
Copyright

by

Jaeweon Kim

2011



The Dissertation Committee for Jaeweon Kim
certifies that this is the approved version of the following dissertation:

Bandwidth and Power Efficient Wireless Spectrum

Sensing Networks

Committee:

Jeffrey G. Andrews, Supervisor

Aristotle Arapostathis

Sriram Vishwanath

Haris Vikalo

Ronald E. Barr



Bandwidth and Power Efficient Wireless Spectrum

Sensing Networks

by

Jaeweon Kim, B.S., M.S.

DISSERTATION

Presented to the Faculty of the Graduate School of

The University of Texas at Austin

in Partial Fulfillment

of the Requirements

for the Degree of

DOCTOR OF PHILOSOPHY

THE UNIVERSITY OF TEXAS AT AUSTIN

May 2011



To my wife Aeri,

and to our children

Jacqueline Syeun, Annabelle Sihyun, and Daniel Soohyoung.



Acknowledgments

The Lord has blessed me throughout my life and I thank God with this

dissertation. My biggest appreciation shall be given to my beloved wife Aeri.

Without her endless endurance, sacrifice, and encouragement, this work would

not have been possible. I also thank our kids Jakie, Anna, and Danny for their

love and understanding my frequent absence at nights and weekends. Their

pure trust in me made me keep moving forward during the not-too-short years

in my work and graduate school. They are my motivating power in difficult

times. I cannot express enough my appreciation to my parents, Dong-Jin Kim

and Deog-Yul Cha, for their incomparable love and support in my life, especially

in the past years when I was pursuing my Ph.D. overseas. My sister Hye-Young,

brother Jae-Cheol, and their families gave me huge support and encouragement.

I thank my parents-in-law Rev. Jae-Sool Kim and Jung-Sim Lee, my sisters-

in-law, Youngri and Kyoungri, my brother-in-law Shin and their families for

prayers and support.

I would like to thank my advisor Prof. Jeff Andrews for his invaluable

guidance and encouragement not only in academic area but also in professional

area. I am greatly indebted to him in every achievement at UT. I also thank

my dissertation committee members, Prof. Sriram Vishwanath, Prof. Aristotle

Arapostathis, Prof. Haris Vikalo, and Prof. Ronald E. Barr for their valuable

advice and feedback on my research and dissertation.

v



I thank MediaExcel, Inc. to give me a chance to come back to school

and to continue work. Especially I thank Jongil, Soonkeon, Jaewoo and Jeyun

for their support and inspiration on finishing my Ph.D. I also thank my ex-

colleagues and now-friends in Bandspeed, Inc., Ben, Jack, Nils, and Bhavin for

their encouragement and friendship. A variety of experience in these companies

broadened my knowledge, skills and professional insight widely.

I would like to express my appreciation to my colleagues in University

of Texas (UT), especially in WNCG. I thank Rahul, Tom, Jun, Chan-Byoung,

Insoo, Taeyoon and Wan for their helpful discussions and friendship. Pursuing

in WNCG is full of memories and I am proud of being a member. I thank Janet

and Melanie for their efficient and kind help in my graduate study.

Special thanks should be given to my brothers and sisters in Austin

Korean Presbyterian Church (AKPC). I thank Pastor Hachul Kim, Minsook

Lee, and ninestation members for their sincere prayers, encouragements and

friendship. Most of all, I thank God that he has been with me during this

journey and will be forever.

vi



Bandwidth and Power Efficient Wireless Spectrum

Sensing Networks

Publication No.

Jaeweon Kim, Ph.D.

The University of Texas at Austin, 2011

Supervisor: Jeffrey G. Andrews

Opportunistic spectrum reuse is a promising solution to the two main

causes of spectrum scarcity: most of the radio frequency (RF) bands are al-

located by static licensing, and many of them are underutilized. Frequency

spectrum can be more efficiently utilized by allowing communication systems

to find out unoccupied spectrum and to use it harmlessly to the licensed users.

Reliable sensing of these spectral opportunities is perhaps the most essential el-

ement of this technology. Despite significant work on spectrum sensing, further

performance improvement is needed to approach its full potential.

In this dissertation, wireless spectrum sensing networks (WSSNs) are

investigated for reliable detection of the primary (licensed) users, that enables

efficient spectrum utilization and minimal power consumption in communica-

tions. Reliable spectrum sensing is studied in depth in two parts: a single

vii



sensor algorithm and then cooperative sensing are proposed based on a spectral

covariance sensing (SCS). The first novel contribution uses different statistical

correlations of the received signal and noise in the frequency domain. This de-

tector is analyzed theoretically and verified through realistic simulations using

actual digital television signals captured in the US. The proposed SCS detector

achieves significant improvement over the existing solutions in terms of sensi-

tivity and also robustness to noise uncertainty. Second, SCS is extended to a

distributed WSSN architecture to allow cooperation between 2 or more sensors.

Theoretical limits of cooperative white space sensing under correlated shadow-

ing are investigated. We analyze the probability of a false alarm when each

node in the WSSN detects the white space using the SCS detection and the

base station combines individual results to make the final decision. The de-

tection performance compared with that of the cooperative energy detector is

improved and fewer sensor nodes are needed to achieve the same sensitivity.

Third, we propose a low power source coding and modulation scheme

for power efficient communication between the sensor nodes in WSSN. Com-

plete analysis shows that the proposed scheme not only minimizes total power

consumption in the network but also improves bit error rate (BER).
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Chapter 1

Introduction

The development of wireless technologies has brought remarkable growth

of related businesses. It only took 15 years for the number of wireless mobile

subscribers to grow from 11 million to more than 2 billion worldwide in 2005 [6]

and the number is approaching 5 billion in 2010 [48], thanks to the emerging

wireless services such as smart phones and wireless broadband. Consequently,

the hunger for the communication medium – radio spectrum – is being ac-

celerated. However, it is very difficult to acquire frequency spectrum for new

services. In most countries, most of the spectrum in the radio frequency band is

already licensed to specific users, which makes the frequency resource extremely

expensive. For example, the auction for total 62 MHz blocks in the 700 MHz

frequencies in the US resulted in total bids of $19 billion in 2008 [24, 25, 70].

In addition, a limited number of unlicensed bands are already heavily being

used [33,69]. The spectrum is increasingly scarce these days and will be for the

indefinite future.

However, recent studies have shown that the spectrum is underutilized

at most locations [5, 8, 86]. Recognizing that a static allocation of spectrum

over time and space is highly suboptimal, adaptive spectrum allocation is gain-

ing much interest [4, 39]. Cognitive radio (CR) is a promising approach to
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this spectrum scarcity problem, whereby transmitter-receiver pairs find unused

spectrum (often called white space or a spectrum hole) and use it for commu-

nication [5, 42, 59]. The technology is being very actively researched, and has

received regulatory support in the form of FCC white space ruling authorizing

cautious reuse of underutilized spectrum in the licensed TV bands [26]. The

IEEE 802.22 standard and IEEE standard coordinating committee (SCC) 41

are attempting to formalize a solution that will meet FCC approval and allow

communication in these bands in the near future [34, 47, 97].

1.1 Cognitive Radio for bandwidth efficient wireless com-
munications

There have been a number of debates on the definition of CR, and the

concept itself has been evolved in many ways [39,68,115]. The term cognitive ra-

dio is often used as a synonym for dynamic spectrum access (DSA) [117], while

others consider DSA a broader concept [4]. A commonly accepted definition

is: “A radio or system that senses and is aware of its operational environment

and can dynamically, autonomously, and intelligently adjust its radio operat-

ing parameters” [23, 77]. Hence, it is generally considered that CR technology

includes software defined radio (SDR) as a platform for its dynamic adapta-

tion [39,94]. The operational environment of CR systems includes location and

time by definition, of which the most important one is the available frequency

spectrum.

CR systems can be classified in three ways by their access schemes, i.e.
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how to utilize the available spectrum [29,95]. An overlay CR system transmits

concurrently with the primary users. It uses part of its transmit (Tx) power

for relaying the primary user’s information using a priori knowledge on the

primary signal and channels. It is known to have the highest capacity among

the CR access schemes, but is not easy to implement [51]. An underlay CR

system also transmits concurrently with the primary users. However it does

not need nor does it relay the primary signal. It adjusts its Tx power under

predetermined noise floor of the primary system in the way as ultra wideband

(UWB) systems [32]. The underlay CR system should maintain an interference

that is negligible to the primary users. The third and probably the most no-

ticeable scheme is opportunistic spectrum access (OSA), also called interweave

CR system. It senses underutilized spectrum dynamically and uses the white

space in an opportunistic way [68]. In this dissertation, we restrict our defini-

tion of cognitive radio to OSA only. Consequently, the CR system is considered

as a secondary system throughout this dissertation. Also note that the terms

primary user and licensed user are used interchangeably.

