P(Ho)(1-P53fy*(1-P5H) 0 '

C(Trota-B'T
+PTy +Pi(Tpopu - Ty CLrotaBD)

3.3.1 Average Throughput

Considering all the above cases, the average throughput of the SSR scheme is given by

RSSR<57777 67 N) = P(HO) [(1 - Pf,i"R)(l - P}?’%i)] (TTotal - BT>C
£ keP(Hs) [(1= PES) (1 = B3] (T — BT)
— ¢P(Ho) [P73" + (1 = PR ) (PFE)] (Trow — BT)C (3.15)
for some 0 < k. < 1,and ¢ > 0.
Note that for the CCS scheme, the average throughput is given by

Recs(N, ) = P(Ho)(1 — P§OS)(T — 7 — Nr)C + KC(Try — T)P(H1)(1 — P§)
—@C(Troras — T)P(Ho) PF°. (3.16)
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3.3.2 Energy Consumption

In this section, the energy consumed by the SU network for the above mentioned four scenarios
are discussed. Recall that P; and P, denote the power required for each SU node for sensing and
transmission, respectively. The energy consumption for the SSR scheme across all the scenarios
mentioned above along with the achievable throughput and energy consumption for the CCS

scheme are listed in Table. 3.1. Following these cases,

ESSR(5;77767N) - XS(PSTD) + Y;(PSTO + NPSTI + PtTQ)

+ Z,(P, T, + NP,T, + PT, + P,(Trp. — BT), with (3.17)
X, = P(H1)Pyi% + P(Ho) Pi37, (3.18)
Y, = P(H1)(1 — PJF)P5er + P(Ho)(1 — P{5F)PEeR,  and (3.19)
Zs = P(H1)(1 = Pj7")(1 = Pit) + P(Ho)(1 — PRp) (1 — PFeh). (3.20)

On the other hand, the energy consumption for the CCS scheme vide Table 6.1 is given by

Eeocs(N,7) = X, (NP7 + NPr) + Yo(NP,7 + P,(Tyos — 7)), Where (3.21)
Xe= P(H1)P{°® + P(Ho)Pf®, and (3.22)
Y, = P(H1)(1 — P{°%) + P(Ho)(1 — P{<%). (3.23)

3.3.3 Energy Efficiency

First consider the CCS scheme, the energy efficiency, measured in (bits/Hz/J), of the CR network
is expressed as
Rees(N, T)

EECCS(N7 T) = m (324)

When both P{“® and P]?CS tends to zero, the network decides that PU is absent and starts data
transmission, which improves the average throughput, but with lesser detection accuracy. On the
other hand when both Py and Pfc “5 tends to one, PU is declared to be present and the bandwidth

is not utilized effectively. The energy efficiency maximization for the CCS scheme is given by
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OPeccs : max EE.cs(e,,N) (3.25)
(
Pfccs < ?ﬁ
P > T
s.t. (3.26)
07T,
K]_ S N S Nmaflf?

for some 0 < Ff < P, < 1. This problem has been earlier considered with AND [26] and OR

fusion rules [150].

On the other hand, in the SSR scheme, since a single SU is required to report its local decision
to the center SU, sensing overhead can be significantly reduced which in turn reduces the energy
consumption. Also, the saved sensing time and energy can be utilized for data transmission by SU,
which potentially enhances the secondary throughput. This leads to the eventual improvement in

energy efficiency in contrast to the CCS scheme. The energy efficiency of the SSR scheme is:

RSSR<5>77757N>

EEsp(e,n,8,N) = : (3.27)
SSR( 77 B ) ESSR(€777757N)
The energy efficiency optimization problem governing the SSR scheme is given by,
OPssr : m%}Ji\f EFEssr(e,n, B, N) (3.28)
57"77 ’
(
PfSSR < ?f
Py > T,
st. 0<B<1, (3.29)
0<n<1/3,
1 < N < N,
\

for some 0 < P; < P; < 1. Notice that the constraint 0 < 1 < 1/3 ensures that T;,, T}, T, > 0.

The IEEE 802.22 standard [151], enforce requirements for the upper bound on the probability of
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signal detection and lower bound on the probability of false-alarm to be 0.9 and 0.1, respectively.

The above mentioned optimization problem is non-convex. For the ease of analysis, the cost
function for the above problem is approximated and the conditions under which the problem can
be reduced to a convex optimization problem is mentioned. The details are provided in the next

section.

3.4 Approximation, Problem Reformulation and Analysis

In this section, an approximation of F Fgg, is provided and the optimization problem OPgyy is
reformulated. On a general note, the channel detection probability should be large enough to
limit the collision between the primary and cognitive transmission. Therefore, P(Hq) > P(H1),
Pyt > Piat, Bieh > PReh , P > PF°%. For the ease of analysis, the average throughput in

(3.15) can be approximated by the above inequalities, and setting x. = 0 as
Rasn = (T = BT)P(Ho)C {(Pf3* + (1= PRI PEE) (~®) + (1= PJi)(1 - Piefi) } (330)
Assuming that P73 = P7Et = Py,

Rsn ~ P(Ho)C(Trp — BT) {=® + (2 + 1)(1 — Pp)N*'}. (3.31)

Similarly an approximate expression for Egg, can be written as

Egsn = PT, — [NP,T, + PT,) { P(H1)P55¢ + P(Ho) P37} +

Pi(Trora — BT) {P(Ho)(1 — P73 (1 — P&} (3.32)
Assuming that P57 = P72F = P, and P73F = P;?F = Py, further simplification of (3.17) gives
g f.F 1.C; f 4,F d,C; p g

Essn ~ PsT, — [INPT, + PT,]{P(H1) Py
+P(Ho) Py — 1} + P(Ho) Pi(Tporas — BT)(1 — Pp)N T, (3.33)
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Now, the approximated energy efficiency can be written as

o ~ RSSR(€777>B7N)

EEBgsn(e, 3,0, N) ~ — . (3.34)
oo ESSR(gaB777a N)

The accuracy of the approximate throughput and energy consumption equations given in (3.31)
and (3.33), respectively, in relation to the actual expressions given in (3.15) and (3.17), and the
consequence of the approximate energy efficiency in (3.34) will be discussed in the Sec. 3.5.
Hereafter, % will be used instead of % as an objective function in this

analysis. Consequently, the optimization problem OP g, can be reformulated as

> RSSR<€777767N)

OPlgsp : Jnax, EEssp(e,n, B, N) = Boonle. B ) (3.35)
rPJ}S‘SR <P
Pin > 7,
st C0<pB<1, (3.36)
0<n<1/3,
\1 < N < Npaz,

Next, a detailed analysis on obtaining the optimal detection threshold, the number of cooperative

users and sensing time to maximize the energy efficiency given in OP1,gy is provided.

3.4.1 Optimal Detection Threshold

Here, the optimal value of the detection threshold ¢ that satisfies the detection performance
constraint is given in problem OP15,. Theorem 3.2 gives the expression for the optimal threshold
¢* and the required condition corresponding to the optimization problem in OP145;. Lemma 3.1

is stated and proved the following lemma before theorem 3.2.

Lemma 3.1. The throughput of the SSR scheme is non-negative, i.e., Rssr > 0, if the penalty

1

factor (¢) is chosen to meet the condition (D1) % > =P @+
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Proof. The proof is straightforward and can be obtained by directly setting Rgsr > 0in (3.31)

and rearranging the equation.

Theorem 3.2. The constraint P;°% > Py in the optimization problem OP1gg, is satisfied with

equality. Consequently, the optimal detection threshold is given by

2 o
& = o [(7 +1)+ n;—;fftcgl [1 (1- Pd)wH . (3.37)

Proof. The partial derivative of EFE s, with respect to ¢, after some algebraic simplification, can

be shown to be

OFEssy OP;
5 —G(e) 5 (3.38)
where G(¢) = W, and the functions V;(¢) and V; () are given as
SSR
Vo(e) = P(Ho)C(Trow — BT) [(¢ + 1)(N +1)(1 = Pr(€))"] Essn(e) > 0, and (3.39)

Vi(e) = Rssr(€)P(Ho) (INPmBT + PmBT) + PiTrow — BT)(N + 1)(1 — P)N) . (3.40)
Now, note that the first derivative of Pf(c) with respect to ¢ is given by

Oe o2 27

(3.41)

% _ 1 nBTfs exp (_(;_2 o 1)2775Tf5> <0
5 < U

Since 88% < 0, it is sufficient to prove that G(¢) = [V,(e) — Vi(g)] > 0, to establish that 8E~§—555R >
0. It is already seen that V;(g) > 0. Since V() depends on Ry (f3), Vi(g) will be non-negative

if the condition (D1) holds, vide lemma 3.1. Therefore, under the conditions stated in lemma 3.1,

[Vo(e) = Va(e)] = 0.

Therefore, (%) > 0. This implies that the optimal threshold to maximize the objective
function OP1ss, should be large, which happens if the constraint P;5® = P, is satisfied. Any
other smaller ¢, must satisfy the constraint P;5% > P, for a given value of N, 3 and 7. Note that
the constraint P;%" = P can still be satisfied when P;3" and P{¢f are equal. Setting P;3" =
Pt = Py, gives Pj" = 1—[1— Py,]N*'. Following this, the equation for the optimal detection

threshold £* is obtained. This completes the proof.
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3.4.2 Optimal Values of $ and n

In this section, an analysis to find the optimal values of 7 and §3 is provided. First, the optimal

value of 7 is described in the following lemma.

Lemma 3.3. The optimal value of 1 that maximizes the cost function in the optimization problem

OPlggy is given by n* = %

. . . OE *
Proof. It is shown in AppendixA that EE;—T?R(”) > (0 forevery 0 < n < 1/3. Thus n* = %

Following the results from Theorem 3.2 and Lemma 3.3, for a given N and (3, optimization

problem OP14s5 can be simplified to OP2445 as:

OP2ssr - IglfjivX EFEssr(e,n", 8,N) (3.42)
4
PfSSR < ?ﬁ
st. 0<B<1, (3.43)
1 < N < Nmax-
\

The following theorem gives the conditions under which optimal 3 can be obtained.

Theorem 3.4. Let [,,,, be defined as below. Then, the objective function in OP3sgy is

quasi-concave for all B € (Bpmin, 1), with

Bmin = pe (3.44)
(ﬁ - ) ( ans)
Proof. The first-order derivative of EE ssr With respect to 5 can be written as
OFF s OP;
e L L VA -V — 4+ V 3.45
35 =~ () = Va(9) G+ Va(), (345)



Chapter 3. Energy Efficiency Optimization for SSR-Based Spectrum Sensing 55

where V4 (5), V1(5) and V() are given by

Vo(B) = P(Ho)C(Trorer — BT) [(® + 1)(N + 1)(1 — P))N] Egsn(B), (3.46)
Vi(B) = P(Ho) {(NPnBT + (1 = 20)BT) + Pi(Trorr — BT)(1 = Pr)N (N + 1)} Rssn(P3).
(3.47)
Val6) = ~Recal) | 200 T — NP+ P(1 = 20)T)(P(Ho) P+ ) + 1)
—P(Ho)PT(1 — Pp)N*] (3.48)

From (3.45), the first-order derivative of P with 3, i.e., a B is given by
8Pf(5,5*) ans _(E_; - 1>2775Tfs
_— = — -1 z <0. 3.49
)] 83 02 P 2 - (3-49)

Therefore, Py is a monotonically decreasing function of 3.

Based on the above analysis, it is shown in Appendix A that, when 8 — 0, BBPBf — —o0o and hence
Vo(B) — Vi(B)] > 0. Thus, when V5(f3) is close to 0, ézr(l)wEg—ff(m > 0. On the other hand,
when  — 1, and ¢ meets the requirement (D1) stated in lemma 3.1, it is shown in Appendix
A that V() is a decreasing function of /5 and V;(/3) is an increasing function of /3, in the range
Bmin < B < T. Therefore, ‘fmg% is a decreasing function in (3 for 3,,;, < f < 1, given that
Va(5) < 0. Hence, aESSR first increases and then decreases with respect to 5 € (5,in, 1). In other

words, the cost functlon in OP2445 is quasi-concave in 3.

Theorem 3.4 establishes that the objective function is quasi-concave in a given range of
B, and hence techniques such as direct search method, golden search method, bi-section,
Newton—Raphson method, etc. [152—154] can be used to calculate the root of the objective in
OP2,5. Based on the analytic development, a simple search algorithm is proposed to obtain the
optimal values of ¢, 7, 5 and N for the optimization problem in OP1g4y, which is summarized in

Algorithm 2. This completes the analysis of energy efficiency of the SSR scheme.
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Algorithm 2 : Optimizing variables ¢, 3, and N

I: SetPsaPtaTTotahTaNaﬂOaP(HO)ap(Hl)vﬁvad

2. procedure INITIALIZE 3 = By,n = 1/3, P;5% = Pj, EE45,(0) = 0 (,)
3: Initialize { € R such that EEssx(N + 1) — EFEg55(N) < ¢

4: To select optimal ¢, 5, N

5 for do N =1: N4z

6: Calculate ¢ using (3.37)

7: Calculate f3,,;,, using (3.44)
8
9

Compute F'FEggp, using (3.28) with ¢(N) and 5,5, (V)
Go to Step 5 if EEysn(N + 1) — EEsen(N) > ¢

10: Stop iteration and return the optimal
11: Calculate EFgsr(N,e*, %)
12: end for

13: end procedure
14: Return max(F Fsgy) and the corresponding N, *, 5%,

3.5 Numerical Results and Discussion

In this section, the performances of SSR, CCS-AND, and CCS-OR schemes are discussed, in
terms of energy efficiency. MATLAB is used as a simulation tool. The parameter values are fixed
as follows. The target probabilities P; and Py, are fixed to be 0.9 and 0.1, respectively. The
prior probability P(H,) = 0.75. The total frame duration is assumed to be T’,,,, = 200 ms. The
sampling frequency at the local SUs is assumed to be f; = 1 MHz, and the sensing power P, = 0.1
W. The sensing time, 7, and reporting time, r, of CCS scheme is set to 100 us. The achievable rate
of secondary transmission is chosen to be C = log,(1 + SNR;) = 6.6582 bits/sec/Hz, where the
SN R, for the secondary transmission is assumed to be SNR; = 20 dB. The transmission power
of individual sensors, P}, is assumed to be 3 W. The number of users, /V, is set to minimum of 10

following the condition (D1) in lemma 3.1, unless otherwise stated. Also, k. = ¢ = 0.5.

Figure 3.3 shows the variation of EE,(c*,7*, 8, N) and EEgs,(c*, 1", 8, N) vs. /3 for different
values of SNR. It can be observed that all the cost functions are quasi-concave with respect to
B, and that there exists a good match between the actual and approximate cost functions for SSR
in (3.27) and (3.34), respectively. Also, as expected, EE increases as SNR increases. For the
rest of the analysis, we chose number of available SUs, N to be a fixed number for the ease of
analysis. Moreover, we are interested in characterizing the energy efficiency performance for a
fixed value of V. This characterization serves as a corner-case design, for a given value of the

design parameter N.
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Figure 3.4 shows the variation of optimal 3, (5*) as a function of SNR for different values of
N. This curve highlights the fact that the optimal values of 3 are nearly equal for the actual and
approximate energy efficiency for SSR. The decrease in 5* with an increase in SNR is intuitive,
since it results in a better detection performance, which in turn results in better throughput and
hence better efficiency. Therefore, in subsequent discussion, performance analysis is considered

only based on the approximated optimization problem for SSR.

25 T T T T T T T T T

Optimal energy efficiency (bits/Hz/J)

A Approx SSR:SNR=-6dB
0.5 ® Approx SSR:SNR=-8dB
% Approx SSR:SNR=-10dB
e ==== Actual SSR:SSNR=-6dB
= = Actual SSR:SSNR=-8dB
= Actual SSR:SNR=-10dB

O 1 1 1 1 1 1 1 1 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Sensing time allocation factor (3)

Figure 3.3. Variation of EE with § for SSR scheme.
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0.6 T
* Approx SSR:N=10
Approx SSR:N=15
* 0.5 Approx SSR:N=20 4

Actual SSR ::N=10

= = = Actual SSR ::N=15
----- Actual SSR ::N=20

Optimal time allocation factor (3 )

SNR (dB)

Figure 3.4. Variation of the optimal 5 with SNR (dB).
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-4 SNR=-200B
—+— SNR=-18dB
—6— SNR=-16dB

O 1 1 1 1

0.4 0.5 0.6 0.7 0.8 0.9

Probability of detection (P;)

Figure 3.5. Variation of EE with P; for SSR, CCS-AND, and CCS-OR schemes, N = 10.
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In Figure 3.5, the variation of optimal energy efficiency for SSR, CCS-AND and CCS-OR
schemes, with respect to a desired level probability of detection, P is plotted. The condition
(D1) described in lemma 3.1 dictates that N > 10, and hence NN is chosen to be 10. Note that
this small value of /V is fair to the CCS-AND rule, which is known to perform well only for low
N. The performance of all the techniques increase with a decrease in Py, since a lower tolerance
on the probability of miss detection improves the average throughput and energy consumption.
However, the rate of improvement in energy efficiency is rather low for around P; < 0.75. Most

importantly, the SSR scheme outperforms both CCS-OR and CCS-AND schemes.