There are several essential functions in the CR technology, which are

(1) spectrum sensing, to determine part of the frequency spectrum that is avail-

able at the given time and location, and to detect the possible presence of

the primary user, (2) spectrum management, to select the best available spec-

trum, (3) spectrum mobility, to move to another available frequency when a

primary user is detected during opportunistic usage, and (4) spectrum shar-

ing, to provide fair utilization of the available spectrum among the secondary
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users [4, 15, 75, 117]. Each of the functions is being actively researched and we

focus our attention on the spectrum sensing in this dissertation.

Capacity of CR networks are another active research area but is beyond

the scope of this dissertation. See e.g. [60], [94] and the references therein for

more information.

1.2 White Space Sensing in Cognitive Radio Systems

Among the components of the CR technology, reliable spectrum sensing

– whereby devices determine whether another (e.g. licensed) signal is present

– is fundamental to its success. Since primary users have priority to use the

channel, the secondary users can only use the resource when it is not occupied.

Determining when the channel is occupied is quite difficult, because a potential

transmitter must guarantee with high probability that no one in its transmission

range could possibly be listening to a primary/licensed signal. This puts quite

a strict requirement on the detection capability1, and the secondary system is

required to robustly sense the presence of primary signals at very low SNRs.

For example, an IEEE 802.22 system must be capable of detecting digital TV

signals at −21 dB of SNR, when the noise is over one hundred times stronger

than the actual signal. Primary signals and their detection requirements of the

IEEE 802.22 system in the US are summarized in Table 1.1 [47]. Note that the

actual requirements and signal types (e.g. modulation format and bandwidth

of the digital TV) vary according to the regional regulation [1, 97].

1The terms detection and sensing are used interchangeably throughout this dissertation

4



Table 1.1: Sensing Requirements of IEEE 802.22 System in the US

Parameters
Digital TV Analog TV Wireless

(ATSC) (NTSC) Microphone

Sensitivity -116 dBm -94 dBm -107 dBm
Bandwidth 6 MHz 6 MHz 200 kHz

SNR
-21 dB 1 dB -12 dB

(for 6MHz channel)
PD ≥ 0.9 ≥ 0.9 ≥ 0.9
PFA ≤ 0.1 ≤ 0.1 ≤ 0.1

Spectrum sensing can be performed either by a single sensor (non-cooperative

sensing) or multiple sensors (cooperative sensing). Non-cooperative sensing has

been researched over several decades but the strict requirements of CR have

motivated more research recently on low SNR detection [13,18,54,89,115]. The

simplest sensing algorithm is a single energy detector [108]. Though it can

detect arbitrary (primary) signals, it is well known for its severe degradation

under uncertain noise power [93, 98]. A more sensitive and robust to noise-

uncertainty detection algorithms have been proposed in the literature, such as

FFT pilot detection [18], wave-form based sensing [101], cyclostationary feature

detection [38], and covariance absolute value detection [116], to name a few.

However, even the better non-cooperative sensing techniques have some funda-

mental limitations, especially when the channel experiences deep fades and/or

shadowing [6, 82].

Cooperative sensing alleviates effects of the wireless channel and noise

uncertainty by sharing information between the sensor nodes. Some or all se-

lected sensor nodes first detect the primary signal. Then, either hard or soft
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decisions are combined to make the final decision. Not surprisingly, it has been

shown that cooperation between sensing nodes can increase detection perfor-

mance and reduce the computational burden on the individual nodes [67, 110].

Increasing the number of sensor nodes, however, does not necessarily increase

the cooperation gain indefinitely. This is due to correlation that mainly results

from shadowing, and results in increased false alarms [9, 28, 30, 85].

1.3 Wireless Spectrum Sensing Networks

We propose a wireless spectrum sensing network (WSSN) framework for

cooperative spectrum sensing for CR system in this dissertation. A number of

sensor nodes are spread throughout the region of interest where licensed users

may or may not be using the spectrum at the given time and location, and a

central spectrum management node, or (secondary) base station, gathers the

sensing results and makes a final decision on the availability of the white space,

as illustrated in Fig. 1.1. In other words, the proposed WSSN is a wireless

sensor network (WSN) architecture that is specialized to spectrum sensing.

It is reasonable for a wireless sensor network to use spectrum oppor-

tunistically because reserving spectrum for occasional usage can be a waste of

frequency resources [72,114]. Moreover, the distributed architecture of the WSN

can be very beneficial in cooperative spectrum sensing. Consequently, wireless

sensor networks combined with cognitive radio technology are being researched

but are still in their infancy. Mercier et al. proposed sensor network aided cog-

nitive radio, where the sensor network senses available spectrum and provides

6



Primary 

TX

Primary RX

WSSN node
Secondary 

(WSSN) BS

Figure 1.1: Wireless Spectrum Sensing Network.

the information on the opportunity to nearby cognitive radio systems [65]. Sen-

sor selection strategies for reducing power consumption in the sensor network

while performing cooperative sensing are discussed in [85].

An overview of WSN technology is provided in section 1.3.1 and an

overview of WSSN follows in section 1.3.2.

1.3.1 Wireless Sensor Networks

During the last decade, there has been considerable interest in the de-

velopment of wireless sensor networks (WSNs), made possible by the rapid

advancement of low cost hardware technology, flexible architecture, and wide
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span of applications from health care to military commanding [3, 15, 37, 114].

A WSN consists of hundreds or thousands of tiny sensor nodes that

can sense, process, and communicate with each other through wireless media

[66,81]. In general, each node is deployed in random locations without elaborate

site planning as in other wireless services such as WLAN [44–46] and cellular

systems [11, 12], and needs to be able to operate for up to several years on a

single battery. Nodes that stop working due to environmental hazards or due to

loss of power are disconnected from the network and often cannot be replaced.

Consequently, power management becomes the most important and challenging

feature in WSN and has been actively researched [14, 37, 111].

Min et al. observed that 31% of the total power consumption can be

reduced by turning off the radio in a sensor node, and also showed that the

wireless communication module consumes substantial amount of power in a

wireless sensor network [66]. Accordingly, studies on communication methods

for the WSN have been devoted to reducing transmit power and cross-layer

design. Energy efficient modulation and protocol is investigated in [112] in

which the authors also showed that power consumption in the circuitry can

overwhelm transmit power. Energy optimal source coding scheme is investigated

by many researchers [16,21,61] to minimize transmit power. However, the power

consumption at the receiver side is often neglected.
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Figure 1.2: WSSN operational mode (b): provides information on the available
white space as a subsystem of a CR system.

1.3.2 Operational Modes and Technical Challenges of Wireless Spec-
trum Sensing Networks

A WSSN can use the detected spectral hole(s) for its own purposes or

can provide information to other nearby cognitive radio systems as in [65]. In

other words, the WSSN can be used as (a) a stand alone sensor network or (b)

a specialized spectrum sensor, a part of a bigger CR system, as demonstrated

in Fig. 1.2. Note that mode (a) is illustrated in Fig. 1.1. For mode (b), the sec-

ondary BS queries the spectral availability and the WSSN provides information

on it.
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There are several technical challenges in the development of the WSSN,

which are (1) reliable spectrum sensing, (2) power efficient physical layer (PHY)

cooperative transmission, (3) power management in the sensor nodes and entire

network, and (4) optimized cross-layer protocol stack. Most of these areas are

not well developed and yet have just started to get attention from researchers.

In this dissertation, we focus our attention on the first two areas.

1.4 Overview of Contributions

This dissertation identifies and addresses two key technical challenges

associated with wireless spectrum sensing networks: reliable spectrum sensing

and a power efficient PHY transmission scheme. Spectrum sensing is studied in

two steps which are robust non-cooperative sensing algorithm and cooperative

sensing. The following are main contributions of this dissertation:

Spectrum Sensing by a Single Detector: We propose a novel spec-

trum sensing algorithm that uses different statistical correlation of signal and

noise in the frequency domain. The results of this research show that this algo-

rithm can detect primary signals reliably at very low SNR within a reasonable

sensing time, with robustness to uncertain noise levels. The research derives

theoretical performance analysis and verifies it through detailed simulations us-

ing actual data captured in the field. Comparison with prior work shows the

superior detection capability of the proposed sensing algorithm.

Cooperative Spectrum Sensing in a Wireless Spectrum Sensing

Network: We investigate cooperative white space sensing in WSSN limited by
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channel correlation. Each sensor uses the proposed detection algorithm and the

BS optimally combines the soft detection results by the Neyman-Pearson log-

likelihood ratio test. The lower bound on the probability of false alarm and the

cooperation gain are analyzed. The theoretical lower bound and the effective

number of independent and identically distributed (i.i.d.) sensors are compared

to those of the cooperative energy detector. The results of this research shows

that the proposed sensing algorithm outperforms the existing solutions in cor-

related channels also.

Low Power Modulation for Wireless Spectrum Sensing Net-

work: In Chapter 4, a power efficient transmission technique for WSSN is

proposed and studied. Since a WSSN is in effect a wireless sensor network,

power consumption in every component should be minimized. However, prior

work on WSN has been focused on reducing transmit power only, which is in

many cases not the most important metric. We present a source coding and

modulation technique that more closely minimizes total power consumption by

reducing both Tx and Rx power. The results of this research shows enhanced

power efficiency and bit error rate (BER) relative to the existing solutions.
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Chapter 2

White Space Detection with Spectral

Covariance Sensing (SCS)

Because the cognitive radio system typically uses spectrum it has not

licensed, it must not interfere with the licensed users (referred to as primary

users), who possibly are hidden in a shadowed area or near the edge of the pro-

tection contour of the primary transmitter, that is the well-known hidden node

problem depicted in Fig. 2.1 [26, 64, 113]. Therefore, CR systems are required

to detect the presence of weak primary signals even at levels where error-free

communication is impossible [47, 71, 107]. In this chapter we propose a novel

spectrum sensing algorithm called spectral covariance sensing (SCS) that is de-

signed for a single sensor node as a building block of a wireless spectrum sensing

network (WSSN). The sensing algorithm exploits the different statistical corre-

lation of signal and noise in the frequency domain, and is shown to significantly

outperform any single detection algorithms yet proposed in the literature, in-

cluding those expected to be adopted by many practitioners of the IEEE 802.22.

The cooperative sensing using this SCS detection in the WSSN will be discussed

in Chapter 3. This chapter is based on the paper [54] and [55].
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Primary

TX

Primary RX

Secondary

BS

Secondary node

RP

RG
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Figure 2.1: Hidden Node Problem, where RP is primary cell radius, RG is
guarded region and RS is secondary cell radius.

2.1 Related Work

Spectrum sensing research has been active, resulting in numerous pro-

posed sensing algorithms, which are well summarized in [89] and [115]. Studies

on non-cooperative spectrum sensing can be classified in two categories: blind

detection and feature detection. Blind detection is universal since it does not

rely on prior information such as signal characteristics, channel and noise power,

but the performance is generally poor. Feature detection senses specific charac-

teristics of a known signal, and typically shows better performance than blind

detection at the expense of not being applicable to all possible primary signals.

The simplest (blind) sensing algorithm is an energy detector, but it suffers from

severe degradation under uncertain noise power [93, 98, 108]. A more robust
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blind sensing method called covariance absolute value (CAV) detection [116],

exploits the uncorrelated nature of the noise, whereas the primary signal is cor-

related. While the detection performance is comparable to the energy detector

for a given noise power, it is much more robust to uncertain noise power than

the energy detector.

There have been several studies on the detection of digital TV signal

features, which is one of the primary services to be protected in the IEEE

802.22 systems, and hence a logical starting point for feature detection sensing

algorithms. A Field Sync Correlation Detector (FSCD) and a Segment Sync

Autocorrelation Detector (SSAD) are proposed in [13], which exploit the repet-

itive nature of synchronization sequences, but their performance is similar to

blind detectors. In addition, it needs longer sensing time compared to other

detectors, which makes it inappropriate in real applications. Cordeiro et al.

proposed two FFT based pilot detection methods, one sensing the pilot energy

and the other sensing the pilot location [18]. Pilot location detection is robust

to the noise uncertainty, while pilot energy detection is not. Under a certain

noise power, both methods achieve fairly good performance.

The idea of signal detection using cyclic spectral density (CSD) or spec-

tral correlation function (SCF) is introduced in [38]. The cyclostationary nature

of the modulated signal generates unique cyclic frequencies that are known to

the detector a priori. The FFT based pilot location detector [18] is similar to

the CSD detector in the sense that they both detect frequencies that contain

relatively strong power.
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Tandra and Sahai developed a useful theoretical limit called the SNRwall

on reliable sensing under uncertain noise power [99,100]. They also proposed a

matched filter with run-time noise calibration [98] to combat the time-varying

nature of the wireless channel. Although the matched filter is an optimal detec-

tion algorithm, it requires perfect synchronization and parameter estimation,

which is generally impractical.

Most of the prior work could not achieve satisfactory sensitivity in real

environment [49].

2.2 Contributions and Organization

In this chapter, we propose a spectral covariance sensing (SCS) algo-

rithm that exploits different statistical correlations of the signal and noise in

the frequency domain. The SCS detects spectral features which are specific to

the primary signals for maximum sensitivity. It is a less-strict sense feature

detection because it only needs approximate locations of the spectral peaks or

valleys, whereas other feature detection requires exact and detailed informa-

tion such as sync interval, modulation type and packet structure. We analyze

its performance theoretically, and then verify those results through extensive

simulations using actual DTV signals captured in the real environment. Our

simulations are publicly available at [52], so that our performance claims can

be externally verified, which is particularly important for this application [109].

Rigorous comparisons with the FFT based pilot energy detector [18] and

the CAV detector [116] show that SCS achieves 3 dB better sensitivity than the
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FFT based pilot detection method (and an even larger gain vs. CAV) with the

same sensing time or equivalently, achieves the same sensitivity in 20% of the

sensing time. In the extremely low SNR regime, a 3 dB gain is a very significant

improvement. It is also shown that the sensitivity of the CAV can be improved

greatly when combined with parts of the proposed algorithm. Furthermore,

we show that the technique is unusually robust to noise uncertainty. The SCS

achieves the best sensitivity of any spectrum sensing approach proposed thus

far in the literature, to the best of our knowledge.

The rest of this chapter is organized as follows. The SCS algorithm is

presented in Section 2.3. Section 2.4 analyzes detection performance of the SCS,

especially in the low SNR regime. The theoretical results are verified through

simulations using actual data and requirements of the IEEE 802.22 standards

in Section 2.5. Detection performance with various parameter selections is ex-

plored and comparisons with the previous methods are also presented. Section

2.6 summarizes the chapter.

2.3 Spectral Covariance Sensing

Assume that there is either one or no primary transmitters to detect,

and that the secondary node can be located inside or outside of the primary cell

boundary. The detection problem can then be formulated as a binary decision

under two hypotheses as in [98, 116]:

H0 : z(n) = w(n), (2.1)

H1 : z(n) = s(n) + w(n), (2.2)
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where z(n) is the equivalent received signal at baseband, s(n) is the signal

component of received samples and w(n) is the noise component. The signal

component s(n) may have a DC term (sd(n) = sd) and an AC term (sa(n)).

Therefore the signal samples are assumed to be independent and identically-

distributed (i.i.d.) with mean E[s(n)] = sd and variance σ2
s = E[s2

a(n)]. The

noise samples w(n) are zero-mean i.i.d. white Gaussian noise with variance σ2
w.

For simplicity, we assume that the primary signal has a flat spectrum

with a pilot tone at low frequency, consistent with the ATSC signal [13, 18].

However, the proposed algorithm can also be applied to signals with non-flat

spectrum. The SCS algorithm exploits correlation of spectral feature in the band

of interest where the signal specific spectrum that distinguishes itself from other

signal or noise is located. Once the spectrum of the received signal is obtained

by periodogram estimation [79, 96, 103], its correlation is computed using the

sample covariance matrix. The primary signal typically has unique non-flat

spectrum, so it is highly correlated, whereas the noise spectrum is flat and is

almost entirely uncorrelated. To find the relative correlation, the autocovariance

of the spectrum is compared with the total covariance. The signal is detected if

the spectral correlation is higher than the predefined threshold. The proposed

SCS algorithm is described as the following steps.

1. Downconvert the received signal x(t) to a baseband complex signal y(t) =

x(t)e−j2πfct to place the pilot tone at or near DC, where fc is the pilot fre-

quency.
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2. Low pass filter and downsample y(t) by appropriate sampling rate Fs to form

z(n).

3. Compute z(n)’s spectrogram by calculating the squared magnitude of its

short-time Fourier transform (STFT) as

Zτ (k) =
1

N

∣∣∣∣∣

N−1∑

n=0

z(n + τN)e−j 2πnk
N

∣∣∣∣∣

2

, (2.3)

where N is the number of FFT points, τ ∈ {0, 1, · · · , Nd − 1} is the index

of the sensing window, Nd is the total number of sensing windows and k ∈

{−N/2, · · · , 0, · · · , N/2 − 1} is the frequency index. Hence, the FFT is

calculated at every dwell time (ts) for Nd times.

4. Select components near DC according to

M =





Z0(−K) · · · ZNd−1(−K)
Z0(−K + 1) · · · ZNd−1(−K + 1)

...
...

...
Z0(0) · · · ZNd−1(0)

...
. . .

...
Z0(K) · · · ZNd−1(K)





,
[
m0 m1 · · · mNd−1

]

where K is the index of low pass filter cut off frequency (Bf) in the FFT, i.e.

K = bN · Bf/Fsc. This matrix reduction is in effect a low pass filter, that

selects spectral feature of the primary signal and reduces noise power. The

effective SNR is increased accordingly as long as the selected signal portion

contains more power than the rest does in the same bandwidth. Algorithmic

18



complexity is also reduced by a factor of N/(2K + 1) due to the smaller

matrix size in the covariance calculation.