Next, EE of SSR schemes with respect to the penalty factor ¢ is considered in Figure 3.6. N and
k. are chosen to be N = 13, and k. = 0.5. It is straightforward to see that the energy efficiency
decreases with an increase in ¢. Again, the SSR scheme consistently offers the best performance
in comparison with other schemes. In Figure 3.7 the performance of SSR schemes is plotted for
different values of the partial throughput factor «., for N = 13 and ¢ = 0.5. An increase in partial
throughput factor indicates that the SSR scheme exploits the maximum channel availability time

to enhance the achievable throughput, for a given SNR.

2.2 w x w x w T T '
—y . — -
, __*__; -o--_.___.__‘__ |
.--_* --*'--*-_*__* -._--..--
D) Bain s S ol
5t =i
B T L TOA |
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s | TTmemena. I - P °
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()
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1S
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Y (T I 1
0.8 LR U Y R S b T - T
0.6 - 1 I I 1 L - L

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Penalty factor (¢)

Figure 3.6. Variation of optimal energy efficiency with the penalty factor (¢) and N = 13.
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Figure 3.7. Variation of optimal energy efficiency with partial throughput factor (x.) and N = 13.
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Figure 3.8. Variation of optimal energy efficiency with false alarm probability (Pf) and N = 10.
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Figure 3.8 shows the variation of energy efficiency with the tolerance limit on the false-alarm
probability, P;, with N = 10. As expected, the performance of SSR scheme increase with an
increase in the tolerance limit. As expected, the performance of SSR scheme improves as the SNR

increases.

Figure 3.9 shows the variation of actual and approximate energy efficiency values for SSR scheme
with n, for N = 30. Apart from reiterating on an earlier note that the approximate efficiency is
close to the actual value, this plot also signifies the variation of the performance of SSR with 7 is

monotone, and hence the choice of n* = % is justified.

2.2 T T T

=
[ee]
T

g
o
T

=
N

—k— Actual SSR:SNR=-18dB
= = = Approx SSR:SNR=--18dB | -
—8— Actual SSR: SNR=-15dB
Approx SSR:SNR=-15dB | |

1.2

Optimal energy efficiency (bits/Hz/J)

1 1 1 1 1 1 1 1

0.2
0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

Sensing time allocation factor ( 1)

Figure 3.9. Variation of energy efficiency with sensing time allocation factor () and N = 30.

3.6 Summary

The energy efficiency of superior selective reporting (SSR)-based scheme for spectrum sensing is
considered, and its achievable throughput, energy consumption and energy efficiency is derived.
The energy efficiency maximization for the SSR scheme is formulated as a non-convex, multiple

variable optimization problem, and approximating it to a quasi-concave optimization problem is
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discussed, and showed that this approximation holds with sufficient accuracy. Through numerical
results, it was shown that the energy efficiency achieved by the SSR scheme is larger as compared

to the conventional cooperative sensing schemes based on OR and AND rules.

However, there is an associated disadvantage with the SSR scheme. The scheme demands
cooperation from the other sensors only when the center user declares the licensed band to be
vacant. Otherwise, the center user does not communicate in the data transmission slot of a
given time frame. The gain in energy efficiency in SSR scheme is related to the reduction in
energy consumption; this comes at the expense of achievable throughput. However, in a typical
CRN, achievable throughput may be of higher priority in comparison to the energy consumption.
Therefore, in the next chapter, novel modification on the SSR scheme, termed as the opportunistic
SSR (OSSR) scheme, is proposed which gives priority to spectrum vacant times — and hence,
the achievable throughput — as opposed to the energy consumption. The energy efficiency of the
OSSR scheme is analyzed and the tradeoff between SSR and OSSR is explored, which is the

implicit tradeoff between the throughput and energy consumption, respectively.



Chapter 4

Opportunistic Superior Selective
Reporting Technique for Energy
Efficient Cooperative Spectrum

Sensing

4.1 Introduction

The gain in energy efficiency in SSR scheme discussed in previous chapter is related to reduction
in energy consumption, which comes at the expense of achievable throughput. However, in a
typical CRN, increasing bit rate or achievable throughput may be of higher priority in comparison
to the energy consumption. Therefore, this chapter tackles the balance between the achievable
throughput and energy consumption of selective reporting based cooperative sensing scheme
in CRN by introducing a novel modification on the SSR scheme termed as the opportunistic
SSR (OSSR) scheme which gives priority to spectrum vacant times and hence, the achievable

throughput — as opposed to the energy consumption.

63
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When the center SU decides that the spectrum is vacant, the network uses the licensed bandwidth
for communication. Cooperative sensing is employed when the spectrum is declared to be
occupied, in the hope that the superior sensor declares the spectrum to be available. Therefore, this
greedy technique gives priority to spectrum vacant times — and hence, the achievable throughput
— as opposed to the energy consumption. Note that since the energy efficiency is defined as the
ratio between achievable throughput and energy consumption, both OSSR and SSR schemes are
expected to follow a trend, where the implicit tradeoff is between the throughput and energy
consumption, respectively. This tradeoff is explored and the scenarios where SSR outperforms
OSSR and vice-versa is described. The main contributions of this chapter are summarized as

below.

* A novel variation on the SSR scheme, namely the OSSR scheme, is proposed in this chapter
and its energy efficiency is studied, in terms of the detection threshold, the sensing time
allocation factors and the required number of SUs for cooperation, that satisfies a given

primary user interference constraint.

* The maximization of energy efficiency of OSSR is posed as a multiple variable, non-convex
optimization problem, and the approximations that reduce this problem to a quasi-concave

optimization are discussed. The tightness of the approximation is studied.

* The optimal detection threshold, time allocation factors and the number of SUs required for

cooperation are derived.

* The tradeoff in energy efficiency of SSR and OSSR schemes are referred to the tradeoff

between energy consumption and the achievable throughput of both the schemes.

* Through numerical results, it is shown that the SSR and OSSR schemes outperform
the conventional cooperative sensing (CCS) schemes employing the popular OR and
AND-fusion rules. In particular, it is highlighted that SSR outperforms all the other schemes
in several scenarios and it is shown that minimizing the energy consumption takes a priority

over maximizing the achievable throughput in a CRN, in several scenarios.

The remainder of this chapter is organized as follows. The OSSR scheme is proposed and its

performance is studied in Section 4.2. The energy efficiency formulation, approximations, and
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analysis of the OSSR scheme are presented in Sections 4.3, 4.4 and 4.5. The results and discussion

are presented in Section 4.6 and concluding remarks are provided in Section 4.7.

4.2 Opportunistic Superior Selective Reporting (OSSR)

Scheme

As discussed earlier in the SSR scheme, the cooperation among the SUs is employed (in terms
of the superior SU) when the decision of the center SU favors hypothesis Hy; otherwise, it is
not utilized. Note that the SSR approach, reduces the energy consumption, and is pessimistic.
To elaborate, if the center SU incorrectly declares in favor of H; given the true hypothesis to
be Hy, an opportunity to transmit for a duration of 7., — T, is not exploited, even though it
results in lesser energy consumption. To overcome this disadvantage, a slightly modified version
of the SSR scheme, called the opportunistic SSR (OSSR) scheme is proposed in this chapter. The
system model and the time-slot structure for OSSR remains the same as that of the SSR scheme
(Figure 3.1), with the following change in the strategy. In time slot 7;, the center SU utilizes the
cooperation from the other nodes when it favors H; in contrast to H, in case of SSR, and does
not employ cooperation when it decides in favor of H,. Therefore, in OSSR scheme, emphasis
is on the achievable throughput in contrast to the emphasis on the energy consumption as in SSR
scheme. In other words, the energy efficiency performance of SSR scheme vis-a-vis OSSR scheme

is the tradeoff between achievable throughput and energy consumption.

4.2.1 Performance Analysis of OSSR with Energy Detection

Energy detection (ED) is employed to detect the presence of the PU. In this section, the

performance analysis of energy detection in OSSR schemes is discussed.
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The probabilities of detection and false-alarm for CCS scheme employing OR and AND fusion

rules are respectively given by

N
P =T -Pr)| = 1- (- P, @
i=1
N
CCS,0R __ _ N
P = {1 [Ja- sz)} =1-(1- PV, (4.2)
i=1
and
Pesane = H Pri= (P)" (4.3)
PyOSAND — H Py = (Pu)". (4.4)

The overall detection probability of the CCS scheme is obtained by fixing Py ; to a predefined level.
Similarly, for the SSR scheme, the probabilities of detection and false-alarm are respectively given
by
2N 1
pn- X | T e ILa-m)| =1-a-m. @9
=1 CZECI%' C’m 66

Here ®; is the i possible combination of elements among the total 2"V elements in detection set
®, and @ is the complement of the detection set ®. Now, the overall probability of false-alarm at

the center SU in the SSR scheme is given by [34]
PfSR = PESFR +(1-— PESFR)P]?’%I;"I 4.6)

Similarly, the probability that the center SU, F', correctly receives the decisions from other SUs
C;,i1=1,..., N in favor of H; in T, slot is shown to be
2NV -1
=y [T [Lo-ma]=1-0-re, 2

i=1 =Ced; Cm€d

following which, the final detection probability of SSR can be calculated as [34]

Pyt = P3R4+ (1 — PishPyen (4.8)



Chapter 4. OSSR Technique for Energy Efficient Cooperative Spectrum Sensing 67

Following the analysis similar to the SSR scheme, the probability that F receives an incorrect

decision in favor of H from Cj,, in T, slot for OSSR is obtained as
2N 1
=3 [ e Ia-m0] = 1-a-ma™. o)

=1 Cl [ Cm eg

Now, the overall probability of false-alarm at the center SU in the OSSR scheme is given by
PPt =1 —{(1 = PfE°") + PR (1 = PR } (4.10)

Similarly, the probability that F correctly receives the decisions from other SUs {C;,i = 1,..., N}

in favor of Hg in 7T, slot is shown to be
2N _1
Piet =) { [T a-reen 11 Pd‘?éiR] =1- (1= Pic)™, @.11)
=1 C1ed; Cm66

following which, the final detection probability of OSSR can be calculated as

PPPS = 1= {(1 - PRE) + PRI - PRE} @12

In the next section, the main contributions of this chapter is discussed, i.e., analysis on the
achievable throughput, energy consumption and energy efficiency of the OSSR scheme which

follows the same trend corresponding to the SSR scheme considered in the previous chapter.

4.3 Formulation of Energy Efficiency Optimization for the
OSSR Scheme

As mentioned earlier, energy efficiency is defined as the ratio of average throughput to the average
energy consumption of a CR system [140, 148]. In the following, the details on the average
throughput, average energy consumption for the CR network with OSSR scheme is described and
later the governing optimization problem of designing 7, 5 and N is provided such that the energy

efficiency is maximized.
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Table 4.1. Energy consumption and throughput achieved by the OSSR for different scenarios

Scenario Energy(joules) Throughput(bits/Hz)
P(H,) P7" Pféﬁf P, Ty+N P, T} 0

P(H,y) POSSRPJ‘?gSlR P, Ty+N P, T} —¢C(Trotar — BT)
P(Hl) ( POSSR) Ps TO + Pt(TTotal - TO) HCC(TTotal - TO)
P(H1> POSSR (1 POSSR) Ps TO+N Ps T1+PtT2 + ]Dt(TTotal - BT) KCC(TTotal - BT)
P(Ho) (1 — PPE") Py Ty + P(Trota — To) C(Trotar — To)
P(HO)(POSSR) (1 - P]?331R) Ps TO+N Ps T1+PtT2 + Pt(TTotal - ﬁT) C<TTotal - 6T)

In a CR network with OSSR scheme, the average throughput achievable depends on the

communication between PU and SUs, and is categorized into four scenarios elaborated below.

S1. The first scenario corresponds to the case when PU is present, and the network correctly
identifies its presence. This case corresponds to the situation where the decision is in favour
of H; is made at the end of time slot 7; (i.e., by the center SU), and as a result it seeks
cooperation from the other nodes, where node Cy,,, will also make a correct decision that
the PU is present at the end of slot 7,, which occurs with probability P(H,) Pyz*" Py
Observe that in this scenario, the SU do not transmit data and the throughput achieved is

Z€10.

S2. The second scenario covers the case when PU is absent but incorrectly declared as present
by the network. This case corresponds to the situation where the the center SU make a false
alarm, which favours #; at the end of time slot 7; by the center SU, and again it seeks
cooperation from the other nodes, where node C,,;, will also make an incorrect decision that
the PU is present at the end of slot 7>, which occurs with probability P(Ho) Py P
Since the CR network misses a transmission opportunity, the throughput achieved in this

case is given by —¢C(Tr.... — 1), where ¢ is a suitably chosen penalty factor [149].

S3. The third case corresponds to the scenario when both center SU and the node C,,, make
incorrect decision that the PU is absent, when it is actually present. This case can be further
divided in to two cases which corresponds to the situation where the decision in favour of
H, is made at the end of slot 7’ by the center SU, which occurs with the probability
P(H,) (1— Pg3") and in the case when center SU correctly declares 1, but the node Cy,
incorrectly declares H, with the probability P(H,) Pyp*" (1-Pg¢"). However, even when
this is the case, a partial throughput of x.C(7%.,, — 87") units can still be achieved for some

0< k. <1.
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S4. The last case corresponds to where the achievable throughput is maximum. Again this case
has two sub-cases. The first case corresponds to the situation where the center SU make a
correct decision of absence of PU which occurs with probaility P(H,) (1 — PP3*"). The
second case corresponds to the situation where although center SU incorrectly declares the
presence of PU, the node Cj,, correctly declares the spectrum to be empty. This covers the
situation when the PU is absent and both center SU and C,,,, makes correct decisions, which
occurs with probability P(Ho)(Pf3*") (1 — PP¢s). In this case, the average throughput for
the duration of T7.,,, — 87 is denoted as C(T%.,., — 57') units, where C denotes the average

data rate of SU transmission.

4.4 Energy Efficiency Analysis for the OSSR Scheme

Similar to the analysis in SSR, the achievable throughput and the energy consumption of the OSSR
scheme can be divided into various scenarios, as detailed in Table. 4.1. It can be shown that the

equations for the average throughput and energy consumption for OSSR are given by

Rossu(e: 8, N) = C(Tra = To) { P(H1) (1 = PLE")ric + P(Ho) (1 = PRE"))}
+ C(Troa — BT) {P(H1) P (1 — Py ke + P(Ho) PR3 (1 — PEETT)
—OPHo) PP Prey'} (4.13)
Eossul(e,n, 8, N) = BT, + NPTy { P(H1) PY55" + P(Ho) P3e"
+ [BT2 + PilToar = BT{P(HOFLE"(L = PYE) + P(Ho)(PPE)}

(1= PSS + PThopat — To) {1 + P(H2)PS" — P(Ho)POE") . (4.14)

Recall that P; and P; denote the power required for each SU node for sensing and transmission,
respectively. The energy consumption and average throughput for the OSSR scheme across all the

scenarios mentioned are listed in Table 4.1.

The energy efficiency for the OSSR scheme is given by

ROSSR(5; 1, f, N)
EOSSR(€7 n, 3, N)

EEOSSR(gvnvﬂa N) = (415)



Chapter 4. OSSR Technique for Energy Efficient Cooperative Spectrum Sensing 70

Now, the energy efficiency optimization problem governing the OSSR scheme is given by

OPossr: max — EEosse(e,n, 5, N) (4.16)
(P;;ssa, <P,
Py > By
st €0<B<1, “4.17)
0<n<1/3,
|1 <N < N,

for some 0 < P; < Py < 1. Yet again, the above mentioned optimization problem is non-convex,
and for the ease of analysis, the cost function of the above problem as in the SSR case is

approximated. The details are provided in the next section.

4.5 Approximation and Problem Reformulation

Using the same set of assumptions as in the SSR case, the approximate throughput for OSSR

scheme can be written as

ROSSR(Ea 0,8, N) = C(Trora — To) {P(HO)<1 - PE%SR)} + C(Trorar — BT)
{P(Ha)PZ5 (L~ PESST) — 6P(H)PLF" PRELY @.18)

Assuming that PPz°" = PP = Py,

Further simplification gives

ROSSR(Ea 10,8, N) = C(Trorar — To) {P(Ho)(1 — Pp)} + C(Trora — BT)
{P(Ho)Pr(—=¢+ (0 + 1)1 — PN} (4.19)
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Similarly approximate EO ssr €an be written as

EOSSR(ev n, 3, N) ~ PT, + NPsTl[P(Hl)PdO,JiSR + P(Ho)Pﬁ}quR]
+ BT + PiTrow — BT)][P(Ho) Pi7 (1 — PFE)]

+ Pt(TTotu,l - TO)[l - P(Hl)PdO,;SR - P(HO)P]“O,;‘SR:I

Assuming that PP3°" = PPe°" = Py, and PP = PP = Py,

Further approximation gives

EOSSR(€7 T],ﬁ, N) =~ PSTO + NPsTl[P<H1>Pd —+ P(Ho)Pf]
+ [PtT2 + Pt(TTotal - ﬁT)][P<,H0>Pf(1 - Pf)N]

+ P(Troa — To)[1 = P(H1) Py — P(Ho) Pyl.

Finally, the approximate energy efficiency can be written as

~ R N
EEOSSR<5>777ﬂ,N) ~ ~OSSR<8777767 )

EOSSR(€7 n, 3, N) 7

and the optimization problem OP,s can be reformulated as

~ R N
OPlossy : max EEOSSR(E,H,B,N) — NOSSR(&%B, )

en,B8,N EOSSR(ga B, , N)

;

PfOSSR S Ff,

pyssn > By,
S.t. 0< 5 <1,

0<n<1/3,

1 < N < Naa,

(4.20)

4.21)

(4.22)

(4.23)

(4.24)

The following theorem gives the optimal detection threshold that maximizes the objective function
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Theorem 4.1. The constraint Py%% > P, in the optimization problem OP1, sy is satisfied with

equality. Consequently, the optimal detection threshold is given by

2v + 1 P,
RREVo N YL (4.25)

* 2
=0 |(v+1)+
( ) nBT fs N

Proof. See Appendix B.

Now, by similar arguments used in the SSR case in the previous chapter, it can be shown that it is
sufficient to choose the detection threshold such that the constraint Py*%% > P, is satisfied with
equality. Since

Pof =Py = Pa{1 — [1 = P}, (4.26)

the expression for the optimal detection threshold €* can be obtained directly.

Following the above result, the problem OP1,55x can be simplified in to OP2,55x as given by

OP2ossr : EE%%XN E~EOSSR(5*7 B,m, N) (4.27)
r
PJQSSR < ?f’
0<p<,
S.t. (4.28)
0<n<1/3,
L 1 <N < Noga-

For the OSSR case, it is not straightforward to obtain closed form expression for M%%, and
therefore, the optimal values 5* and n* have to be numerically calculated. However, similar to the

case of SSR scheme, [3,,,;, has a closed form expression and is given by

2

_ 1 L[ [P
Bmin = (j—’;—l)(x/W)Q \/; (4.29)
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Based on the analytic development, search algorithm use in SSR scheme is used here to obtain the
optimal values of €, 1, 5 and N for the optimization problem in OP1,55z, Which is summarized

in Algorithm 3.

Algorithm 3 : Optimizing variables ¢, 3, and N

1: Set PsaPtaTTotalaTaNaﬂOaP(HO)ap(Hl%?f)Fd

2: procedure INITIALIZE 3 = By, n = 1/3, P95 = Py EE55:(0) = 0 (,)
3: Initialize ( € R such that EFEog5x(N + 1) — EEo55r(N) < ¢

4: To select optimal ¢, 5, N

5 for do N =1: N,

6: Calculate € using (4.25)

7: Calculate f3,,;,, using (4.29)
8
9

Compute F'Eqgsp, using (4.16) with e(N) and S, (V)

10: Stop iteration and return the optimal
11: Calculate EEOSS’R(N7 6*,/3*)
12: end for

13: end procedure
14: Return max(F Eyssy) and the corresponding N, *, 57,

4.6 Numerical Results and Discussion: SSR vs. OSSR

In this section, the performances of OSSR in terms of energy efficiency is discussed and compared
with that of SSR scheme analyzed in the previous chapter and the CCS schemes such as
AND-based CCS, and OR-based CCS schemes, in terms of energy efficiency. MATLAB is
used as a simulation tool. The parameter values are fixed as follows. The target probability of
detection, P;, and false-alarm probability, ?f was chosen to be 0.9 and 0.1, respectively. The prior
probabilities P(H,) and P(#H;) was set to 0.75 and 0.25, respectively. The total frame duration
was assumed to be T’,,, = 200 ms. The sampling frequency at the local SUs was assumed to be
fs = 1 MHz, and the sensing power P; = 0.1 W. The sensing time, 7, and reporting time, r, of
CSS scheme was set to 100 ps. The achievable rate of secondary transmission was chosen to be
C = log,(1 + SNR;) = 6.6582 bits/sec/Hz, where the SN R; for the secondary transmission was
assumed to be SNR; = 20 dB. The transmission power of individual sensors, F;, was assumed
to be 3 W. The number of available users, N, was set to minimum of 10 following the condition
(D1) in lemma 3.1, unless otherwise stated. Also, the partial throughput factor, x., and the penalty

factor, ¢, was set to be 0.5 each.
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Figure 4.1. Variation of energy efficiency with 3 for SSR and OSSR schemes.

Figure 4.1 shows the variation of £ Esg,(*, n*, 5, N), ENESSR(E*, n*, B8, N), EEossr(e*, 1%, 5, N)
and FE,qq r(e%,n*, B, N) versus [ for different values of SNR. N is set as 10. It can be
observed that all the cost functions are quasi-concave with respect to (3, and the good match
between the actual and approximation cost functions for SSR in (3.27) and (3.34), respectively, and
those corresponding to OSSR validate the argument of considering the optimization of functions
EEgsn(e*,n*, B, N) and EEossr(c*,n*, 3, N). Also, as expected, the energy efficiency in all
cases increases with an increase in SNR. For the rest of the analysis, we chose number of available
SUs, N to be a fixed number for the ease of analysis. Moreover, we are interested in characterizing
the energy efficiency performance for a fixed value of N. This characterization serves as a

corner-case design, for a given value of the design parameter N.



Chapter 4. OSSR Technique for Energy Efficient Cooperative Spectrum Sensing 75

0.6

*

S04 .
g OSSR scheme
c SSR scheme
So .
B N
8 — Actual :N=10
© - = N=15
]
£ 0 ———=N=20 .
= Y Approx :N=10
@® N=15
0.1 A N=20 ]

-10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0
SNR (dB)

Figure 4.2. Variation of the optimal sensing time allocation factor () with SNR (dB).

Figure 4.2 shows the variation of %, the optimal (3, as a function of SNR for different values
of N. This curve highlights the fact that the optimal values of § are nearly equal for the actual
and approximate energy efficiency for both SSR and OSSR. The decrease in §* with an increase
in SNR is intuitive, since it results in a better detection performance, which in turn results in
better throughput and better efficiency. From Figures. 4.1 and 4.2, the performance analysis
was considered only based on the approximated optimization problems for SSR and OSSR for

subsequent discussions.
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Figure 4.3. Variation of optimal energy efficiency with the penalty factor (¢) and N = 13.
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Figure 4.4. Variation of optimal energy efficiency with partial throughput factor (x.) and N = 13.
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Next, the performance of all the schemes with respect to the penalty factor ¢ is considered in Figure
4.3. N is chosen to be 13, and x. = 0.5. It is evident that the energy efficiency decreases with an
increase in ¢, across all schemes. Again, the SSR scheme consistently offers the best performance
in comparison with other schemes. However, the situation depicted in Figure 4.4 favors OSSR,
where the performance of all the schemes are plotted for different values of the partial throughput
factor k., for N = 13 and ¢ = 0.5. Since the OSSR scheme exploits the channel availability time
to enhance the achievable throughput, for a given SNR, there exists a nontrivial . above which
OSSR outperforms SSR as well as the other schemes. Note that the improvement in the efficiency
of the CCS-AND rule is due to the fact that it saves largely on energy consumption with a reduced

throughput.
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Figure 4.5. Variation of optimal energy efficiency with false alarm probability (Pf) and N = 10.



Chapter 4. OSSR Technique for Energy Efficient Cooperative Spectrum Sensing 78

Optimal energy efficiency (bitsHz/J)

0.8 F = = Approx: SNR=--18dB| |
— Approx: SNR=-15dB
0.6 i % Actual :SNR=-18dB A

@® Approx::SNR=-15dB

02 1 1 1 1 1 1 1 1
0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

Sensing time allocation factor ()

Figure 4.6. Variation of energy efficiency with sensing time allocation factor () and N = 30.

Figure 4.5 shows the variation of energy efficiency with the tolerance limit on the false-alarm
probability, P;, with N = 10. As expected, the performance of all schemes increase with an
increase in the tolerance limit. The SSR scheme performs the best as the SNR increases. At
low SNRs, OSSR outperforms SSR, but offers no significant gain as SNR increases. The CCS
methods also do not offer significant performance gain with SNRs, but outperform both SSR and
OSSR schemes for low values of P;. This increase in energy efficiency is due to the saving in

energy consumption.

Figure 4.6 shows the variation of actual and approximate energy efficiency values for SSR and
OSSR schemes with 7, for N = 30. Apart from reiterating on an earlier note that the approximate
efficiency is close to the actual value, this plot also signifies the following. The variation of the
performance of SSR with 7 is monotone, and hence the choice of n* = % is justified. However, it
can be observed that n* for OSSR can be arbitrary, and has to be chosen as n* = max{n*, 1/3} to

ensure the non-negativity of time slots 7;, 7', and 75,.
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Finally, the tradeoff between the optimal performances of SSR and OSSR schemes are discussed.
The achievable throughput and energy consumption for the optimal €*, n*, and N on both SSR
and OSSR schemes with respect to parameter § are shown in Figures. 4.7 and 4.8, respectively.
For each value of SNR, as expected, the OSSR scheme yields a larger throughput, at the expense
of larger energy consumption, as opposed to the SSR scheme which saves the consumed energy at

the loss of throughput.
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Figure 4.9. Variation of achievable throughput with detection probability (P ) and N = 30.

A similar trend can be seen in Figures. 4.9 and 4.10, where the throughput and energy consumption
performance comparison is carried out for different values of P,. Interestingly, the throughput
reduction and an increase in energy saving occurs at a faster rate in SSR as opposed to
OSSR. Based on these trends, one would expect that the energy efficiency performance of
both the schemes to be comparable in many cases. However, as seen in the previous plots
(Figures. 4.3-4.6), the SSR scheme outperforms OSSR in many scenarios. This indicates that the
energy consumption gets a larger priority in a CRN, as opposed to the achievable throughput. In

other words, in the scenarios such as green cognitive radio communication systems, SSR scheme
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is a better choice. However, in the scenarios where the saving of sensing and transmission energy

is not a main concern, OSSR scheme could be employed.
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Figure 4.10. Variation of optimal energy consumption with detection probability (P f)and N =
30.

4.7 Summary

A variant of the SSR scheme called the opportunistic superior selective reporting (OSSR) scheme
was proposed, and its energy efficiency analysis was carried out. Through numerical results, it
was shown that the SSR and OSSR techniques outperform the conventional AND and OR fusion
rule-based energy efficient schemes, and discussed the regimes where OSSR is preferred over
SSR and vice-versa, in terms of the energy efficiency. It is shown that the trade off between the
performances of SSR and OSSR schemes is the implicit trade off between the energy consumption
and average throughput. Moreover, it is shown that the SSR scheme outperforms OSSR scheme
in many scenarios. This indicates that the energy consumption gets a larger priority in a CRN, as

opposed to the achievable throughput and therefore, in the scenarios such as green cognitive radio
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systems, SSR scheme is a better choice. However, in the scenarios where the saving of sensing

and transmission energy is not a main concern, OSSR scheme could be employed.

Another possibility of introducing energy efficiency in CCS is by optimally assigning a subset
of nodes for spectrum sensing for a given PU channel. Therefore, it is beneficial to find optimal
subset of nodes for spectrum sensing especially in energy constrained multichannel heterogeneous
cognitive radio sensor network (HCRWSN). Towards this end in the next chapter, the performance
of a multichannel heterogeneous cognitive radio network which employs energy harvesting nodes

is analyzed and their relative advantages and tradeoffs are discussed.



Chapter 5

Throughput Efficient Selective
Reporting based Spectrum Sensing
in Heterogeneous Cognitive Radio
Networks with Energy Harvesting
Nodes

5.1 Introduction

Heterogeneous wireless sensor networks (HWSN) are envisioned to tailor the recent growth of
wireless data services [155],[156]. With vastly increasing wireless traffic demands, realization of
HWSN suffers from disadvantages such as drastic interference [115], which affects its spectral
efficiency. A heuristic solution to mitigate this problem is to integrate the cognitive radio (CR)
technology [2] with HWSN [116], collectively termed as heterogeneous cognitive radio wireless
sensor networks (HCRWSN) [117]. In an HCRWSN, the deployed sensors periodically scan a

primary user (PU) spectrum to detect the availability of vacant channels and the network assigns

83
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data transmission over them, while guaranteeing a given PU interference level [118]. However,
the periodic sensing increases the energy consumption, which is a critical issue in battery operated
sensor networks. Thus energy harvesting (EH) is considered as one of the effective approaches
for improving the energy efficiency of WSNs. EH-enabled sensors can harvest energy from either
radio signals or ambient energy sources which enable them to operate continuously without battery
replacement. Since spectrum sensors perform spectrum scanning at a much higher rate than data
sensing which depletes the battery energy much faster than the data sensors, the average energy
efficiency can be improved by using energy harvested spectrum sensors. Therefore, an HCRWSN
with energy harvesting (EH) spectrum sensors [119] has been proposed to enhance both spectrum

and energy efficiencies [77],[78],[791,[80].

In this chapter, an analysis on the throughput performance of an SSR-based, multi-channel
HCRWSN is presented, and an optimization problem that maximizes the average achievable
throughput is formulated to find the best sensor-to-channel assignment vector, subject to energy
harvesting and interference constraints. Throughput analysis of a multi-channel HCRWSN,

utilizing the SSR-based scheme has not been considered earlier in the literature.

The main contributions of this chapter are summarized as below.

* The average achievable throughput of an SSR-based, multi-channel HCRWSN is analyzed

in terms of channel available time and detection accuracy.

* The problem of finding an optimal set of spectrum sensors scheduled for spectrum sensing
for each channel such that the average network throughput is maximized, is formulated and
solved by employing the cross entropy (CE) algorithm. The advantages of the CE algorithm

in contrast to the exhaustive search algorithm, and a greedy algorithm are established.

* Through numerical results, it is shown that as the number of sensors increases, the
SSR-based scheme outperforms the optimal CCS scheme in terms of average achievable

throughput.

* A tradeoff between the average achievable throughput of SSR and CCS schemes is studied,
which is the inherent tradeoff between the channel available time and detection accuracy.
In other words, it is shown that as the number of spectrum sensors increases, the channel

available time gets a larger priority in a HCRWSN than the detection accuracy.
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The remainder of this chapter is organized as follows. The system model for multi-channel
HCRWSN employing the SSR scheme is presented in Section 5.2. The spectrum sensor scheduling
problem that maximizes the average achievable throughput for the SSR scheme is formulated and
analyzed in Section 5.3. The results and discussions are presented in Section 5.4, and conclusions

are provided in Section 5.5.

5.2 System Model

@y A . =
. A Energy harvesting Battery enabled
Primary user Primary user enabled spectrum sink data sensors
receiver

base station sensors

Figure 5.1. System model of the HCRWSN.