5. Calculate sample covariance of M as

C = cov(M)

= Ek

[
(M − 1Nd

M)T (M − 1Nd
M)
]

(2.4)

where M = µM = [µ0, µ1, · · · , µNd−1], µτ = mτ = 1
2K+1

∑
k mτ (k), 1Nd

=

[1, 1, · · · , 1]T is the all one’s vector with length Nd and Ek[·] = 1
2K

∑
k[·].

Note that the covariance matrix C is symmetric.

6. Compute test statistic T = T1/T2, where

T1 =
1

Nd

Nd−1∑

τ=0

Nd−1∑

u=0

cτu = T2 +
2

Nd

Nd−1∑

τ=0

Nd−1∑

u=τ+1

cτu (2.5)

T2 =
1

Nd

Nd−1∑

τ=0

cττ , (2.6)

where cτu is the element of C at the τ th row and uth column, which is the co-

variance of mτ and mu. In other words, T2 is the sample mean of the diagonal

terms of the C matrix, which are the autocovariances of the spectrograms,

and T1 is the sum of all the elements of the covariance matrix.

7. Compare T with decision threshold γ as

T
H1

≷
H0

γ, s.t. γ = arg
T

sup PFA(T) = PFA,req, (2.7)

where PFA(T) is the probability of false alarm with threshold T and PFA,req

is the required false alarm probability given by the specification. If T exceeds
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γ, detection is declared (H1). Otherwise, the decision is made that no signal

is present (H0).

The test statistics T may superficially look similar to [116], but there are

several key differences that lead to SCS’s better performance. First, [116] used

correlation in the time domain while SCS uses the frequency domain. As shown

in [18] and [38], power spectrum is one of the most significant features of the

primary signal to be detected and is a frequency domain measure. Note that SCS

detects unique spectral features that are not entirely flat, e.g. peaks or valleys,

while [116] can be applied to any modulated signal without prior information.

Second, SCS uses only part of the spectrum by low pass filtering in step 4),

which results in reduced noise power, in other words, increased effective SNR.

Downsampling in step 2) also helps by averaging out noise which has zero mean.

Low pass filtering in step 2) is essential to prevent aliasing and suppresses noise

power in stop band. Engaging this step can improve the detection performance

of [116] considerably. Third, [116] uses non-negative (i.e. absolute) values of

the covariance matrix but SCS uses both positive and negative values.

2.4 Performance Analysis

The performance of spectrum sensing can be measured by two probabil-

ities: probability of detection PD and probability of false alarm PFA, which are
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defined as

PD = P
(
T > γ

∣∣ H1

)
, (2.8)

PFA = P
(
T > γ

∣∣ H0

)
. (2.9)

The primary goal of the proposed sensing algorithm is achieving high PD and

low PFA at the lowest received signal power level, however these two probabil-

ities trade off each other depending on the decision threshold γ. Therefore the

required detection capability is determined by the application as a minimum

PD and maximally allowed PFA pair at the required SNR.

In this section, detection performance of the SCS algorithm is analyzed

according to the following steps. Note that the current signal model is one of

the most difficult cases for the SCS detector, since it has only one peak over

a wide flat spectrum. The analysis given in this section can be easily applied

to other signal models with other spectral features, by suitably adjusting the

value(s) of fc, K, Bf , ts, and Nd. We will first set up the analytical model and

derive the statistics of variables. Second, we will find a solution for PFA. Since

the noise is assumed to be white Gaussian and the PFA analysis needs only the

noise spectrum and its correlation, we can get the analytical results accurately.

Then, the decision threshold γ is obtained by setting the PFA as required.

Finally, the PD is analysed with the given threshold and received SNR. In order

to find the theoretical solution for PD, the statistical distribution of T = T1/T2

is needed, however it is almost impossible to get in practice, especially when

the primary signal can have arbitrary spectrum shape as allowed in the SCS
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Table 2.1: Notations used in Analysis
Variable Description Unit

Nd number of sensing windows (dwells)
K index of low pass filter cut off frequency
ts length of one sensing window s

sτ (n) signal samples on the τ th dwell, sτ (n) , s(n + τN) V

wτ (n) noise samples on the τ th dwell, wτ (n) , w(n + τN) V
mτ (k) kth component of the spectrogram vector W/Hz

on the τ th dwell mτ

Ns(τ) average signal spectrum at the τ th dwell W/Hz
Nw(τ) average noise spectrum at the τ th dwell W/Hz
δs(τ, k) residual signal components at the kth bin, τ th dwell W/Hz
δw(τ, k) residual noise components at the kth bin, τ th dwell W/Hz
δp(τ) power of the pilot tone at the τ th dwell W/Hz
Sτ (k) Fourier transform of sτ (n)
Wτ (k) Fourier transform of wτ (n)

µτ in-band average spectrum at the τ th dwell W/Hz
No = Nw nominal one-sided PSD of the noise signal W/Hz

Ns nominal signal PSD W/Hz
δp nominal pilot power W/Hz
cτu sample covariance of mτ and mu

αl
p,α

l
s normalized correlations for pilot and signal each

αl
w normalized correlation for noise term

Ap
Nd

,Aw
Nd

accumulated correlations of pilot and noise
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algorithm. Therefore, we assume Gaussian distribution thanks to the central

limit theorem as PFA case. Besides the Gaussian assumption, we simplifies

some of the statistics for very low SNR regime that enables to find a closed

form solution. A summary of the notations used in the analysis is given in

Table 2.1. The convention used in this chapter is that the subscript p, s and w

stands for pilot, the rest of the signal and noise respectively.

2.4.1 Analytical Model and Statistics

The partial matrix M captures spectrum on the band of interest, such

as the spectrum near the pilot for the ATSC signal. Ideally, white noise would

have a flat spectrum over the frequency band; however this cannot be true in

a practical system using periodogram estimation [103]. Hence the noise spec-

trum can be estimated by some fluctuations over the nominal noise power spec-

trum density (PSD) Nw/2. The residual components, i.e. the fluctuations over

the nominal spectrum, are weakly correlated due to the filtering, however the

amount is small compared to the signal correlation. Since the diagonal elements

of the covariance matrix C are the autocovariances, they are larger than the

off-diagonal ones. When there is no signal components (H0), C becomes almost

a diagonal matrix and the resulting test statistic T gets close to 1. When there

is a primary signal whose spectrum is not flat, the residual spectrum is highly

correlated and T increases.
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When there is no signal, the spectrum is estimated as

mτ (k) =
1

N

∣∣∣∣∣

N−1∑

n=0

wτ (n)e−j 2πkn
N

∣∣∣∣∣

2

(2.10)

= Nw(τ) + δw(τ, k), (2.11)

and when the signal is present, it is

mτ (k)=
1

N

∣∣∣∣∣

N−1∑

n=0

(sτ (n) + wτ (n))e−j 2πkn
N

∣∣∣∣∣

2

=
1

N

∑

n

∑

m

{
sτ (n)s∗τ (m)e−j

2πk(n−m)
N + wτ (n)w∗

τ (m)e−j
2πk(n−m)

N

+2Re
{
sτ (n)w∗

τ (m)e−j 2πk(n−m)
N

}}

=Ns(τ) + δs(τ, k) + Nw(τ) + δw(τ, k) +
2

N
Re {Sτ (k)W ∗

τ (k)} . (2.12)

The signal and noise components are assumed to be uncorrelated.

If there is no signal, the statistics of mτ (k) are given as in [79]

E [mτ (k)] = No/2 = Nw/2 , µτ , (2.13)

var (mτ (k)) = (Nw/2)2 , (2.14)

where No is the one-sided PSD of the noise signal w(t), which has full span of

the bandwidth B. Note that µτ 6= E[mτ (k)] for non-white signal. Since w(n) is

the filtered and downsampled version of w(t), the effective noise power is given

as

σ2
w = σ2

oBf/B = NwBf , (2.15)

where σ2
o is the noise power in received signal x(t) = w(t). A perfect low pass

filter with cutoff frequency Bf is assumed here.
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Figure 2.2: Signal and noise components in the spectrum model. Magnitudes
are relative and not to scale.

In this chapter, we assume the primary signal has a pilot tone, which has

fp(0 < fp < 1) of the total signal power PS. Fig. 2.2 illustrates the spectrum

model and parameters used in the following analysis. With these settings, we

can obtain the mean PSD of the received signal as follows.

Lemma 2.1. The in-band average spectrum of the signal and noise at the τ th

sensing window, which is the mean of the τ th column of the matrix M, is

µτ = Nw +
δp(τ)

2K
+

Ns(τ)

2
. (2.16)

Proof. See Appendix A.1.
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In the low SNR regime where Nw � Ns, µτ can be further simplified as

µτ ≈ Nw +
δp(τ)

2K
, (2.17)

i.e. the in-band power is mostly concentrated on the pilot frequency and it can

be comparable to the noise power even in the extremely low SNR where the rest

of the signal power is almost dominated by the noise components.