Consider a heterogeneous cognitive radio wireless sensor network (HCRWSN) with the following
three types of nodes: M EH-enabled spectrum sensors, N battery powered data sensors and
a sink or a fusion center, FC [117] as shown in Figure 5.1. It is assumed that the PUs are
distributed within the coverage area of the HCRWSN. The licensed spectrum is divided into K
non-overlapping channels of equal bandwidth WW. The data sensors utilize the vacant channels
declared by the spectrum sensors, on a priority basis. The FC controls the scheduling of both the
spectrum sensors and data sensors. The scheduling of spectrum sensors is considered in this work.
The set of spectrum sensors for each channel is assigned using the cross entropy (CE) algorithm,
as discussed in [117]. It is assumed that each spectrum sensor can sense multiple orthogonal

channels simultaneously [157, 158]. For cooperation in sensing, the superior selective reporting
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(SSR) scheme [34] is used, which is explained in the next section. Later, the sink assigns the

available channels to the data sensors for data transmission.
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Figure 5.2. Frame structure of the HCRWSN for (a) CCS scheme and (b) SSR scheme.
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The frame structure of HCRWSN is as shown in Figure 5.2. Periodic sensing is carried out with
a frame period of 7', seconds. Each frame duration is divided into two phases, namely, sensing
phase and data transmission phase, given by 7, and 7’,,, — 7, units, respectively. In the sensing
duration 7,, a preassigned optimal subset of the A spectrum sensors, denoted by M*), k =
1,2,..., K, simultaneously sense the presence of PU for a time t,, and one among these M %)
sensors is selected based on their SNR to report its decision to the sink during reporting time slot
t,, corresponding to each channel. The advantage of employing the SSR scheme is that it increases
the throughput and reduces the sensing overhead, when compared to conventional cooperative
sensing (CCS) scheme using the OR rule [92]. Meanwhile, the data sensors collect information,
and when the sink identifies all the available channels, the data sensors transmit data by utilizing

all the available channels in the data transmission phase for a duration 77.,,,, — 7.

5.2.1 Conventional Cooperative Sensing (CCS) Scheme

Conventional cooperative sensing (CCS) scheme is a common technique employed during the
sensing phase for a duration of ¢ seconds, where a set of spectrum sensors are assigned to sense
k™ channel for sensing. Subsequently, the remaining duration of the sensing time, that is 7, — t,,
is further divided into M *) sub-slots for the transmission of the individual decisions by the nodes
{Mr(f),m = 1,...,M, k = 1,..., K} to the sink (fusion center) [139—-141]. To save on the
sensing overhead, it is assumed that each sensor transmits a one-bit decision over a dedicated,
error free channel. Therefore, as shown in Figure 5.2(a), the sensing duration adds to a total of
7, = ts + M®¢, units, where ¢, denotes the reporting time-duration of each sub-slots. Hence, the
sensing time 7, increases linearly with M (k) which decreases the channel available time and hence
the average achievable throughput. At the end of time slot 75, the sink collects the sensing results
from all the scheduled spectrum sensors and combines these decisions by using a suitable fusion
rule such as the AND rule [142], OR rule [143] or the L-out-of-M rule [144], and estimates the
availability of the channels. In this work, the L-out-of-M rule is considered, since it is known to
be Bayesian optimal [159]. The sensing duration of CCS scheme increases with M/ (®). To reduce
the sensing overhead, a selective reporting based cooperative spectrum sensing scheme, namely

superior selective reporting (SSR) scheme has been proposed [34], which is briefly explained next.
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5.2.2 Superior Selective Reporting (SSR)-Based Sensing Scheme

The SSR scheme, originally proposed in [34], has multiple advantages over the CCS scheme that
employs the OR rule, as the sink receives the decision only from the superior sensor, denoted
by Mﬁfj% = arg max ('me\hMm, FCP), m = 1,..., M, which is selected based on the received
SNR betweerjl\{[ﬂli(blgC and sensors across all sensors. The set of spectrum sensors M (*) that detect
the presence of PU constitute a detection set ®;, & = 1,..., K. Each sensor {M,, € ®,} sets
off a timer at the end of sensing phase, with each initial values {T,,, M,, € ®,} set inversely
proportional to its received SNR vy, |hy., rc|? [34], where 7, and h,,, » denote the SNR
and the fading coefficient of the channel from the FC to M,,,, m = 1,..., M, respectively, i.e.,
T = 1t/ (Yar, |Poass, re ]2), for some 1 € RT. The sensor with highest SNR, termed as the superior
sensor, exhausts its timer first and reports to the FC. Hence, only the superior sensor sends its local
decision to sink in time slot ¢, by transmitting a short duration flag packet, signaling its presence.

All other sensors, waiting for their timer to expire, back off immediately as soon as they hear this

flag packet[146].

5.2.3 Performance Analysis with Energy Detection

As mentioned earlier, energy detector (ED) is employed in this work to detect the presence of the
PU. In this section, the performance analysis of energy detection strategies that employ CCS and

SSR schemes are discussed.

5.2.3.1 CCS Scheme

For the CCS scheme, probabilities of signal detection and false-alarm at m™ sensor sensing k"

channel are given by [117]

Py(m, k) = Q( £ 1) \/U) 2P, (5.1)

Pa(m, k) = Q (Q_l(?f) - ﬁ”’”‘“) , (5.2)
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where ()(-) is the complementary CDF of the standard Gaussian distribution, and +,,, denotes the
received SNR from the PU at the k™ channel by the m™ sensor. U is the average number of samples
of the received signal at the m™ spectrum sensors on the £ channel. The PU signal is assumed to
be a complex-valued PSK signal and the noise is circularly symmetric complex Gaussian with zero
mean and variance o2 [160]. Without loss of generality, the detection threshold ¢ is set to be the
same for all the sensors. The overall probabilities of false-alarm and detection at the k" channel

for the CCS scheme [140] is obtained by fixing P;(m, k) to a predefined level P; € (0,1), as

M (k)
M k) ®_,
6= 3 (M) Prtm (1 = Pytm, 1)
K)
)

(k)
=D, (Mn >7<1—E>M“)—” (5.3)

(#) )
G (k) = Z (Mnk )Pd(m, kE)(1 — Py(m, k;))M< )—n (5.4)

where the total number of cooperating sensors for sensing k™ channel is M/ *), and the value of L

determines the fusion rule used. The optimum value of L is given by [159]

P(Ho) VG 1—Py(m,k)
L(k) . M(k) lOg (1—P(£io)> + ( )log < mem,k:) )
min ,

ot L Pu(mk)\ (1=Ps(mk) ’
o { () (k) |
where only those P;(m, k) and P,,(m, k) values for m € M® are used to evaluate (5.5) for

eachk = 1,..., K. If L™ is chosen as either M*), 1 or [M®*) /2], the L-out-of-M rule reduces

(5.5)

to the AND, OR or Majority fusion rules, respectively. As mentioned previously, the optimum
fusion rule with L as given in (5.5) is considered. However, for a comparative study, the CCS
scheme with AND and OR rules are considered later, which have their associated advantages and

disadvantages [26, 143].
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5.2.3.2 SSR Scheme

The method of choosing the superior SU and calculating the received SNR is followed as described
in [34, 92]. The probabilities of false-alarm, G(k), and signal detection, G4(k), at the FC are

given, respectively, as [147]

2]\/[<k) 1

Gy(k) = Z { H pyer H(1 — Pﬁéffn)] (5.6)

Jj=1 meq)j,k megjyk

= 1—(1-P)M®¥, (5.7)
M (k)

Ga(k) = 1= T (1= Pa(m, k)", (5.8)
m=1

Here, @, is the j™ nonempty sub-collection of detection set @y, and Ej’k is the complement
of ®;;. In contrast to the optimal CCS scheme with L-out-of-M fusion rule, the advantage of
the SSR scheme is in saving the reporting time ¢,, which increases the channel available time
for data transmission vide Figure 5.2, and thereby improving the average achievable throughput
for secondary transmission over the k™ channel. Next, the main contribution of this chapter is
considered, i.e., an optimization problem is formulated for finding the best subset of spectrum
sensors per channel, M*), to maximize the network throughput for a given PU interference

constraint.

5.3 Problem Formulation: Optimal Scheduling

The average number of bits transmitted by the data sensors across all K channels in one time
duration is defined as the average achievable throughput of a HCRWSN [117]. Consider a
sensor-to-channel assignment matrix J € {0, 1}M*%_ Let the (m, k)™ element [J],. 1, m =
1,...,M, k =1,..., K of 1 indicate that the sensor m is scheduled for spectrum sensing for
channel %, and 0 otherwise. This work aims to find the optimal J that maximizes the average
throughput in the considered HCRWSN. The average achievable throughput depends on the
available time for data transmission, probability that favors the inactive state of PU, P(H,)™®,

of the k™ channel, P;(m, k), Py(m, k), and the channel capacity, C. The PU dynamics over each
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channel is modeled as a stationary exponential ON-OFF random process [117], with the average
available time of the k" channel being the product of stay-over time and the stationary probability.
Let 702 = 1/A% and ). = 1/A") be the average values of the stay-over time of the ON state
and OFF state of &™ channel respectively, where )\ék) denotes the transition rate from the ON state
to OFF state on the k™ channel and )\§k) denotes the transition rate in the opposite direction. The

stationary probabilities of the ON and OFF states of PU on each channel are given by [117]
(5.9)
The average achievable network throughput under four possible scenarios are as listed as below.

S1. In this scenario, the spectrum sensors successfully detect the absence of PUs with
probability P(Ho)* (1 — G;(k)). The throughput for this scenario is expressed as
P(Ho)® [1— pf}zﬁf:l[«f]m,k
I ékg SR ck) (Troras — Ts), Where [ cEka)' < 18 a binary variable introduced as a constraint to satisfy

the PU protection requirement are respectively, defined as

*) 1 if 1 — Gg(k) < PMy,,
lissr = (5.10)

0 otherwise.

Similarly, the throughput for the CCS case can be obtained for this scenario (Table 5.1) via

the corresponding indicator function defined as:

1 if1— G5 (k) < PMuy,
I¥es = (5.11)

0 otherwise.

That is, in both cases, if the probability of miss of the k' channel exceeds a predefined
threshold P M, € (0, 1), the decision is said to be unreliable for communication over the

k" channel.

S2. Here, the sensors correctly detect the PU as active, with probability P(H;)*) G 4(k), which

results in no throughput. Similarly, no throughput can be achieved in the CCS case.
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S3. In this scenario, the sensors falsely detect the PU to be present, with probability
P(Ho)® Gy (k). Here, since the CR network misses a transmission opportunity, the
throughput achieved is given by P(H,)® [1 —(1— Ff)Zﬁf:l[J]m,k] I(%SR CR) (T —

75)(—¢), where ¢ € (0,1) is a suitably chosen penalty factor.

S4. In this scenario, the sensors make an incorrect decision that the PU is absent, with probability
P(H1)® (1 — G4(k)). The network causes interference to the PU, with a partial throughput
of & P(Hy)®) [1 = Py(m, k)| =m=rPlms 18 ¢®) (T, — 7,), with some & € (0, 1).

The throughput achieved due to the CCS and SSR schemes across all the scenarios are listed in

Table . 5.1. Following these cases, average achievable throughput of the SSR scheme is given by:

K M
S L,
Rssr = Z{P(Ho)(’“>[1—Pf}m—1 " pP(Ho)®
k=1
)
ll—ﬂ—ﬁf)ml | P (H,)®
)
[1=Py(m, k)= ™" ff} 16 p €O (D), (5.12)

for some 0 < k < 1, and ¢ > 0. On the other hand, the average achievable throughput for the

CCS scheme vide Table. 5.1 is given by
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For the spectrum sensor scheduling problem, the constraints are set related to the energy harvesting
(EH) dynamics to facilitate the sustainability of the sensors. In a given frame 7’,,,,, the energy
consumption of each sensor should not exceed the EH rate, i.e., ( Zle [J ]m,k)eS < O, Trorar Y,
where 0,, is the EH rate. Now, the problem to find the optimum J that maximizes Rgsr can be

formulated as follows:

OPssr : mj,mx Rgsr (5.13)

K
—Jm7 esg(smTotaavm
St (X Ulmsr) ol (5.14)

J]me =10,1}, Vm,k

Similarly, the throughput optimization problem governing the CCS scheme is given by

OPCCS . HlJaX RCCS’ (5.15)

K
1 Jmk)es < 0m Trowa, Ym
St (X Ulms) (5.16)

Jme =10,1}, Vm,k

From (5.12), it is clear that as more channels are assigned to a given set of sensors, i.e., as

Z,{;l[J]m’k increases, the value of (1 — ﬁf)zf‘,le[ﬂm,k decreases, and [;ssp tends to unity.

M
m=11J]

Therefore, there is a tradeoff between the values of (1 — Pf)Z =1lmk and Iissr. As a
consequence, as M increases, there exist a tradeoff between the detection accuracy and the
channel available time, which affects the average achievable throughput of the network. The
optimization problem OP .s and OPgqy, are integer programming problem, that can be solved

IMK alements

by using exhaustive search method. However, this leads to a search space of
which are computationally expensive. Hence, the cross entropy (CE) algorithm is applied as
discussed in [117]. Therefore, the problem OP 4, is transformed into the following unconstrained

optimization problem, by applying a penalty of w € R* for violating any of the constraints [117]:

K
Z [‘]]m,kes >6mTTotal

Inle Rggp — wl
(&

) (5.17)
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The unconstrained optimization problem for CCS case can be written as

max Rocos — w]< X ) (5.18)

Z [J]m,kes >6mTTotal
k=1

where () is the indicator function. When the solution violates the constraints, the objective
function evaluates to a negative value, which is discarded. The CE algorithm is implemented
as discussed below [117]. Initially, the iteration counter is set as i = 110 i, € Z". Let C
be the set of all possible K-dimensional binary vectors, with |C| = 2%. To begin with, the
row vectors of J are drawn from the matrix C. Now, Z samples of channel matrix, defined as
VE =vi 1 <m< MceC,z=1,...,7 of size M x 2K, Here, v7\. denotes the c
column vector or V*). These column vectors are generated based on a probability mass function
(PMF) matrix Q) = q%),c, 1 <m < M,c € C, where qgﬁ),c denotes the probability vector that
the sensor m is scheduled to sense the channel £ in vector C. Now, the cost function in (5.17)
is calculated for each sample z, and arrange them in descending order.p (0 < p < 1) fraction
of sorted objective function values OPS;?R are retained and all other values are discarded. Let
the smallest chosen value of the objective function be 7, corresponding to the index [pZ]. In
each step, the PMF matrix is updated as q,(ﬂ:l) = %

after 7., iterations, and the resultant V(® is selected to map the solution, i.e., the optimal J.

. The algorithm is stopped

To summarize, each iteration of the CE algorithm consists of the steps described in Algorithm 4.

Similar procedure is carried out to evaluate the optimal J for the CCS scheme.

5.4 Results and Discussion

In this section, the performance of SSR-based sensing scheme in HCRWSN is discussed in terms
of average achievable throughput, and compare its performance with the CCS scheme following
the L-out-of-M rule, with an optimum L chosen as in [159]. We evaluate the performance of
the CE algorithm in the spectrum-sensing phase through performing simulations using MATLAB.
The parameter values are set as mentioned in Table. 5.2. The sensors are randomly placed in a
circular area where the primary user coexists. The channel gain from PU transmitter to the sensor

is calculated as 1/ D%, where D is the distance between PU and the spectrum sensors and « is the
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Algorithm 4 : Cross Entropy (CE) algorithm

1: procedure INITIALIZATION
2: Step 1:

3 fori< 1107, do

4 Qe = 1/|C| = 1/2%
5: forz< 1toZdo

6: Step 2: Generate Z samples of matix V) based on PMF matix Q¥ = ¢'%.
7: end for

8: Step 3:

9: forz< 1toZdo

10: Calculate the Objective function in (5.17) OP(SZS)R

11: end for

12: Step 4: Arrange {(97327’5)3, z=1,..., 7} in the decreasing order

13: Step 5:

14: Retain 0 < p < 1 fraction of sorted values {OP(SZS)R} and discard others.

15: Let the smallest chosen value of OP(SZS)R be 7, corresponding to the index [pZ].
16: Step 6:

17: forj< 1toMdo

18: for ¢ = 1:C do Update ! using

19: (i+1) _ X7, VSi,)cI(ozzn)
: Qm,c - "pZ-‘ .

20: end for
21: end for

22: end for

23: Step 7:

24: Return V)

25: Step 8:

26: The channels-to-sensors assignment in V(%) is mapped to the channels-to-sensors

assignment in J which is a solution to the original optimization problem OPg'ZS)R.
27: end procedure

path-loss exponent. The achievable rates by data sensors are chosen to be C' = log,(1 + SNR) =

6.658 bits/sec/Hz [117].
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Table 5.2. Parameter Settings

Parameters Settings
Number of spectrum sensors M 10
Number of data sensors N 30
Target false alarm probability Pf 0.1
Target miss- detection probability P,, 0.1
Number of Licensed channel 7
Bandwidth of the licensed channel W 6MHz
Path-loss exponent « 35

Transition rate of PU from ON state to OFF state A}
Transition rate of PU from OFF state to ON state, \¥

0.6,0.8,1,1.2,1.4,1.6,1.8
0.4,0.8,0.6,1.6,1.2,1.4,1.8

Total frame length T';.,,, 100msec
Sampling rates of spectrum sensors U 6000
Duration of spectrum sensing phase 7 7msec
Duration of spectrum sensing by

assigned sensors on each channel ¢ 6msec
Duration of reporting sensing results to sink ¢, Imsec
Sensing power of spectrum sensors P 0.1W
Transmission power of data sensors P; 0.22W
Energy consumption per spectrum sensing 0.11mJ
Fraction of samples retained in CE algorithm p 0.6
Stopping threshold ¢ 1073
partial throughput factor s 0.5
Penalty factor for miss detection ¢ 0.5
SNR of secondary transmission 20dB
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Figure 5.3.  Average achievable throughput vs Number of channels for SSR based

CE-algorithm,random assignment and exhaustive search method.

The variation of throughput with different number of licensed channels, K, is shown in Figure. 5.3.
For illustration purposes, M = 3 is chosen, so that a solution using the exhaustive search can

be quickly evaluated. The average achievable throughput of SSR-based approach using the CE
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algorithm is compared with the random assignment and exhaustive search. Set of all possible
assignments are considered in exhaustive search to find the optimal set, whereas a licensed channel
is randomly assigned to spectrum sensors in random assignment. As shown in Figure. 5.3, the
average achievable throughput obtained by the SSR-based CE algorithm is about 75%-90% of
that obtained by the exhaustive search. In contrast, the total elapsed time for the evaluation using
the exhaustive search method is about 14 times larger than that using the CE algorithm, when K is
increased to 4. As K further increases, the elapsed time increases exponentially for the exhaustive
search. Thus, the SSR-based CE algorithm attains the maximum throughput with much lesser
computation time when compared to exhaustive search. Figure 5.4 shows the comparison between
the performance of the CE algorithm and that of a greedy algorithm [161], for different values
of EH rates. The greedy algorithm assigns channel to each sensor sequentially that gives the
maximum achievable throughput. It is shown that the CE algorithm outperforms greedy algorithm

in terms of achievable throughput, over a range of EH rates.

45 T

I SSR-Greedy
4r [_1sSRCE b

35 b
3k 4
25 7
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151
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Average achievable throughput (Bits/Hz)

05

5 7
EH rate in mwW (Jm)

Figure 5.4. Comparison of CE algorithm and greedy algorithm performance for a range of EH
rates.

The stability of CE-algorithm with respect to the average throughput is shown in Figure. 5.5.
Here, the convergence of CE algorithm with the number of iterations can be seen, for different EH
rate values. As expected, the average throughput increases with EH rate. Figure 5.6 shows the
convergence result of CE algorithm with respect to the sensing phase duration 7, ranging from as
low as 2 ms to a relatively high value such as 15 ms, for a fixed EH rate of 7 mW. Note that the

achievable throughput first increases with an increase in 7, and later decreases as 75 is increased
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further. This concave behavior is due to the sensing-throughput tradeoff [160]. Figure 5.7 shows
the impact of the fine-tuning CE algorithm parameter, i.e., fraction of samples retained, p, on the
number of iterations and average throughput. It is evident from both the plots that CE on SSR
performs better than CE on L-out-of-M rule. Moreover, the CE algorithm converges quickly with
small p.
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Figure 5.5. Average achievable throughput vs Number of Iteration for different EH rate.
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Figure 5.6. Average achievable throughput vs Number of iteration for different sensing phase
duration 7.
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Figure 5.7. Impact of the fraction of retained samples p on the performance of the CE algorithm
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Figure 5.8. Average throughput vs Number of iteration.
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Figure 5.9. Average achievable throughput vs Number of spectrum sensors, M.

Now, for a network with M = 15 and K = 7, the average achievable throughput of SSR-based
CE algorithm is compared with conventional fusion rules such as OR, AND, and L-out-of-M rule,
as shown in Figure. 5.8. In the SSR scheme, since only one sensor reports its decision to the sink,
it performs better than the CCS scheme employing L-out-of-M, OR and AND rules. As expected,
the L-out-of-M rule performs the best among the CCS schemes, when optimum value of L is
chosen [159]. Finally, the tradeoff between the optimal performances of SSR-based multichannel
scheme with that of the L-out-of-M rule based CCS scheme is discussed. The variation of average
achievable throughput with M, for different sensing times 7, is shown in Figure. 5.9. When M
is less, the L-out-of-M rule yields a larger throughput due to the better detection accuracy at the
expense of relatively less channel available time, as opposed to the SSR scheme which saves the
channel available time, but loses out on detection accuracy. Interestingly, as M increases, the SSR
scheme outperforms the CCS scheme, since even though the detection accuracy of the CCS scheme
increases, it loses out on the channel available time. Hence, this tradeoff yields a regime where
SSR is preferred over L-out-of-M rule-based CCS scheme. Inherently, this tradeoff is between the
detection accuracy and channel available time for secondary data transmission. Therefore, as M
increases, the channel available time gets a larger priority as opposed to the detection accuracy in
the HCRWSN, resulting in SSR scheme as a better choice. However, in the scenario where the

detection accuracy is a main concern, L-out-of-M rule can still be employed.
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5.5 Summary

The maximum achievable throughput of SSR-based spectrum sensing in a multichannel HCRN
is considered. The impact of EH rate on maximum achievable throughput of SSR scheme is
investigated. It is shown that the achievable throughput increases with EH rate by optimally
scheduling the spectrum sensors to sense a particular channel. Through numerical results,
it is shown that SSR-based multichannel scheduled sensing scheme outperforms the CCS
scheme employing the optimal L-out-of-M rule, and the tradeoff between the average achievable
throughput of both schemes are analyzed. It is shown that this tradeoff is the inherent tradeoff
between the channel available time and the detection accuracy, and the regime where SSR is
preferred over CCS scheme is also discussed. The results show that the SSR scheme outperforms
CCS scheme when the number of spectrum sensors is large, and therefore, the channel available
time gets a larger priority in a HCRWSN than the detection accuracy. Hence, in a scenario where
spectral efficiency needs to be improved, SSR is a better choice; CCS should be employed in the

scenario where the PU protection and detection accuracy are important.

Further increase of energy efficiency can be achieved by employing compressive sensing where
sampling rate is reduced at the sub-Nyquist-rate and takes a shorter sensing duration which
promotes energy saving but at the cost of performance degradation which directly affects the
achievable throughput. One way to overcome this degradation is by employing collaborative
sensing. Thus next chapter gives a complete analysis of energy efficiency of compressed
conventional collaborative sensing (CCCS) scheme focusing on balancing the tradeoff between

energy efficiency and detection accuracy in cognitive radio environment.



Chapter 6

Energy Efficiency Analysis of
Compressive Collaborative Sensing
Scheme in Cognitive Radio

Networks

6.1 Introduction

The energy consumption in spectrum sensing, mainly caused by the analog-to-digital converter
(ADC), is proportional to the sensing time duration and the sampling rate [51],[52]. However,
at any instance of time, only a minority of channels are occupied by PUs in WSS, making the
wideband spectrum sparser in the frequency range. Such sparsity of wideband spectrum is taken
as an advantage in compressed sensing (CS) and recently been proposed to reduce the sampling
rate below the Nyquist rate [S0]. Thus compressed sensing, when compared to the conventional
WSS, reduces the sampling rate at the sub-Nyquist rate [54] which further reduces the sensing
time duration and greatly favors energy saving. For this reason, the CS-based spectrum sensing
methods have been proposed as an efficient approach for improving the energy efficiency [55] in
cognitive radio network.

103
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Despite its attractiveness as an energy efficient sensing technique, CS suffers from a few major
drawbacks which limit its applicability in practice. A CS based sensing scheme incurs a certain
performance loss due to compression, when compared to the conventional sensing scheme, while
detecting non sparse signals. This performance loss can be seen as sacrifice to improve energy
efficiency in terms of detection performance. Thus to compensate the performance loss due to
compression, the authors in [53] proposed collaborative compressive detection (CCD) framework
in which group of spatially distributed nodes sense the presence of PU independently and send
a compressed summary of observations to the fusion center (FC) where a global decision is
made. It was shown that through collaboration the performance loss due to compression can
be recovered. However, the study [53], never addressed energy efficiency and was restricted to the
detection performance of CCD, where it is evident that an increase in either the compression ratio
c (keeping number of collaborative nodes N fixed) or the N (keeping c fixed), the probability of

error decreases exponentially.

In this work, it is shown that a similar trend can be seen with energy efficiency as a metric. In
particular, expressions for energy consumption and achievable throughput of the Collaborative
Compressive Conventional Detection (CCCS) scheme is derived. Next, an expression for energy
efficiency of CCCS is derived, and an optimization problem that maximizes the energy efficiency
subjected to constrain on detection and false alarm probability is formulated. As this problem
is highly non-convex, some approximations to reduce it to a convex optimization problem is
provided. Later, it is shown that these approximations are sufficiently accurate.

The motivation to consider the CCCS is threefold. First, it reduces the sampling rate at the sub
Nyquist rate and takes a shorter sensing duration which promotes energy saving. Second, since
it utilizes collaborative sensing scheme the achievable detection performance can be maintained
to a target limit. Finally, since it promotes energy saving and ensures detection performance, the
energy efficiency is guaranteed. In the process of determining optimal system parameters such as
optimal compression ratio and number of active nodes, an attempt is made to answer the question
: For a given compression ratio, ¢, what should be the number of nodes N, to maximize the energy
efficiency ?

Energy efficiency of compressed sensing in wideband cognitive radio networks was studied in
[162], where the authors showed that by optimizing the sampling rate, energy efficiency can be

maximized. It is proved that sparser the wideband spectrum, higher the energy efficiency and



Chapter 6.Energy Efficiency Analysis of Compressive Collaborative Sensing Scheme in CRN 105

lower the energy consumption. But their analysis was restricted to compressed sensing in sparse

signal condition. However in this work both compressed and collaborative sensing was considered

to guarantee both dimensionality reduction and detection performance that favors improvement

in energy efficiency to a greater extend. An analysis on EE for the CCCS scheme has not been

considered earlier in the literature. The main contributions of this chapter are summarized as

below.

The energy efficiency of the CCCS spectrum sensing scheme is studied in terms of the
required number of sensors involved in collaboration and the compression ratio that satisfies

a given primary user detection constraints.

The maximization of energy efficiency of CCCS is posed as a non-convex optimization
problem, that optimizes the compression rate c, and number of sensors involved for

cooperation.

The Number of sensors required (N) and the compression ratio (c) are derived in terms of

SNR and the required detection accuracy.

The tradeoff between reducing the number of samples in a compressive sensing based
measurement scheme and achievable energy efficiency of CCCS considering different signal
models such as deterministic and random signal are studied. In both cases, it is shown
that the energy efficiency is improved by either increasing the compression ratio ¢ or by

increasing the number of collaborative nodes N.

Through numerical result, it is shown that in comparison with the uncompressed sensing
scheme, the compressed sensing scheme reduces the sampling rate and take a shorter sensing
and reporting time duration both of which are greatly favorable to energy saving which
improves the energy efficiency of the system to a greater extent. In other words, it also tells
us how many nodes are needed to collaborate to compensate for the loss due to compression.
Moreover it was inferred that the improvement in energy efficiency can be obtained by
optimizing either the compression ratio ¢ (keeping N fixed) or the number of collaborating

nodes N (keeping c fixed).

The remainder of this chapter is organized as follows. The system model for CCCS scheme is

proposed and review of CCCS and CCS schemes for random signal case is provided in Secs. 6.2.
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The energy efficiency optimization problem for the CCCS scheme is proposed in Section 6.3,
and approximations, reformulation and detailed analysis are provided in Section 6.4. The energy
efficiency formulation, approximations, and analysis for deterministic signal case is presented in
Section 6.5. The results are presented in Section 6.6 and concluding remarks are provided in

Section 6.7.

6.2 System Model

(a)

j— TTotal —

Frame 1 Frame 2 . Frame L

Ty —Pe—CT—Me——€T7—H €t
Sensing [Reporting [Reporting Reporting
byallC;| by C; | bvyC, [ * °| by Cy
T c(Ts +NT1‘) pi¢ Trota-Ts—*

(b)

Data Transmission

Figure 6.1. (a) System model for Collaborative Compressive Conventional Detection (CCCS)
Scheme ; (b) Time slot structure for CCCS Scheme
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Consider a cognitive radio (CR) network (CRN) — as depicted in Figure 6.1(a) — with N CR nodes
denoted by (', ..., Cy that record P observations each from a licensed band owned by a primary
user (PU). First the conventional cooperative sensing (CCS) framework is described. The CR
nodes forward their observation vectors over a lossless link to a fusion center (FC), where these
observations are fused to make an overall decision on the availability of the primary spectrum.

The hypothesis testing problem governing this scenario is:

Ho :y(n) =w(n)

Hi:y(n)=x(n)+w(n), n=1,...,N, (6.1)

where w(n) represents the P x 1 noise vector, whose entries are assumed to be independent
and identically distributed (i.i.d.), Gaussian random variables with zero mean and variance o2,
and x(n) represents the P x 1 primary signal vector, whose statistics is also assumed to be
i.i.d. Gaussian with zero mean and variance ¢2. In other words, if N'(u, ) denotes a Gaussian
random vector with mean vector p and covariance matrix 3, then w(n) ~ N(0,021,), and

x(n) ~ N(0,0%1,), where I, is a P x P identity matrix.

Now, the conventional compressive collaborative sensing (CCCS) framework is considered. Here,
instead of P x 1 vector y(n), each node sends an M x 1 compressed vector z(n) to the FC,
with M < P. The collection of these M-length universally sampled observations is given by
{z(n) = ¢y(n),n =1,..., N}, where ¢ is an M x P compression matrix, which is assumed to

be same across all nodes. With this setup, the hypothesis testing problem in (6.1) reduces to:

Ho : z(n) = pw(n)
Hi:z(n) = ¢x(n) + ¢pw(n), n=1,... N, (6.2)

The FC receives the observation matrix Z = [z(1)---z(N)], and makes a decision on the

availability of the primary spectrum.
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6.2.1 Performance Analysis of CCCS Scheme

Let 7y be the prior probability that the channel is vacant. Upon collecting the observation matrix

Z, the FC employs likelihood ratio test (LRT), which is optimal. The LRT is devised as follows.
J(z(n); Ha)
——" 2 A 6.3
H ) H ) < AL (6.3)

where f(z(n); Ho) and f(z(n);#H,) represent the PDF of z(n) under #, and #,, respectively,
given by

exp (_zT(n)(ai@bTﬁlz(n))

f(z(n); Ho) = R0 pgT| 2 and (6.4)
exp (_zT(n><(a£+a%>¢¢T)*lz(n))
Hy) = 6.5
f(z(n); Hi) 2V (0 + 02) T |12 (6.5)
Substituting in (6.3) and simplifying gives
026"V ]Ne i(z%ww)lz(m
<p | —
o2+ e 2] T[T\ 2oz od)
2" (n)(¢¢") 'z(n)\] %
— >
207 )} 2 AL (6.6)
Recalling that z(n) = ¢y(n), it is easy to see that the above test reduces to the form
N -
T(Y) 2> y"(n)¢" (¢pd") " dy(n) =\ (6.7)
n=1 0

where A the detection threshold, which is chosen based on either the Neyman-Pearson criterion
[163], or the Bayesian criterion [164, 165]. In this work, the Neyman-Pearson framework is
considered, where the errors are controlled independently. For the ease of characterizing the
performance of the above test in (6.6), it is assumed that the linear mapping ¢ satisfies the
e-embedding property, as considered in [53]. Designing a ¢ that satisfies the e-embedding property
is beyond the scope of current study. Let v £ % denote the average received SNR at a CR node,

and P 2 o (pop") ¢ denote the orthogonal projection matrix. For large value of the product
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N M, it can be shown that the test statistic under both #, and H; is distributed as [53]

T(Y) Nvsoo | N(NM,2NM), under H,
o N(NM,2NM), under H,

(6.8)

where k = 0, 1, that is, 02 = 02, and 02 = 02 + 02.
Following (6.8), the probability of false-alarm at the FC can be written as [53]
PFees £ P(T(Y) > A[Ho)
2 —NM 2> —cN
_ w — Tw ) 6.9
? 2NM ? 2cNP (©9)

Similarly, the probability of detection at the FC can be written as [53]

Py = P(T(Y) > A\[Ha1)
2 —_NM S S ——\
— Q o240l — Q P(o2+02) ] (610)
2NM 2cNP

Note that the expressions for Pf““* and P;““* depend on the value of c, which dictates the loss

in the detection accuracy due to the compressed measurements {z(n),n = 1,..., N}. Since the
detection accuracy is also a function of /V, it can be improved by increasing /V. In other words, the
loss in detection due to compression can be recovered by increasing the number of collaborative
nodes. This observation is shown in Figure 6.2, where the variation of Py““® across vy is plotted,
with P = 0.1, for different values of ¢ and N. The case of ¢ = 1 corresponds to Nyquist
sampling, i.e., the CCS approach. As c decreases, Py““® decreases, which can be increased to
a desired level by increasing N. Interestingly, as /V increases, even though the probability of
detection — and consequently, the achievable throughput of the secondary network — increases, the
total energy consumption in the secondary network also increases, thereby decreasing the energy
efficiency. Hence, a study of design of the optimal system parameters ¢ and /V, that maximize
the energy efficiency is of interest. In other words, an attempt has been made to seek answers to
the following questions. Given that the secondary network uses a compression ratio c, how large
should N be such that the energy efficiency is maximized? Also, given a secondary setup with N

nodes, how small can be the compression ratio c, such that the energy efficiency is maximized?
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To answer these questions — the main contribution of this chapter, the expressions for the average
achievable throughput, average energy consumption and energy efficiency of the CR network was

derived, and formulated the governing optimization problem in the next section.