The elements of the covariance matrix C can be obtained as

cτu = cuτ = Ek

[
(mτ − µτ12K+1)

T (mu − µu12K+1)
]

=
1

2K

K∑

k=−K

(mτ (k) − µτ ) (mu (k) − µu) (2.18)

= Ek[mτ
Tmu] − µτµu

(
2K + 1

2K

)
. (2.19)

Define normalized correlations for signal power spectrum and noise as

αl
p =

E[δp(τ)δp(u)]

δ2
p

>
E[Ns(τ)Ns(u)]

N2
s

= αl
s, (2.20)

αl
w =

Ek[(d
τ
w)Tdu

w]√
vark(dτ

w)vark(du
w)

=

∑
k δw(τ, k)δw(u, k)

2KN2
w

, (2.21)

where l = τ − u and dτ
w = [δw(τ,−K), · · · , δw(τ, K)]T .

Then the statistics of cτu can be obtained using the following Lemma

2.2, which specifies the covariance matrices.

Lemma 2.2. When the primary signal is present, the statistics of cτu can be

26



derived as

E[cτu] = αl
wN2

w +
αl

p

2K
δ2
p + Ns

(
Nw + (Ns + Nw)αl

s

)
+ O(

1

K2
), (2.22)

var[cτu] =
N2

wδ2
p

2K2

(
1 +

δp

Nw

)2 (
1 + αl

pδ(l)
)

+
N2

w

4K2

(
K +

(
1 +

δp

Nw

)2
)
(
2 + N2

wδ(l)
)

+O(
1

K4
), (2.23)

where l = τ − u and δ(n) is a Kronecker delta function, which is δ(n) =
{

1, if n = 0
0, if n 6= 0 .

Proof. See Appendix A.2.

Since K � 1, the last terms of (2.22) and (2.23) can be omitted for

simplification. As in (2.17), the expectation of cτu can be further simplified in

the low SNR regime as

E[cτu] ≈ αl
wN2

w +
αl

p

2K
δ2
p . (2.24)

Note that the no signal case H0 can be found by letting Ns = δp = 0.

The Lemma 2.2 clearly shows that the covariance matrix depends on

the correlation of the received signal and its relative power to the noise power,

which is the SNR. The statistics of the test are given in the following Theorem

2.1.
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Theorem 2.1. The statistics of the test criterion in the low SNR regime are

E[T1(Nd)] ≈ N2
w +

δ2
p

2K
+

2Aw
Nd

Nd

N2
w +

Ap
Nd

KNd

δ2
p , (2.25)

E[T2(Nd)] ≈ N2
w +

δ2
p

2K
, (2.26)

var(T2(Nd)) ≈ 1

K2Nd

{
δ2
p(Nw + δp)

2 +
N2

w

4

(
N2

wK + (Nw + δp)
2)
}

,(2.27)

where the accumulated correlation of the noise and signal are given as

Aw
Nd

=

Nd−2∑

l=0

(Nd − 1 − l)αl
w, (2.28)

Ap
Nd

=

Nd−2∑

l=0

(Nd − 1 − l)αl
p. (2.29)

Again the no signal case is obtained by letting all the signal terms to be

zero and the approximations become exact.

Proof. Equations (2.25) through (2.27) can be easily derived from the results of

Lemma 2.2 and (2.24) as

E[T2] = E[cττ ], (2.30)

E[T1] = E[T2] +
2

Nd

Nd−2∑

τ=0

Nd−1∑

u=τ+1

E[cτu] (2.31)

var[T2] =
1

Nd

var(cττ ). (2.32)

The approximations are made here based on the simplified statistics of

the covariance matrix for the low SNR regime, and will be verified through
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simulation in Section 2.5. The results of the Theorem 2.1 shows that T2 is

composed of autocovariances of the signal and noise term and T1 is composed

of accumulated covariances. Therefore, we can expect the relative amount of

these values will determine the detection performance, which will be derived in

Section 2.4.2.

2.4.2 Probability of Detection

In this section, the performance of the SCS algorithm is analyzed in two

steps. The decision threshold is found first and then the probability of detection

is derived as in [116]. By the central limit theorem, both T1 and T2 approach

Gaussian distribution when the number of samples (Nd × N) becomes large.

The decision threshold and the corresponding probability of detection are given

in the following Theorem 2.2 and 2.3.

Theorem 2.2. The decision threshold γ is determined as

γ =
2
√

KNd

(
1 +

2Aw
Nd

Nd

)

Q−1(1 − PFA,req) + 2
√

KNd

, (2.33)

where PFA,req is the required probability of false alarm.
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Proof. The probability of false alarm PFA can be calculated as

PFA = P

(
T1

T2

> γ
∣∣∣ H0

)

= P

(
T2 <

T1

γ

∣∣∣ H0

)

≈ P

(
T2 − E[T2]√

var(T2)
<

E[T1]/γ − E[T2]√
var(T2)

∣∣∣ H0

)

= P



T2 − N2
w√

N4
w

4KNd

<

N2
w

γ

(
1 +

2Aw
Nd

Nd

)
− N2

w
√

N4
w

4KNd

∣∣∣ H0





= 1 − Q

(
2
√

KNd

γ

(
1 +

2Aw
Nd

Nd

)
− 2
√

KNd

)
, (2.34)

where Q(x) = 1
2π

∫∞
x

e−u2/2du.

Therefore, γ is easily derived from (2.7) and (2.34).

If we assume the noise correlation is independent of the lag, i.e. αl
w =

αw, ∀l, then Aw
Nd

becomes proportional to N2
d for large values of K ·Nd product

and the threshold γ has a tendency to become proportional to Nd. Note that the

decision threshold is independent of the noise power and SNR, which explains

the robustness of SCS to the noise power uncertainty.

Theorem 2.3. The probability of detection is obtained as

PD = P

(
T1

T2

> γ
∣∣∣ H1

)

≈ 1 − Q




2
√

Nd

γ

(
1 +

2Aw
Nd

Nd
− γ
)

+
Nd+2Ap

Nd
−γNd

γK
√

Nd
Γ2

p

1 +
2Γ2

p

K



 , (2.35)
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where Γp is the effective SNR, which is

Γp ,
δp

Nw

=
fpBN

Fs

PS

PN

=
fpBN

Fs

SNR. (2.36)

Proof. The probability of detection can be derived in a similar way as Theorem

2.2. The variance of T2 can be further approximated for the low SNR case as

var(T2(Nd)) 5
1

Nd

(
δp

K
(Nw + δp) +

Nw

2K

(
NwK +

δp

K

))2

=
1

Nd

(
N2

w

2
+

δp

K
Nw +

δ2
p

K

)2

(2.37)

≈ 1

4Nd

(
N2

w +
2δ2

p

K

)2

. (2.38)

Then, the probability of detection is derived the same way as the proof

of Theorem 2.2 as

PD = P

(
T1

T2
> γ

∣∣∣ H1

)

= P

(
T2 − E[T2]√

var(T2)
<

E[T1]/γ − E[T2]√
var(T2)

∣∣∣ H1

)

= P




T2 − E[T2]√

(var(T2))
<

N2
w

γ

(
1 +

2Aw
Nd

Nd

)
+

Nd+2Ap
Nd

2γKNd
δ2
p − N2

w − δ2
p

2K

1
2
√

Nd

(
N2

w +
2δ2

p

K

)
∣∣∣ H1





≈ 1 − Q




2
√

Nd

γ

(
1 +

2Aw
Nd

Nd
− γ
)

+
Nd+2Ap

Nd
−γNd

γK
√

Nd
Γ2

p

1 +
2Γ2

p

K



 . (2.39)
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Given SNR and sampling rate Fs, the effective SNR is determined by

the number of FFT N in a dwell, since the signal bandwidth B and pilot

power fraction fp are fixed for the ATSC signal. Theorem 2.3 indicates that the

detection probability PD can be increased by increasing the number of samples

either by N or Nd. Note that K is also increased when N is increased, and that

the decision threshold γ is also increased along with Nd. Hence, we expect that

the length of sensing window or dwell ts affects the performance more than the

number of dwells Nd.

2.5 Simulation Results and Comparisons

In this section, we present simulation results of the proposed SCS al-

gorithm that show its practicality and superior detection performance versus

existing solutions in terms of sensitivity and sensing time. The simulation has

been conducted in compliance with the IEEE 802.22 standards using actual

DTV signals captured in the US, for fair comparison and more importantly, to

prove SCS’s applicability to real spectrum sensing problems. Our simulation

codes are publicly available in [52]. The analytical results driven in Section 2.4

are also verified in this section.

2.5.1 Spectrum Sensing Requirements

In any CR based system, emphasis is on the sensing of potential primary

services in the given frequency band. Each CR system has its own requirements

on the spectrum sensing depending on various aspects of the primary services,
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propagation characteristics and application specific features. Spectrum sensing

requirements of the IEEE 802.22 system are reviewed in this section and used

in the simulation.