6.3 Energy Efficiency and Problem Formulation

As mentioned in the previous section, the objective is to find the optimal number of the
compression ratio ¢ for a given /V (and the optimal /V for a given c), such that the energy efficiency
in the CR network is maximized, subject to constraints on sensing errors. In this section, the
governing optimization problem is formulated. Before that, the average achievable throughput
and the average energy consumption in the CR network in each time slot is derived, and later the

energy efficiency of the network is derived.
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Table 6.1. Achievable throughput and energy consumption by the CR network employing CCCS,
for scenarios S1-S4.

Scenario Probability Energy Consumed (J) Achievable
Throughput
(bits/Hz)

S1 m Pyees NP,ct,+NP,cr, 0

S2 mo PFeCs NP,cts+N Pcr, —C(Trora—<Ty)

S3 m (1 — PJees) NPscte+N Pt + Py(Trowa — cTs)  £C(Trora — Ts)

S4 mo (1 — PFes) NPscte+NPiet, + Py(Tropm — €Ts)  C(Trora — 1)

In a CR network with CCCS, the average achievable throughput and the average energy
consumption depend on the communication link between the PU node and the sensing nodes,

which can be calculated based on four scenarios denoted by S1-S4, detailed below.

S1. The first scenario corresponds to the case when PU is present, and the FC correctly declares
its presence, which occurs with probability 7 Py““®. Hence, the CR nodes do not transmit

data and the throughput achieved is zero.

S2. The second scenario covers the case when PU is absent but incorrectly declared as present by
the FC, which occurs with probability 7 Pf““*. Since the CR network misses a transmission
opportunity in this case, the achievable throughput in this case is calculated as —¢C (T, —
cTs), where Ty = (175 + N7.), C is the capacity of the secondary link, and ¢ € (0,1) is a

suitably chosen penalty factor [149].

S3. In the third scenario, FC makes an incorrect decision that the PU is absent, when it is
actually present, which occurs with probability my(1 — Py““?). In this case, the CR network
transmits and causes interference to the PU. Even with the interference to the PU, the CR

communication achieves a partial throughput of x.C (1., —cT) units, for some x. € [0, 1).
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S4. The last scenario corresponds to the case when the PU is absent and the FC declares
it correctly, which occurs with probability (1 — Pf““®). In this case, the achievable

throughput is maximum, and is given by C(T%,,,, — cT) units.

The achievable throughput, along with the energy consumed in each of the above scenarios are
listed in Table 6.1, where P, and P, denote the power required for each SU node for sensing and

data transmission, respectively.
Considering all the above cases, the average throughput of the CCCS scheme is given by
Reces(A, ¢, N)=mo(1 — PfCCSxTTotal —cT,)C

+ Kl (Tropa — cTs)m (1 — P77

— ¢C(Trorar — cTs)m PFE. 6.11)

Similarly, the average energy consumption for the CCCS scheme vide Table. 6.1 is given by

Ecccs()\, C7 N):(NPSCTS + NPSCTT)

+ Pi(Trgeas — To) (1 — m PYe% — mgPE%) | (6.12)

The energy efficiency, measured in (bits/Hz/J), of the CR network is given by

A Rcccs()H C, N)

EECCCS()‘7C7N) E (/\ c N)
ccces )~

(6.13)

The goal here is to design the system parameters — A and c, for a given IV, or A and [V, for a given
c, such that the energy efficiency F FE.ccs(A, ¢, N) is maximized, subject to constraints on the
sensing errors.

For a given c, the governing optimization problem is:

op®) .. max  EBcces(A ¢, N) (6.14)

Pcccs S F 7
st. 47 d 6.15)
pices > 7,
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and for a given [V, the governing optimization problem is:

OP s max  EBcces(A ¢, N) (6.16)
Pcccs S F ’

st. 47 d (6.17)
Pdcccs Z ﬁcb

for some 0 < Ff < P, < 1. The IEEE 802.22 standard [151], for e.g., enforces requirements
for the upper bound on the probability of signal detection and lower bound on the probability of

false-alarm to be 0.9 and 0.1, respectively.

The problems given in (6.14) and (6.16) are hard to solve, because the expression for
EFEc.ccs(M ¢, N) calculated from (6.13) is lengthy. Hence, for the ease of analysis, the cost
function in the above problems are approximated, and mention the conditions under which the
problem can be reduced to a convex optimization problem. Later, in Sec. 6.6, it is highlighted that

the errors due to these approximations are negligible.

6.4 Approximation, Reformulation and Analysis

In this section, an approximation of E F...s 1s provided and optimization problems (6.14) and
(6.16) are reformulated. On a general note, the apriori probability of channel availability should
be large enough to maintain the detection accuracy. That is, it is assumed that 7o > m;, and
Pyee® > PF°c%, which is justified in a typical CR scenario [31],[166]. Following this, the average

throughput in (6.11) can be approximated by the above inequalities and setting x. = 0 as

Rcccs()\’ C7 N) ~ WOC(TTotal - CTS) (1 - (1 + QS)P]‘QCCS) . (618)
Similarly Ecccs(A, ¢, V) can be approximated as

E’CCCS()\, c, N)~(N Pscts + N PscT,.)

+ Pi(Tras — <Ty)mo(1 — PEE%). (6.19)
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Consequently, EE¢ccs(A, ¢, V) can be approximated as

. R (Mc.N
EE...\c,N) = M (6.20)
Ecccs()\7 C7 N)

and the optimization problems OP(CJX)C s and (’)77(02c s can be respectively reformulated as

(N) . g o Rcccs()\7 C7 N)
OPlices : rgiz]ivx EE..(\c,N)= —Ems o) (6.21)
pcces « F ,
s.t. ! = (6.22)
P{ect > P,
and
- R....\ ¢, N)
OP1 s imax  EE..(\c, N)= et/ 6.23
coes )\7C ( ) Ecccs ) C7 N) ( )
pecees « F ,
st 40 = (6.24)
Pdcccs > Fd-

Later, in Sec. 6.6, it is shown that the errors due to these approximations are negligible.

Note that Py““* and Pf““® are dependent on ¢ and N, only through their product cN. The
following theorem provides the solution to the optimal threshold, \*, for the optimization problems

in (6.21) and (6.16).

Theorem 6.1. The optimal threshold \* for the optimization problems (9771(012)05 and (’)731(0%05

satisfies the constraint P{°°S > P, with equality, and is given by
N = a2 (14 ) {\/2CNPQ—1(E) + cNP} . (6.25)
Proof. See Appendix C.1.

As a consequence of the above theorem, it is shown that the other constraint in (6.21) and (6.23),

namely Pfe® < Py, reduces to an upper bound on the product cN. By substituting A\ = \* in
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the constraint P < Py, Py is given by

02, (147){ V2eNPQ~1(P4)+cNP}
h _

— = cNP
P> w ) 6.26
r2¢ 2cNP (©:20)
Rearranging the above equation, this condition reduces to
2 1~ 1,5 \12
N < 5p Q7 (Fy) — (14 9)Q7 (P} (6.27)

Now, the optimization problems 0731(0]2)05 and OPl(CCgCS given in (6.21) and (6.23) can be

respectively reformulated as

O,PZ(CJX)CS : m]%X E~Ecccs()\*7 C7 N) (628)

200" Y(P;) = (1+~)0 (P’
ot N < Ny, 2 AP = U4 P} (6.29)

v2cP
and

O’PQEJCC)'CS :max E~Ecccs()\*7 C) N) (6.30)

2{Q'(Py) — (1+7)Q ' (Py)}’
t.c< £ . 31
5.t. ¢ < Crax NP (6.31)

In the next theorem, the problem (6.31) is considered in particular, and shown that the
corresponding objective function is monotonically increasing (and concave) for ¢ € (0, ¢,y )s
for a given N. Therefore, the optimal ¢c* which maximizes E~Ecm()\*, c, V) for a given N is given

asc* = c...

Theorem 6.2. For a given N, the objective function in the optimization problem (9732(0205 is

monotonically increasing in ¢ € (0, c,....). Therefore, optimal ¢, c* = ¢,
Proof. See Appendix C.2.

A similar argument can be made for the problem in (6.29), vide the following theorem.
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Theorem 6.3. For a given c, the objective function in the optimization problem 0772(0]2)05 is

monotonically increasing in N € (0, N,,...). Therefore, optimal N, N* = N,_,..
Proof. The proof is in similar lines to that of Theorem 6.2, and is omitted for brevity.

This completes the analysis on finding the optimal ¢, (c¢*) for a given N, or to find the optimal /V,
(N*) for a given c, such that the energy efficiency of the CRN is maximized. In the next section,

the performance analysis of the CRN with a deterministic PU signal is considered.

6.5 Performance with Deterministic PU Signal

In this section, the EE performance of the CR network is considered for the case when PU signal is
deterministic. Although unrealistic in practice, performance study of a CRN with a deterministic
PU signal has been studied earlier in the context of capacity analysis [167], spectrum sensing
[168], etc., which serves as an upper bound on the performance of a system employed in practice.
In the case of a deterministic PU signal, asymptotic distribution of the test statistic at the FC under
either hypotheses can be written as [53]

N (0,02 N||Px]2), under H,

T(X) 2~ ” 2 , (6.32)
N(N||Px||3,02 N||Px]||3) under H;

where |Px|2 2 x7¢" (") '¢px. From (6.32), the probabilities of false-alarm and signal

detection at the FC following the CCCS scheme with deterministic PU signal are given by

— Ncro?
P;}CCS,det Iy P(T(X) > AHo) = Q A ngw (6.33)
o N|IPx]3)
A — Ncyo?
PdCCCS,det = P(T(X) > A\[H1) =Q V% (6.34)

o N [Px][3)
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As discussed in the random signal case, using the concept of e-stable embedding, for larger value

of NM the approximation ||Px||2 ~ Z1x|I3 = c|/x]|3 [53]. Therefore,

A \ — Ncryo?
CcCCOS,det CCCS,det w
() e () o9

It is easy to show that the detection threshold A = ¥x7¢" (¢p¢p")px = %Hf’x”% = Jeyol.

Therefore, the final expressions for Py'““**" and P;““*"" are given by

peecsan _ ( - 7) . (— -~ 7) (6.36)

Note that the expressions for average achievable throughput, average energy consumption and the
energy efficiency expressions across all four scenarios S1 — S4 for the deterministic case remains

and

similar to the random case, except that Pf'““* and Py““* are replaced by P; """

PCCCS,det
d ’

respectively. The approximations discussed in the previous case also hold for the deterministic
case. For a given c, the corresponding optimization problem for the deterministic case can be

written as

7 R t\ ™~ N
OPLctsac i maxX  EE,.aulc, N) = E—EZN) (6.37)
cces,det 9

PCCCS,det <F’
st. 477 = (6.38)

PdCCCS,det Z Fd,

and the optimization problem for given NV is given by

: T RCCCS € 9
Oplégcs’dEt - max EECccs,det(C, N) = ﬁ

N
- (6.39)
Ecccs,det(c7 N)

PfCCCS’,dat < Fﬁ
s.t. (6.40)

CCCS,det D
Pd ‘ 2 Pd7

for some 0 < PfC cosdet < preesdet < 1. Later, it is shown that the errors due to these
approximations are negligible. Again, note that both P;““*** and P;““**" depend on c and

N through the product c V.
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Theorem 6.4. The optimal threshold )\* for the optimization problems OPl(C]g)CSM and

OPl(chcsydet satisfies the constraint PY°°S > P4 with equality, and is given by
N =02 \/Ncy {Q—I(Fd) + ch} . 6.41)
Proof. See Appendix C.3.

Similar to the previous case, as a consequence of the above theorem, it is shown that the other
constraint in (6.37) and (6.39), namely Py < Py, reduces to an upper bound on the product

cN. By substituting A = A* in the constraint Pf°°9 < Py, Py is given by

_ VeNyol (Q~H(P N
o2~v/cNy
Rearranging the above equation, this condition reduces to
1 R 1,5 2
N < {Q7'(Py) — Q7 (Pa)} . (6.43)

Now, the optimization problems (9771(6{?05,(1% and OPl(ccgcs,det given in (6.37) and (6.39) can be

respectively reformulated as

Ongﬁ)cs,det:mjgx EE...(\,c,N) (6.44)
(P - Q' (Pa))
st. N <N, 2 {Q7'(P) — @7 (P} : (6.45)
’}/C
and
OP2) . i max EE... (N, c,N) (6.46)
“-1(P)— 0P 2
st.c<c,., = {Q (Py) — Q" ( d)} , (6.47)
YN

In the next theorem, the problem (6.47) is considered in particular, and shown that the
corresponding objective function is monotonically increasing (and concave) for ¢ € (0, C,ux)s

for a given V.
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Theorem 6.5. For a given N, the objective function in the optimization problem OPl(ggcsydet is

monotonically increasing in ¢ € (0, c,....), and hence optimal ¢, c* = c,,,,.
Proof. See Appendix C.4.

A similar argument can be made for the problem in (6.45).

Theorem 6.6. For a given c, the objective function in the optimization problem OPl(C]g)CS,det is

monotonically increasing in N € (0, N,,...), and hence optimal N, N* = N,_,..

Proof. The proof is in similar lines to that of Theorem 6.2, and is omitted for brevity.