The sensitivity is defined as the minimum received power at the sec-

ondary system that can be detected with the given probability of detection

(PD) and probability of false alarm (PFA) pair. Note that the sensitivity is not

equal to the SNRwall in [98]. As shown in Table 1.1, the primary services in the

IEEE 802.22 systems are digital TV, analog TV, and wireless microphone, op-

erated in TV Bands (54 – 862 MHz) [26,87]. The format and bandwidth of the

TV signal depends on the regional regulation. For example, digital TV signals

can be Advanced Television Systems Committee (ATSC: North America), Dig-

ital Video Broadcasting - Terrestrial (DVB-T: Europe) or Integrated Services

Digital Broadcasting (ISDB: Japan) [18, 97]. In this chapter, only ATSC A/74

DTV signal [1] is considered for detection. The required sensitivity is 90% of

PD and 10% of PFA at -116 dBm, which is equivalent to -21 dB of SNR. Figure

2.3 shows a sample ATSC spectrum that will be detected using the proposed

algorithm. As explained in Section 2.4, it has a high powered pilot on the lower

edge and is correlated near the pilot.

2.5.2 Simulation Procedure

The simulations were performed according to the procedures in [88] and

[63] with the proposed SCS algorithm. Two previous sensing algorithms are also

tested for comparison and the performance analysis given in Section 2.4 is also
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Figure 2.3: Spectrogram of a captured ATSC signal around pilot tone at 2.69
MHz.

verified. The actual DTV signals captured by the ATSC in Washington DC and

New York City are used for simulation, which includes all relevant impairments

of wireless channels such as fading, scattering, shadowing and local oscillator

mismatch. The 12 selected signals recommended by the 802.22 committee [88]

are used as in several other studies [13, 18, 116].

Due to the random characteristics of the wireless channel, detector per-

formance varies significantly. Figure 2.4 shows the probability of missed detec-

tion (PMD = 1 − PD) for five selected signals that illustrates the broad range

of sensing performance along with the average of the 12 signals. Note that the

sensitivity difference can be as large as 12 dB with PFA = 0.1. The 21.52 MHz

sampled ATSC captured signal is downsampled to Fs = 2.152 MHz. The FFT
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Figure 2.4: Probability of missed detection of Spectral Covariance Sensing (SCS)
for the 5 ATSC signals selected from the 12 signals set, ts = 1ms, Nd = 30.

point N is determined by

N = 2n s.t. n = blog2(Fs/∆f)c = blog2(Fs · ts)c, (2.40)

where ∆f is the frequency resolution of the FFT and ts is one sensing time.

For Fig. 2.4, ts = 1 ms and N = 2048 are used. The number of dwells Nd is 30

and LPF bandwidth Bf is set to 20 kHz to provide a buffer for frequency devi-

ations. The sensing requirements of 802.22 are achieved with these parameters.

Downsampling frequency Fs and bandwidth Bf are fixed throughout the rest of

the chapter.
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Table 2.2: Decision Thresholds (γ) for ATSC signal detection with PFA = 0.1
Analytical Value (2.33)

Nd
ts (ms)

0.1 0.5 1.0 2.0
6 3.39 2.83 2.73 2.70
12 5.92 4.89 4.70 4.64
30 13.16 10.96 10.60 10.36

Simulated Value

Nd
ts (ms)

0.1 0.5 1.0 2.0
6 3.59 3.07 2.92 2.75
12 6.51 5.27 4.29 4.79
30 14.17 11.27 10.95 10.62

2.5.3 SCS Sensing Results and Comparisons

Before we evaluate the probability of detection, the analytical value of

decision threshold is verified in Table 2.2 with simulation. The decision thresh-

old γ is roughly proportional to Nd as expected. It is slightly reduced as ts

increases, but the effect is negligible compared to that of Nd. Also note that

the analytical value fits better as the number of samples increases as expected.

Figure 2.5 shows probability density function (pdf) of the ATSC signal,

which validates Gaussian assumption in the analysis. Statistics of both the

real and imaginary components in baseband are shown with ideal Gaussian

distribution curve. Pdf of the test statistics T2 is shown in Fig. 2.6. In both

figures, Nx means ideal Gaussian distribution on x, i.e. Nx ∼ N (E[x], var(x)).

Fig. 2.5 and Fig. 2.6 clearly show that Gaussian assumption is correct and

validate our analysis in Section 2.4.
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Figure 2.5: Probability density function of a received ATSC signal (WAS-49-39),
Nd = 12, ts = 0.1 ms.
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Figure 2.6: Probability density function of test statistics T2 on a received ATSC
signal (WAS-49-39) with additive noise, Nd = 12, ts = 0.1 ms, SNR = −15 dB.
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The detection performance of the proposed SCS detector is compared

with the FFT based pilot location detector [18], covariance absolute value (CAV)

detection [116], and CAV with low pass filtering and downsampling (step 2 of the

SCS algorithm) in Fig. 2.7 on detecting ideal ATSC signal with additive white

Gaussian noise (AWGN). Sensing times for SCS and the pilot location detector

are set to 30 ms (1 ms × 30 and 5 ms × 6 each) and CAV used Ns = 5 × 105

samples (23.2ms) with a smoothing factor L = 14. The decision thresholds

for SCS and CAV are set to make PFA = 0.1. The PFA of the pilot location

detector was 0.02. The sensitivities of SCS and pilot location detector are about

7 dB better than that of the CAV, while CAV with step 2 outperformed SCS

about 1.3 dB. Note that the step 2 not only reduces the complexity but also

significantly improves the sensitivity of the CAV detector due to the increased

effective SNR. This step is also used in [18].

Though Fig. 2.7 shows that SCS, pilot detector and improved CAV meet

the sensitivity requirement of the IEEE 802.22 standard, it does not guarantee

their performance in the real environment. Since detector performance is highly

dependent on the received signal quality that is degraded by the unpredictable

wireless channel, it is very important to test the detector under practical cir-

cumstances. Hence, all the simulation results from now on are conducted using

the actual signal sets explained in Section 2.5.2.

Figure 2.8 shows the superior sensitivity of SCS based on the number of

dwells Nd. All the parameters for each detector are set as used in Fig. 2.7. The

sensitivities are averaged over all 12 signals for each detection method. The SCS
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Figure 2.7: Probability of missed detection of Spectral Covariance Sensing
(SCS), FFT pilot location detector [18], Covariance Absolute Value (CAV) [116],
and CAV with low pass filter and downsampling (step 2 of SCS algorithm) on
the ideal ATSC signal.
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Figure 2.8: Effects of Nd in Spectral Covariance Sensing (ts = 1ms) compared
with the FFT pilot location detector [18] and covariance absolute value (CAV)
detector [116].
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Figure 2.9: Effects of ts in Spectral Covariance Sensing, Nd = 12.

algorithm shows similar performance with pilot location sensing when Nd = 6,

which is 1/5th of the sensing time. Fast sensing has several advantages. It can

reduce interference to the primary service by enabling fast channel changes [115].

Furthermore, the secondary system can use the channel more efficiently since

it cannot transmit during the sensing time [17]. When the same sensing time

(30 ms) is used, it shows about 3 dB better sensitivity. Figure 2.8 also shows

that SCS is very effective detector in real environment. Though improved CAV

(with low pass filtering and downsampling) has better sensitivity for ideal ATSC

signal than SCS, the SCS outperforms it when detecting actual signals.

Given the sampling rate, the frequency resolution or equivalently number

of FFT size N is determined by the duration of the sensing window ts as in

(2.40). For example, 0.1 ms sensing window allows a 128-point FFT, while 1
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Figure 2.10: Probability of missed detection of Spectral Covariance Sensing in
various sensing times (ts × Nd).

ms allows a 2048-point FFT. In Fig. 2.9, we show that fine frequency resolution

(a longer sensing window) detects better when the same dwells are used, which

also coincides with the analytical results. The sensitivity of the SCS algorithm

is improved by roughly 2 dB per doubled window size.

Combining the above results, the relationship between the total sensing

time Ts = ts × Nd and detection performance of SCS is investigated in Fig.

2.10. The simulation results show that ts affects performance more than Nd, as

expected from Theorem 2.3. Note that 12 ms sensing time with ts = 2 ms has

sensitivity of -19.9 dB, while 15 ms with ts = 0.5 ms has -19.3 dB. It clearly

shows that there is a tradeoff between performance and complexity. Increased

sensing time allows an increased FFT size. One way to reduce complexity is to
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Figure 2.11: Comparison of the probability of missed detection of Spectral
Covariance Sensing with 2 dB noise uncertainty and 0 dB (without uncertainty).

decrease the down sampling frequency Fs and to use coarse frequency resolution.

However, since a 2048-point FFT is included in every 802.22 device [97], it can

be reused in spectrum sensing. Thus, using a 1 ms sensing window will be a

reasonable choice. Sensitivity of -22.9 dB is achieved with 2 ms × 30 = 60 ms

sensing time.