6.6 Numerical Results and Discussion

In this section, the performance of the CCCS technique is studied in comparison with the CCS
technique, in terms of energy efficiency and validate the analysis, through numerical techniques.
MATLAB is used as a simulation tool. The parameter values are fixed as follows. The
target probability of detection, Py, and false-alarm probability, Ff, are fixed to be 0.9 and 0.1,
respectively. The prior probabilities 7wy and 7; are set to be 0.5 each. The total frame duration
is assumed to be 7', = 200 ms. The sampling frequency at the local SUs is assumed to be
fs = 1 MHz, and the sensing power P, = 0.1 W. The length of the uncompressed received signal
vector, P = 100. The sensing time, 75, and reporting time, 7., for the CCCS scheme are set to
30 ms and 100 us, respectively. The achievable rate of secondary transmission is chosen to be
C = log,(1 + SNR;) = 6.6582 bits/sec/Hz, where the SN R, for the secondary transmission is
assumed to be SNR; = 20 dB. The transmission power of individual sensors, F;, is assumed to be

3 W. Also, the partial throughput factor, «., and the penalty factor, ¢, are set to be 0.5 each.

Figure 6.3 shows the variation of energy efficiencies for the random and deterministic signal cases,
as a function of parameters c and /N. Observe that the energy efficiency is concave in both ¢ and
N. Furthermore, it can be seen that as /N increases, ¢ decreases, which means indicates a better

compression. Also, the maximum energy efficiency can also be improved with V.
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Figures 6.4 (a) and 6.4 (b) show the variation of the optimal compression ratio c* for the CCCS
scheme, as a function of N for different values of SNR ~. First, note that the optimal values of ¢
are nearly equal for the actual and approximate energy efficiency values, thereby establishing the
earlier claim on approximating the energy efficiency. The decrease in c* with an increase in NV is
intuitive, since the loss due to compression is recovered in CCCS by increasing N, which results
in a better throughput, and consequently, a better energy efficiency. Similarly, in Figure 6.5 (a)

and 6.5 (b), the variation of optimal N for different values of c is considered.
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Figure 6.3. Energy efficiency as a function of number of sensors /N and compression ratio ¢ for
(a) deterministic signal case, (b) random signal case.
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Figure 6.5. Variation of the optimal compression ratio (c*) with number of sensors N for (a)
deterministic signal case (b) random signal case.
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Figures 6.6 (a) and 6.6 (b) show the variation of optimal energy efficiency values with the
actual and approximate expressions, for different values of N. Note that for low values of /V,
performances of both CCS and CCCS schemes are similar, due to the fact that c* = 1 for
sufficiently low N. As N increases, the system achieves a better compression, and therefore,
the performance of CCCS scheme becomes better than that of the CCS scheme. Also, the energy
efficiency for both CCS and CCCS schemes increase with an increase in SNR. Moreover, the loss
due to the energy efficiency approximation is negligible. Therefore, in the subsequent results, only

the approximated energy efficiency values are considered.

The reason for a better energy efficiency of the CCCS scheme in comparison to the CCS
scheme can be either because CCCS achieves a better throughput, or it achieves a lower energy
consumption. For a given N (or c), since the detection performance of the CCS scheme is
better than that of CCCS scheme, the achievable throughput of the CCS scheme will be higher as
compared to the CCCS scheme. Therefore, the improvement in the energy efficiency of the CCCS
scheme must be due to a significant reduction in energy consumption in comparison to the CCS
scheme. Figures 6.7 and 6.8 corroborate this argument. In Figure 6.7, the achievable throughput of
CCS and CCCS schemes are compared, where the former is found to be better. For larger values
of N, the detection probability and hence the throughput of the CCS scheme improves faster.
However, as shown in Figure 6.8, the energy consumption of the CCS scheme also increases
rapidly with NV, as opposed to the CCCS scheme, where the increase is much slower since c*
decreases with V. This is true for both random signal and deterministic signal cases. Hence, in
scenarios where the energy consumption has a larger priority in a signal detection scenario CCCS
scheme could be preferred. However, in the scenario where the sensing accuracy is a main concern,

CCS scheme yields a better performance, in terms of energy efficiency.
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6.7 Summary

The energy efficiency of compressed conventional collaborative sensing (CCCS) scheme is
considered focusing on balancing the tradeoff between energy efficiency and detection accuracy
in cognitive radio environment. First the existing CCCS scheme in the literature is considered ,
and the achievable throughput, energy consumption and energy efficiency is derived. Next, the
energy efficiency maximization for the CCCS scheme is posed as a non-convex, optimization
problem. The optimization problem is approximated to reduce it to a convex optimization
problem, and showed that this approximation holds with sufficient accuracy in the regime of
interest. The tradeoff between dimensionality reduction and collaborative sensing of CCCS
scheme is analytically characterized as the implicit tradeoff between energy saving and detection
accuracy, and shown that by combining compression and collaboration the loss due to one can
be compensated by the other which improves the overall energy efficiency of the cognitive radio

network.



Chapter 7

Conclusions and Future Work

In this chapter, the conclusions drawn from research work carried out are summarized and scope
for future work is presented. Spectrum sensing plays a crucial role in the successful deployment
of cognitive radio networks. To further improve the spectrum sensing performance, spectral and
energy efficient cooperative spectrum sensing schemes, that reduces the sensing overhead, need
to be employed. In most of the previous work, sequential sensing is employed for cooperative
spectrum sensing wherein the same set of cooperating users sense a single channel in each
sensing period to increase the sensing accuracy. However, this approach greatly limits the sensing
efficiency and can result in a large cooperation overhead. In this thesis, more efficient cooperative
spectrum sensing techniques are considered and the tradeoff between detection accuracy and
energy efficiency at global detection level is analyzed to best leverage the achievable cooperative

gain.

7.1 Conclusions

In this thesis, energy and throughput efficient cooperative spectrum sensing techniques are
considered and efficient solutions at local sensing level and fusion level to best leverage the
achievable cooperative gain are proposed. The main focus of this thesis was to theoretically
analyze efficient cooperative spectrum sensing techniques for cognitive radio networks to
maximize the achievable throughput, energy efficiency and reduce the energy consumption

129
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while limiting the incurred cooperation overhead and sensing errors. Towards this end, initially
the energy efficiency performance was studied for two selective reporting based cooperative
sensing scheme namely SSR and its novel variation, OSSR scheme, to reduce the reporting
overhead and extended the analysis to multichannel heterogeneous CR scenario. Later energy
efficiency in collaborative compressed sensing scheme was considered. The main focus of
this study is on three important design issues for energy efficient cooperative spectrum sensing
which are selective reporting based cooperative user selection techniques, user scheduled based
multichannel cooperative sensing technique and collaborative compressed sensing technique in

the detection performance constraints.

In Chapter 2, the most common spectrum sensing techniques for cognitive radio networks
is reviewed in energy efficiency perspective and detailed their advantages and disadvantages. To
address the limitations of the spectrum sensing techniques by a single secondary user, cooperative

spectrum sensing and its main elements and limiting factors have been discussed.

In Chapter 3, the energy efficiency of superior selective reporting (SSR)-based scheme for
spectrum sensing is considered, and derived its achievable throughput, energy consumption and
energy efficiency is derived. The energy efficiency maximization problem for the SSR scheme
was formulated as a non-convex, multiple variable optimization problem and approximating it to a
quasi-concave optimization problem is discussed, and showed that this approximation holds with
sufficient accuracy. Through numerical results, it is shown that the energy efficiency achieved by
the SSR scheme is larger as compared to the conventional cooperative sensing schemes based on

OR and AND rules.

In Chapter 4, a variant of the SSR scheme called the opportunistic superior selective reporting
(OSSR) scheme is proposed and its energy efficiency analysis is presented. Through numerical
results, it is shown that the SSR and OSSR techniques outperform the conventional AND and OR
fusion rule-based energy efficient schemes, and discussed the regimes where OSSR is preferred
over SSR and vice-versa, in terms of the energy efficiency. It is shown that the trade off between the
performances of SSR and OSSR schemes is the implicit trade off between the energy consumption
and average throughput, and the results shows that the SSR scheme outperforms OSSR scheme

in many scenarios. This indicates that the energy consumption gets a larger priority in a CRN, as
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opposed to the achievable throughput and therefore, in the scenarios such as green cognitive radio
systems, SSR scheme is a better choice. However, in the scenarios where the saving of sensing

and transmission energy is not a main concern, OSSR scheme could be employed.

Sensing accuracy, in terms of probability of detection is essential to improve the average
throughput, which can be achieved by using the optimal L-out-of-M rule [159]. However, as
the number of sensors increases, the average throughput decreases due to an increase in reporting
overhead, even though the sensing accuracy increases. Towards this end, methods to increase the
channel available time by reducing the sensing overhead has also received considerable research
attention. From Chapter 4, it follows that the SSR scheme reduces the decision reporting overhead,
since only one selected node reports its decision to a center node/sink. Therefore, the SSR scheme
results in a better data transmission time which enhances the achievable network throughput.
Hence, a CR system incorporating the SSR scheme with energy harvesting nodes achieves a
major improvement in the channel available time and network throughput in an HCRWSN, for
a given primary interference constraint. Towards this end, in Chapter 5, the maximum achievable
throughput of SSR-based spectrum sensing in a multichannel HCRN is considered. The impact
of EH rate on maximum achievable throughput of SSR scheme is investigated and the average
achievable throughput for multichannel HCRN is derived. The problem of maximizing the average
throughput for multichannel HCRN is formulated. To solve this formulated optimization problem,
the cross entropy (CE) algorithm is employed and is shown that the algorithm converges to an
optimal value obtained through exhaustive search with fewer number of iterations. It is also
shown that the achievable throughput increases with EH rate by optimally scheduling the spectrum
sensors to sense a particular channel. Through numerical results, it is shown that SSR-based
multichannel scheduled sensing scheme outperforms the CCS scheme employing the optimal
L-out-of-M rule, and discussed the tradeoff between the average achievable throughput of both
schemes. It is shown that this tradeoff is the inherent tradeoff between the channel available time
and the detection accuracy, and discussed the regime where SSR is preferred over CCS scheme.
The results show that the SSR scheme outperforms CCS scheme when the number of spectrum
sensors is large, and therefore, the channel available time gets a larger priority in a HCRWSN than
the detection accuracy. Hence, in a scenario where spectral efficiency needs to be improved, SSR
is a better choice; CCS should be employed in the scenario where the PU protection and detection

accuracy are important.
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In Chapter 6, the energy efficiency of compressed conventional collaborative sensing (CCCS)
scheme is considered focusing on balancing the tradeoff between energy efficiency and detection
accuracy in cognitive radio environment. First, the existing CCCS scheme is considered,
and derive the achievable throughput, energy consumption and energy efficiency. The energy
efficiency maximization for the CCCS scheme is posed as a non-convex, optimization problem.
The optimization problem is approximated to reduce it to a convex optimization problem, and
showed that this approximation holds with sufficient accuracy in the regime of interest. The
tradeoff between dimensionality reduction and collaborative sensing of CCCS scheme is analysed
as an implicit tradeoff between energy saving and detection accuracy, and show that by combining
compression and collaboration the loss due to one can be compensated by the other which

improves the overall energy efficiency of the cognitive radio network.

7.2 Future work

Following are some of the topics which can be explored further in the context of work carried out

in this thesis :

Throughout this thesis, several techniques that contributed to the spectral and energy efficient
design of cooperative spectrum sensing schemes for cognitive radio networks is proposed and
analyzed. Various existing tradeoff in CSS such as tradeoff between achievable throughput and
energy consumption, tradeoff between channel available time and detection accuracy is identified
and shown that there is high degree of freedom in the optimization of the energy efficiency in
CSS network. These issues are addressed by focusing on some selected key aspects of CSS
such as overhead reduction (Chapter 3, 4), improving the channel available time (Chapter 5) and
employing compressed sensing in CSS (Chapter 6). However, there are some relevant issues that

warrant further consideration in the future work.

* Dispersiveness in the reporting channel: The reporting channels are assumed to
be error-free throughout this thesis, for analytical simplicity and do not consider the
impairments such as dispersiveness in the reporting channels, which is unrealistic in practice

[138, 169]. However the performance of SSR would degrade further in the case of dispersive
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reporting channel errors [138], and hence the presented performance in this work can be

considered as an upper bound for practical purposes.

* Impact of PU mobility: Another interesting idea for future work is to incorporate the
impact of mobility of PU on the spectrum sensing performance with the objective to
determine the parameters that affect the sensing performance. In this work, mobility aspects
of the PU [145] is ignored, since each SU would then require an exact knowledge of the
change in network topology due to the movement of PU, which makes the analysis more

complex.

A detailed analysis on the EE performance of SSR and OSSR schemes in the presence of
dispersive reporting channel errors, and the impact of PU mobility on the performance are

some directions in which this study can be extended in future.

* Impact of fading channel: In this work, the performance of cooperative spectrum sensing
over the additive white Gaussian noise channel is examined. It will be beneficial to study
the performance of the energy efficiency of CSS techniques over fading channels such as
Rayleigh, Rician or Nakagami-m channels which results in more practical performance
analysis. Depending on the fading model, the average probability of detection, achievable
throughput, energy consumed and energy efficiency can be evaluated. Although this
analysis exhibits performance degradation for cooperative spectrum sensing when fading

is considered, this needs to be confirmed through analysis and simulations.

The effect of topological aspects of nodes such as location of nodes, positioning of nodes
in energy efficiency analysis is yet another interesting direction in which this work can be

extended in future.

* Incorporation of Ambient Backscatter Communication (ABC): In overlay CR network,
the performance of secondary systems is still much dependent on the activity of a primary
channel. i.e., when the primary transmitter occupies the channel for most of the time, the
secondary transmitter has less opportunity for data transmission during the limited channel
idle period. As a result, the network performance of the secondary system is severely
deteriorated. This scenario of existence of PU for a long period has not been considered
in any of the analysis in this work. This problem can be further investigated and extended

by incorporating Ambient Backscatter Communication (ABC) which is a novel and more
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energy efficient communication technique. Since this will further increase the achievable
throughput of CR network, efficient methods to integrate ABC technique in the system

model considered in this work should be developed.

* Efficient optimization Algorithm: Cross entropy (CE) algorithm was used to maximize
the channel available time under PU protection constraint in Chapter 5. Although the
performance bound of the CE algorithm remains an open theoretical issue, it has been
shown effective in solving a similar combinatorial optimization problem. This optimization
problem can be further investigated and extended by in cooperating efficient heuristic

optimization algorithm which can be considered as a future research direction.
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Appendix for Chapter 3

A.1 Proof of Theorem 3.4 : To show that [V;(3) — V1(5)] > 0,
for 7 — 0

To show that [V(5) — Vi(B)] > 0, when 5 — 0, [V(5) — Vi(5)] can be expressed as

Vo(B) = Vi(B)] = VOO(B)ESSR(@ - ‘/1()(5)}?5512(/3)7 where (A.1)
Vo (8) = P(Ho)C(Trowa — BT) {(6 + 1)(N +1)(1 = PN}, (A2)
V(B) = P(Ho) {(NPnBT + (1 — 20)BT) + Pi(Trow — BT)(1 = PN (N +1)}.  (A3)

Observe that both V{’(3) > 0 and V() > 0, as 3 — 0. Following the condition (D1) in lemma
3.1, when & < Lo Ron(B) < 0, and Eggn(B) > 0. Therefore, [Vo(8) — Vi(B)] > 0,

=Py @

which implies that lim 22550 < (),
B8—0 98
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A.2 Proof of Theorem 3.4: To show that [V;(3) — V1(5)] < 0,
for g — 1

When 5 — 1, it can be seen that since a < 0, it is sufficient to prove that [V, (5) — Vi(5)] is a

B
decreasing function of /3. Towards this end, it suffices to show that V;(3) is decreasing, and V;(3)

is an increasing function of 3. Now, 28 can be expressed as:
ngﬂ ) - Voow)aég;;(m ESSR<6>%@(B), where (A4)
aEsa;g(ﬁ) = —(INPyT + P,(1 = 20)T)[P(H1) Py + P(Ho) Py — 1]
+ NPTy + PT5] + [P(Ho) P(1 — P T] — PapT), (A.5)
D) — —ppc(o+ 1V + 1) { (Tra = SN = P G + (1= P}
(A.6)

Since V?(8) > 0 and Egs,(3) > 0, it is easy to show that V;(3) < 0. Thus axgﬂ(ﬁ) is a decreasing

function of 3. Similarly,

0
M) v 2O 1 R, where A7)
ORssn opP
—a@(m = ~VO(B) 55 + [0~ (64 1)1 = P PO, (A8)

0
PO — o) {5+ ) { = TN = =0 1= 1T
E %
~(NPaT + (1= 29)T)}. (A9)
Since 2&r 86 is a decreasing function of j3, M > 0. Also, when R, < 0 and aé } < 0, then

Vi(/) is an increasing function of f. Therefore, if ¢ meets the requirement (D1) in lemma 3.1,
Vo(8) and V; (5) are monotonically decreasing and increasing in 3, respectively. According to the
constraints on 3 and P{*", B, can calculated by considering the optimal detection threshold,

and can be shown as

1
(2_; - 1) (\/ ans)

2
Binin = Q! (1 —(1- ?f)wil)] . (A.10)
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Hence, [V5(3) — Vi(B)] is monotonic decreasing in S,,;, < 8 < 1.