The noise power has thus far been assumed to be known at the receiver.

However, perfect estimation of noise power is impossible in practice and it is

well known that even a fraction of dB noise uncertainty can degrade detector

performance severely [98]. Figure 2.11 shows the robustness of SCS to the noise

uncertainty problem. The noise uncertainty factor ρ means that the noise power

has a uniform distribution of [−ρ dB, ρ dB]. SCS shows almost no performance
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degradation with 2dB of noise uncertainty regardless of sensing time. Note that

the nominal noise uncertainty level for the IEEE 802.22 system is 1 dB [87].

The robustness of SCS mainly comes from the fact that it exploits the

statistical independence of the signal and noise components, especially that the

noise is uncorrelated. Thus, uncertainty in the noise only reduces the possible

correlation and does not strongly affect signal detection.

2.6 Summary

In this chapter, we have proposed a spectrum sensing algorithm using

the covariance of the partial spectrum of the received signal. The proposed

SCS algorithm can be used to detect arbitrary signals with a proper selection

of parameters, depending on the features of the primary signal. The decision

threshold in particular should be carefully chosen since there is a fundamental

tradeoff between the probability of false alarm and the probability of detection.

We derived an appropriate decision threshold and the detection time and sen-

sitivity of SCS mathematically. The theoretical results were verified through

extensive simulations conducted using actual digital TV signals captured in the

US. The detection performance of SCS is compared with the FFT based pilot

location detector and the CAV detector. The SCS detector achieves the same

detection performance as the FFT based pilot location detector in 1/5th of the

sensing time and 3 dB better sensitivity in the same sensing time of 30 ms. It

has also been shown that SCS is highly robust against noise uncertainty.
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Chapter 3

Cooperative Spectrum Sensing

In Chapter 2, an efficient spectrum sensing algorithm for a single detector

was presented. However, even the best non-cooperative sensing techniques have

some fundamental limitations, especially when the channel experiences deep

fades. In this chapter, we investigate the theoretical limits of white space sensing

limited by channel correlation. In a log-normal shadowing channel, the received

signal power is correlated and this makes sensing a signal difficult, even with

several cooperative sensors. In the proposed WSSN system, each sensor uses

the spectral covariance sensing (SCS) proposed in Chapter 2. This chapter is

based on the paper [56].

3.1 Related Work

It has been shown that cooperation between sensing nodes – the sec-

ondary users – can increase detection performance and reduce the computational

burden on the individual nodes in literatures [10,50]. Collaborative detection is

proposed in [110] to reduce the probability of missed opportunity Pm.o (i.e., false

alarm, PFA in other literature). Each node detects the primary signal indepen-

dently using the energy detector and sends its own decision (hard information)
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or received signal power (soft information) to the centralized master station.

The master makes the final decision by combining collected information. The

authors showed that soft decision combining performs better over the hard de-

cision case. But Mishra et al. [67] claimed that soft decisions are better than

hard decisions only when the radios are tightly synchronized, which is difficult

to achieve with uncertain noise power levels. With the same settings as in [110],

the authors showed the sensitivity of hard decisions is almost the same as that

of soft decisions.

The detection sensitivity of the approaches in previous work are limited

when the cooperating nodes are correlated. The most important degradation in

the wireless channel is shadowing [9,28,35,113], since small-scale fading can be

dealt with a large suite of diversity techniques [6, 33, 82]. In [107], the authors

addressed correlated channel problem using an information fusion rule called

linear-quadratic (LQ) strategy. Each sensor performs a likelihood ratio test,

and the individual decision is combined using LQ in the master node. The LQ

outperformed the simple combining rule such as “AND”, “OR”, and “Counting

Rule” when the correlation is high. But the detection performance of the LQ

combining was worse than that of the simple rules when the channel correlation

is low.

Most prior work on cooperative spectrum sensing used energy detectors

in each sensing node, which resulted in fairly poor performance under corre-

lated channels. In [30], a theoretical bound of the cooperative energy detection

in terms of the probability of missed opportunities Pm.o was studied. They

45



also evaluated – using the effective number of independent and identically dis-

tributed (i.i.d.) sensors – the cooperation gain. Cooperation gain is defined

as the number of i.i.d. sensors that achieve the same detection performance

(specifically, lower bound on the probability of false alarm) as when an infinite

number of correlated sensors are used, for a given sensing technique.

3.2 Contributions and Organization

In investigating cooperative sensing in this chapter, we propose using

SCS detection instead of energy detection. We do so because SCS, in the single

sensor environment, achieves better detection performance in terms of sensitiv-

ity, sensing time, and robustness to the uncertain noise power. The sensitivity

of SCS depends more on the spectral shape rather than SNR. The energy detec-

tor’s performance, on the other hand, is solely dependent on the received SNR,

which is usually correlated in a given region. We analyze the lower bound on

the probability of false alarm and evaluate the effective number of i.i.d. sensors.

Our findings show that cooperative SCS achieves an order of magnitude lower

PFA than cooperative energy detection [30]. We also show that in a correlated

log-normal shadowing channel, the cooperation gain is improved.

The rest of this chapter is organized as follows. Section 3.3 describes

the system model and the optimal detection scheme. Section 3.4 analyzes the

asymptotic detection performance of the proposed system and Section 3.5 sum-

marizes this chapter.
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3.3 System Model

The system model of the cooperative spectrum sensing network and the

optimal cooperation scheme are considered in this section. Correlated channel

model is also discussed.

3.3.1 System Architecture and Channel Model

Assume that there is only one primary transmitter with cell radius of RP

and guard range RG. The n secondary users with cell radius of RS are located

at a distance d from the primary transmitter which may or may not be within

the required detection range Rd( = RP + RG + RS), as illustrated in Fig. 3.1.

Sensors are located on the ring of radius d and spread within D(� d).1 The

distance between the ith and the jth sensor nodes is denoted as dij . This model

follows that used in [110] and [30].

The received SNR of the primary signal at each sensor experiences log-

normal shadowing2

x ∼

{
N(µ(R + δ) × 1, σ2

xΣx), H0 (white space)

N(µ(R) × 1, σ2
xΣx), H1 (occupied)

(3.1)

where x = [x1, x2, . . . , xn]T is the received SNR in dB scale at each sensor

node, 1 is the all one’s vector of size n × 1, µ(d) is the mean SNR at distance

1In this chapter, we assume that sensors that have the same average SNR cooperate with
each other for simplicity. This assumption has been widely used for a opportunistic schedul-
ing [102]. If we allow all sensors to cooperate regardless of SNR, sensors with the highest
received SNR will always be selected for data communication.

2Since sensing time for CR is generally several orders of magnitude longer than the channel
coherence time, it is not unusual in the spectrum sensing application design, path loss and
shadowing are considered for channel models but small scale fading is not [85, 107,110].
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Figure 3.1: System model of cooperative spectrum sensing. Distances are rela-
tive and not to scale.

d =
{

R+δ (>Rd), H0

R (≤Rd), H1
, and σx and Σx are the variance and normalized covariance

matrix of x respectively. That is, the mean of the received SNR is determined by

the distance between the primary transmitter and the sensor nodes d (location

of the secondary users whether they are inside the protected region or not), with

a variance due to log-normal shadowing. For the channel correlation between

the sensor nodes, we adopt the widely used Gudmundson model [35]

Σx(i, j) , ρx(i, j) = e−adij , (3.2)

where ρx(i, j) and dij are the correlation coefficient and distance between the

ith and the jth sensor nodes and a is an environment-dependent constant. This

model was originally proposed for cellular systems, but has proven useful in CR
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through actual measurements in [113], as well as in most cooperative spectrum

sensing research [30,107,110]. The effective SNR in the SCS sensor can then be

given in log and linear scale as

ŷ = x + α × 1, (log scale) (3.3)

y = 10ŷ/10 = 10α/10 ·
(
eln 10

)x/10
, Ceβx, (linear scale) (3.4)

where α = 10 log10

(
fpBN

Fs

)
, C = 10α/10 and β = ln 10

10
= 0.2303 are scaling

factors while fp, B, N , and Fs are the SCS parameters defined in Chapter 2,

which are the power ratio of the pilot to the total signal, signal bandwidth, the

number of the FFT points and the sampling frequency, respectively.