Since the energy efficiency is quasi- concave in (3, it is shown that the first derivative is
positive as # — 0 and negative as 5 — 1. This indicates that there could be multiple points
between 0 and 1, for which the first derivative is zero. The global optimum will be picked by
the algorithm used to solve this problem. However, in case of a concave function, the point at
which the first derivative is zero will be unique, and this existence of a unique maximum can be

established by considering the second derivative.

A.3 Proof of Lemma 3.3 : To Show that M?% > ()

The first order derivative of the cost function with respect to 77 can be expressed as

OEE s opr
=~ Vo) = Vam)] o = Va(), (A.11)
where 8{% is given by

P, 1 |BTf, (e —(= — 1)*nBT fs
T =2\ oy (a1 e ( 2 ) ' (A12)

It is straightforward to see that &:9% < 0, i.e., P; is a monotonic decreasing function with 7. Now,

Vo(n) = V°(n)Essn(n), where (A.13)
VO(n) = {P(Ho)C(Troras — BT) [( + 1)(N + 1)(1 — Pp)™]}. (A.14)

Also,
Vi(n) = Rssa(n)V'(n), where (A.15)

Vi(n) = P(Ho) {(NPinBT + Pi(1 — 20)BT) — Pi(Trow — BT)(1 — Pp)N (N +1)}. (A.16)
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Similarly, V5(n) can be expressed as

‘/2(77) = RSSR(n)(PsﬂT - P(Hl) [NPSBT - 2PtBT]

— [NPnBT + P+ P(1 —2n)BT) PrP(Ho) — [NP,ST + 2P,8TY). (A.17)

ory

It can be seen from the above expressions that when 0 < n < 1/3, o v —OQ and

[Vo(n) — Vi(n)] > 0, provided that V2(n) < 0. Hence, 8%% > 0 for all n.
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Appendix for Chapter 4

B.1 Proof of Theorem 4.1

The proof technique is similar to the SSR scheme. ‘w%% can be expressed as

OEE pssn B —(Vi(e)Eossr(e) + ‘/'2(5))} dP; opr, )
R = EgSSR(€> 9 ROSSR(g)‘/?)(g)E + V4(5)a with  (B.1)

Vi(e) = C(Trunas — To) P(Ho) + C(Trusas — BT)P(Ho) {6+ (6 + 1 PEFN(1 — PN 1}

— (1= PPN, (B.2)

‘/2(8) - NPSTlp(HO) + PtT2 + Pt(TTotal - 6T>(1 - Pf)N + Pt(TTotal - /BT)(l - Pf)N

+ Pt(TTota.l - TO)P(HO)a (B3)
Vs(e) = NP, T,P(H1) — Pi(Troras — To) P(H1), and (B.4)
Vi(e) = (BT, + P(Troa — BT))(P(Ho) PN (1 — Pr)¥ = + Py, (B.5)

each of which are greater than or equal to zero. Also, it can be shown that

ory 1 [nBTfs —(& — 1)*nBTf,

o o2 o P ( 2 ) =0. ®-6)
ory, 1 | nBTfs npTlfs (€ 2

o o2 27(2y + 1) P (_474—2 <02 _7_1) ) = 0. ®B.7)
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Appendix for Chapter 6

C.1 Proof of Theorem 6.1

To establish that Py<<s > P, is satisfied with equality, it is shown that 8EE8—A(ACN) > 0, for all

A. Observe that

aE~Ecccs(>\7 C7 N) 6Rc§;f(>\) ~cccs()\) - Rccca(A)%

= _ , C.1
ox 2. v
where
OR,.c.(\, ¢, N oP
<a)\ ) - - aAf (1 + gb)WOC(TTotal - CTS)7 (C2)
and
OF....(\,c, N oP
(a)\ ) = - a)\f WO‘Pt(TTotal - CTS) (C3)
Upon further simplification, w is given by
E..\c,N OP
OBeer(A 0, N) = ——fvl()\, c,N), (C4)

O\ O\
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where

(1 + &) 0C(Troras — €Te) Eues (X, ¢, N)

cccs()\ c N)

_ﬂ—OPt(TTotal - CT ) * Rcccs()\7 C? N)
cccs()\ c N)

Vi(A,c,N) =

(C.5)

OEEcccs(Ae,N)

Now, to show that )

> 0, it is enough to show that V1 (A, ¢, N) > 0, since

2
oP; 1 (z —<nP)
=— exp | ——— <
oA 202+/cNPr (4cNP)

In general, it is hard to analytically show that V;(\, ¢, N) > 0. However, since RCCCS(/\, c,N) >
0 and Ecccs()\, c,N) > 0, the parameters ¢,C,Tr,., and Ts can be chosen such that (1 +
OV 70C(Troras — €Ts) BN, ¢, N) > w0 Po(Trorar — cTs) Reves (N, ¢, N). Later, in Sec. 6.6, it can be
seen that the above condition is satisfied for those parameter values which are of practical interest.

Therefore,

A _¢NP 2 <L> —cNP

) 02402 ¢ U%, 1+~

P;= e . C.6
=0 ( 2cNP ) “ (0

Rearranging the equation gives the expression for \*.

C.2 Proof of Theorem 6.2

Note that

OEE..(0 e, N) _ POF,. . (c) - Ru...(c) 5l
e B2 |

cces

(C.7)

As ¢ — 0, it can be shown that

i 2B E X6 N) e {—@ (£> +V2(C,N)}, (C.8)

c—0 C =0 oc IDt
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where

[N Ps7s + N Pyt moC <

‘/2(C7N) = P2
t

0 (C.9)

Also, note that

oP; 1 ((% - cNP)2>
— = ——— ¢ v
ac  Ja PV UeNP
NP NP((2; —cNP))

2V/eNP  4(cNP3/2) (10

Therefore, P is a monotonically decreasing function of c. When ¢ — 0, it can be shown that

8Pf()\,C,N)
Oc

e = +o00. Furthermore,

— —oo. Since Va(c, N) is a positive constant, lir%
c—

using a well-known bound on the Q function, the following lower bound Py is obtained and is

given by
2cNP (5 — cNP)?
pPr>1—- - C.11
=1 T & v | P [ NP | (€11
which can be used to get a lower bound on the first derivative of E~Ems (A, c,N) as
OFE....\ ¢, N
“‘“5( SN S (BA— BD - BC - cAC)
c < —~ o
£X,
2cNP (& —cNP)?
BC + cAC —2BA+2BD) |1 — -
T(BO e TEBD) L T NP ep[ 1cNP
2%,
2cNP (5 —cNP)? OP(\,c,N)
BA—-BD) |1 — —— — (AC o C.12
T ) (2 —cenPp| P [ 1cNP A =5 €12
N AV J/ é‘)’((l
2,

where A = 7oC [Trpras — T, B = moPTs, C = NPscty + NPict, D = Py [Tro,0 — cTs] mo
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As seen earlier, aaicf is negative, and it is easy to show that BC'+ AE —2BA +2BD > 0, BA —

BD > 0, and consequently, X5 > 0, X3 > 0 and X, > 0. Now,

OEE....(\ c,N)
Oc
> X,

> X1+ Xo+ X3+ Xy

= BA— BD — BC — AE

= (e PT)70C(Troras — Ts) — (78 P2Ts) (Trorar — 1)
— (moPyTs)(N Psers + N Piery)
—10C (T ot — cTs) (N Pyt +N Py7,))

= 70 { PT,C — P/T, — C(NPy7s + NP7,) }(Trprs—<T)

EN4

— cmoP,T,(NP,7s + NP,.) (C.13)

Ly

To ensure that w > 0, the right hand side of (C.13) has to be > 0. Rearranging

(C.13), observe that this is true when ¢ < c,p £ ZrewW = Ty other words, it is shown that
TsW+Y

%C(’\’C’N) > 0 whenever ¢ € (0,c,p). Finally, to establish that ¢* = c,,,, it is required

to show that c,.. < cyp. Although hard to show analytically, it is verified to be indeed true

numerically, for moderate values of /N and for low SNR, which is of practical relevance.

C.3 Proof of Theorem 6.4

Note that the first derivative of Py is negative as given below.

% L, o (C.14)
= — X .
O\ 02\/2mc N~y P (2cN~ol) | —

As mentioned earlier, since the expressions for average achievable throughput, average energy
consumption and the energy efficiency expressions across all four scenarios S1 — S4 for the
deterministic case remains similar to the previous case, and similar set of arguments hold true

for the deterministic case too. These can be used to prove that the first derivative of EMECCCS 18
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greater than or equal to 0. Therefore,

— \* — cNo?
P, = — . C.15
a=0 ( 2 JoNy ) (C.15)
Rearranging the above equation gives the expression for \*.
C.4 Proof of Theorem 6.5
Note that the first derivative of P;““**" with respect to c from (6.36) is given by,
0PN, ) _ P )N _ . .16
dc  2V2m(eNA)3202 T '
Therefore, lin%w — —o0. Similar arguments given in Sec. C.2 can be used to show that
c—

c* = c,.., €ven in this case.



Appendix D

Detection Performance of SSR

Scheme

D.1 Bayesian Detector

Performance of Bayesian detector are better when compared to energy detector in terms of
spectrum utilization and secondary user throughput. According to binary hypothesis testing, test
statistics of Bayesian rule is to compute the likelihood ratio and compare with the threshold ¢
[170]. The probability ratio test (PRT) of the hypothesis H; and H for the received signal r(t) can

be defined as
P(r/H,)

P(r/Ho) (B

Tprr(r) =

Finally, the probability ratio test Tprr(7) is compared with a threshold § that depends on the cost

function, which is properly chosen to reduce the estimated posterior cost defined as

1 1
C=> ijo Ciip(H;)p(HilH;) (D.2)
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Thus based on [13], it is known that at low SNR the detection probability and false alarm

probability of Bayesian detector are respectively given as

Ind — 2N~?
Pr = D.3
P Q<7 2N(1+4'y)> (D3
Ino
Pr = D4
» = o) 4

Usually the threshold is calculated by fixing individual false alarm probability and is given by
§ = exp(yV2NQ 1 (Pr)) (D.5)

Where Q! is the inverse function of marcum-Q function. Thus by using (5) on (3), individual

detection probability using Bayesian detector is obtained.

D.2 Detection Performance Analysis of Proposed BD-SSRCS

Scheme

Performance analysis of BD-SSRCS in terms of detection probability, false alarm probability and

average sensing time is considered in this section.

D.2.1 Overall detection Probability of BD-SSRCS strategy

Overall, SSR probability of false alarm and probability of detection are evaluated as
PR = PR 4+ (1 - PIY) PR (D.6)
PPt = PRR+ (1 - PIF) PIR (D.7)

Figure.D.1 plots probability of detection versus false alarm probability (Py) for both Bayesian and
energy based detectors. It is apparent that SSR scheme with Bayesian detector outperforms other

strategies by providing improved detection performance.The reason is of two fold; one is due to
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Figure D.1. Detection Probability versus false alarm probability for the traditional, RSR and SSR
Scheme.
the fact that sensing by individual SUs are carried out by Bayesian detector which performs well
under low SNR. Secondly due to the selection of superior reporting SU. SSR combined with BD
results in 16.71% increase in detection probability. While the increase in RSR is 8.32%, traditional
case exhibits 19.65% increase in detection probability. Improvement of probability of detection

using Bayesian detector in suggested cooperative sensing scheme is listed in Table. D.1.

Table D.1. Probability of detection ( P) for different sensing scheme for both Bayesian and energy
detector for SNR=-6dB, (P; = 0.1)

Cooperative sensing Scheme Local Sensing Py % of improvement in P,
Traditional EDD 8233 3 19.65%
RSk ED 09392 g 1o
SSR gg 8334712 16.71%

Figure.D.2 show influence of 1 on miss detection probability. Modification of 7 to an optimal
value lessens miss detection probability for a given (5. Incrementing 7 ensures an increment in
local detection time, thus decreasing miss detection probability. However, more time allotment
to sensing phase decreases reporting time which leads to reporting performance degradation.

Hence there exists a trade-off between local decision performance and decision reporting for the
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Figure D.2. Miss detection Probability versus 7 for the traditional,RSR and SSR Scheme for 5=1

Table D.2. Percentage reduction in miss detection probability using Bayesian in different sensing
scheme with different values of 3

Cooperative sensing Scheme Local Sensing Pm % reduction of Pm
=1 (=05 =1 B =0.5
Traditional EDD 8322 832? 68.98%  56.68%
RSR EDD 82§i 8222 48.63%  56.79%
SSR EDD 8(1)(1)29 8222 99.20%  99.25%

proposed strategy. Improvement of local detection probability by using Bayesian detector ensures
improvement in overall reporting performance at reduced [ value. This in turn reduces overall
miss detection probability. Percentage reduction in miss detection probability using Bayesian in

suggested cooperative sensing scheme with different values of £ is listed in Table D.2.

Table D.3. AST for BD-SSRCS and ED-SSRCS for different values of vp and 0123 o

v o2 Average Sensing Time R ¥/ reducti'on of.
SSR-BD SSR-ED verage Sensing Time

-10 0.6 1.738 1.894 8.23%

-6 0.6 1.189 1.699 30.01%

-6 1 1.045 1.559 32.96%
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Figure D.3. AST versus false alarm probability for SSR scheme for different +, and 0123 - values

Table D.4. AST for different sensing scheme using energy detector and Bayesian detector with
n=0.25, 0% =1 ,vp =-6dB, P; =0.01

15} Sensing Scheme AST % reduction in AST
0.5 SSR/RSR-BD 1.533 48.27%
SSR/RSR-ED 2.964
| SSR/RSR-BD 2.328 52 18%
SSR/RSR-ED 4.869

D.2.2 Average Sensing Time (AST)

Average Sensing Time (AST) is the time needed to arrive at a final conclusion about the existence
of PU in a sensing phase. In the conventional case, cooperative SUs use up all the subslots to

report their local decisions. The total sensing time for the traditional scheme is

frra = N+ 1 (D.8)
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Figure D.4. Average Sensing Time versus false alarm probability for the traditional, RSR and SSR
scheme for =1

In SSR strategies, detection of presence of PU by center SU merely requires time slot 7, else T}

and 75 add to the time. Hence the AST of SSR is expressed as

fssn = BN +1) (1= 3 +nP5) -9
Above equations distinctly claim that when local detection by center SU(F) is high, i.e. when ng ol

tends to 1, it does not need assistance from other cooperative SUs for sensing, which reduces the
AST of BD-SSRCS scheme. Furthermore, when F cannot detect presence of PU by itself, i.e
when ijﬁ tends to 0, the suggested schemes use up to (N + 1) subslots. Even in this worst case
scenario, the suggested schemes have lower ASTs as compared to the conventional scheme since

7 1s considered to be a small value.

From the simulation results, it is evident that ASTs for the suggested methods can be minimized
by choosing appropriate 7 for any given (3 value.Figure D.3 Probability of false alarm plot for SSR
schemes under different values of SNR and noise variance for both energy detector and Bayesian

detector. From the time slot structure it is clear that AST depends on sensing time allocation
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Figure D.5. Average Sensing Time versus false alarm probability for the traditional, RSR and SSR

scheme for 5=0.5
factor 3, n and the local detection probability of center SU. Since the local detection is carried
by Bayesian detector which works well under low SNR regime this improves the local sensing
probability of center SU which further reduces the AST of BD-SSRCS scheme. Table. D.3. shows
quantitative comparison of BD-SSRCS and ED-SSRCS based on vp and c%.. It is observed that
AST is reduced in BD-SSRCS when compared to ED-SSRCS. Also it can be noticed that average
sensing time is deceased as yp grows or when channel quality from Primary user, P to center SU,
F is improved. This situation avoids cooperation of other SUs since center SU (F) itself will detect
the presence of PU. Figures.D.4 and D.5 shows the influence of $ and 7 on AST. Increase in (3
and 7 results in longer sensing time. Fig.6 illustrates that choosing an optimum value of 7 leads to
minimization of average sensing time. Moreover, since AST in SSR and RSR depends on 3,17 and
the local detection probability of F, ASTs of both the scheme are nearly identical to each other.
It is understood from (D.9) that AST of the proposed BD-SSRCS scheme reduces as PjﬁR tends
to 1. Therefore, in this scenario F seldom needs assistance from cooperative SUs for spectrum
sensing. Although 3 increases, higher local detection probability leads to decrease in AST of the
proposed scheme. Table D.4 illustrates the reduction in AST when Bayesian detector is used for
local sensing when compared to energy detector. It can be concluded that by adjusting 5 and 7

AST can be minimized.
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