3.3.2 Cooperative Sensing Scheme

Each sensor node independently detects the primary signal using the SCS

algorithm and sends the test statistic T (soft information) or its own decision

(hard information) to the BS (not shown in Fig. 3.1) where the final decision is

made. Although communication between the sensor nodes and the secondary

BS is not a trivial problem, we assume that the BS gets information from the

sensors without delay or error (see e.g. [2,62] and the references therein for more

information). The optimum soft decision is obtained by the Neyman-Pearson

Lemma (likelihood ratio test) for this type of detection problem [30,76, 110] as

Φ(t) =
fT|H (t|H1)

fT|H (t|H0)

H1

≷
H0

γT , (3.5)

where γT is the decision threshold, fT|H (t|Hi) is the probability distribution

function (pdf) of t = [T1, T2, . . . , Tn]T given hypothesis Hi, and Tk is the de-
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cision statistics of the sensor k (step 6 in the SCS detection). Then the two

performance metrics of the sensors, the probability of false alarm (or missed

opportunity) PFA and the probability of detection PD are defined as

PFA = P
(
Φ(t) > γT

∣∣ H0

)
, (3.6)

PD = P
(
Φ(t) > γT

∣∣ H1

)
. (3.7)

As shown in Chapter 2, PD and PFA trade off each other. There can

be two ways of optimizing the performance: i) constant detection rate (CDR)

and ii) constant false alarm rate (CFAR) [74]. The CDR prioritizes acquiring

available spectrum by guaranteeing a predetermined PD while minimizing PFA.

The CFAR instead prioritizes the reduction of harm to the primary users by

minimizing the probability of missed detection PMD( = 1−PD) while maintain-

ing the PFA level. In this paper, we use CDR to find a theoretical lower bound

on PFA of the cooperative SCS detection in a correlated shadowing channel.

3.4 Detection Performance in Correlated Shadowing

Theoretical lower bound on the PFA using cooperative SCS detection is

derived in this section. Detection performance of the proposed system is also

compared with that of the cooperative energy detection.

3.4.1 Detection Problem and Statistics

Optimal detection (3.5) requires a priori knowledge of the pdf of the

test vector t. In practice, however, it is almost impossible to acquire such
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knowledge [54]. The decision statistics of the kth sensor Tk is the ratio of total

covariance and autocovariance, i.e. Tk = Tk,1/Tk,2. As in Theorem 2.3, the

detection problem in a single SCS detector can be given as

PD,k = P

(
Tk,1

Tk,2
> γk|H1

)
= P

(
Tk,2 <

Tk,1

γk
|H1

)
, (3.8)

where γk is the decision threshold for the kth sensor.

If we assume T2 = [T1,2, T2,2, . . . , Tn,2]
T

∼ N
(
µ2(d)×1,Σ

)
by the central

limit theorem, where µ2(d) is the average of T2 at distance d, and Σ is the

covariance matrix of T2, the detection problem (3.5) can be expressed as in [110]

and [30], as

1TΣ−1t2

1TΣ−11

H1

≷
H0

γ. (3.9)

Note that the distribution of T is included in the decision threshold γ, which

can be obtained as

γ = µ2(R) − 1

1TΣ−11
Q−1(PMD), (3.10)

where Q(x) = 1
2π

∫∞
x

e−u2/2du. Then PFA (or probability of missed opportunity

[30, 110]) is

PFA = P

(
1T Σ−1t2

1TΣ−11
> γ

∣∣∣H0

)
(3.11)

= 1 − Q
(
∆T (δ)

√
1TΣ−11 + Q−1(PMD)

)
, (3.12)

where ∆T = µ2(R + δ) − µ2(R) < 0. Therefore, the minimum PFA can be

obtained when 1TΣ−11 is maximized.

To find the theoretical limit of PFA and number of required sensor nodes

n, we consider one-dimensional sensor distribution model as in [30], by using
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D � d. That is, the sensors are separated in a row, with equal distances between

adjacent sensors, resulting in dij = D
n−1

|i−j|. Then the SNR correlation between

the ith and the jth sensors, eq. (3.2), is

ρx(i, j) = e−
aD
n−1

|i−j| , ρ|i−j|, (3.13)

where ρ = e−
aD
n−1 . Note that when n increases in finite region D, ρ (and ρx(i, j))

approaches 1. In other words, the nodes are highly correlated. The statistics of

the effective SNR and the corresponding covariance matrix Σ are obtained in

the following two Lemmas.

Lemma 3.1. Under the exponentially decaying correlation model, the statistics

of the effective SNR in the sensors can be derived as

µy = Ceβµx+ β2

2
σ2

x , (3.14)

σ2
y = C2e2βµx+β2σ2

x

(
eβ2σ2

x − 1
)

, (3.15)

ρij =
eρ|i−j|β2σ2

x − 1

eβ2σ2
x − 1

, (3.16)

where ρij is the correlation of yi and yj.

Proof. See Appendix B.1.

Lemma 3.2. The elements of the covariance matrix are given as

Σ(i, j) = C1(ρ
2
ij − C2), i, j = 1, 2, . . . , n (3.17)

where C1 =
N4

wσ4
y

2K2 and C2 =
µ2

y(2σ2
y+µ2

y)

2σ4
y

are constants, Nw is the power spectral

density (PSD) of the noise, and K = bNBf/Fsc is a SCS parameter.
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Proof. See Appendix B.2.

Lemma 3.2 shows that the covariance matrix consists of a correlation

term and a constant term, i.e., Σ = Σ̃ − C̃, where Σ̃(i, j) = C1ρ
2
ij and C̃ij =

C1C2 � 1.

Note that under practical log-normal shadowing where σx is typically

between the 6 and 12 dB range [31], ρij can be bounded by a simple power

expression. From (3.16),

ρij ≈ eβ2σ2
x(ρ|i−j|−1) ≥ ρm|i−j|, (3.18)

where the exponent m ∈ Z can be obtained by taking log on both sides as

m ≥ β2σ2
x(ρ

|i−j| − 1)

|i − j| log ρ
, m`, (3.19)

where ` = |i − j|, i, j ∈ {1, 2, . . . , n}. Since 0 ≤ ρ ≤ 1, it is obvious that

mk, k ∈ {1, 2, . . . , n − 1} is a monotonically decreasing sequence,3 i.e., m1 ≥

m2 ≥ · · · ≥ mn−1. Then,

Σ̃(i, j) = C1ρ
2
ij ≥ C1ρ̂

|i−j| , Σ̂(i, j), (3.20)

where, ρ̂ = min ρ2 = ρ2m1 .

Since Σ̂ is a Kac-Murdock-Szegö matrix [30], it can be shown that

1TΣ−11 ≤ 1T Σ̂−11 =
(1 − ρ̂)n + 2ρ̂

C1(1 + ρ̂)
, (3.21)

3Since ρii = 1, ∀i, m0 = 0. Therefore, we account for only the l ≥ 1 and 0 < ρ < 1 cases
here. When ρ = 0, all nodes are independent in which case arbitrary low PFA is possible by
increasing n [110].
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which means that the upper bound of 1TΣ−11 increases with n when the cor-

relation is fixed but is limited when not.

3.4.2 Lower Bound of the Cooperative SCS Detection

To find the asymptotic PFA of the cooperative SCS sensing network, we

need an upper bound on 1TΣ−11, which can be derived from (3.13) and (3.21)

as

lim
n→∞

1TΣ−11 ≤ lim
n→∞

1T Σ̂−11 (3.22)

= lim
n→∞

(1 − ρ2m1)n + 2ρ2m1

C1(1 + ρ2m1)
(3.23)

= lim
n→∞

(
1 − e−

2aDβ2σ2
x

n−1

)
n + 2

2C1

(3.24)

=
aDβ2σ2

x + 1

C1
. (3.25)

Theorem 3.1. Theoretical limit (lower bound) on the probability of false alarm

in cooperative SCS sensing is

P lb
FA,SCS(δ) = 1 − Q

(
1 − e−2β∆x(δ)

√
2 (eβ2σ2

x − 1)

√
aDβ2σ2

x + 1 + Q−1(PMD)

)
, (3.26)

where x is the received SNR vector and ∆x(δ) = µx(R + δ) − µx(R) < 0.

Proof. It can be shown using Lemma 3.1, (3.12) and (3.25). Since

∆T (δ) = µ2(R + δ) − µ2(R) (3.27)

=
N2

w

2K

(
µ2

y(R + δ) − µ2
y(R)

)
(3.28)

=
N2

w

2K
C2eβ2σ2

x
(
e2βµx(R+δ) − e2βµx(R)

)
, (3.29)
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and C1 =
N4

wσ4
y

2K2 , the lower bound of the PFA is

P lb
FA,SCS(δ) = lim

n→∞
PFA,SCS(δ) (3.30)

= 1 − Q

(
∆T (δ)√

C1

√
aDβ2σ2

x + 1 + Q−1(PMD)

)
(3.31)

= 1 − Q

(
C2eβ2σ2

x

(
e2βµx(R+δ) − e2βµx(R)

)
√

2σ2
y

√
aDβ2σ2

x + 1 + Q−1(PMD)

)

= 1 − Q

(
C2eβ2σ2

x

(
e2βµx(R+δ) − e2βµx(R)

)
√

2C2e2βµx(R+δ)+β2σ2
x (eβ2σ2

x − 1)

√
aDβ2σ2

x + 1 + Q−1(PMD)

)

= 1 − Q

(
1 − e2β(µx(R)−µx(R+δ))

√
2 (eβ2σ2

x − 1)

√
aDβ2σ2

x + 1 + Q−1(PMD)

)
. (3.32)

Theorem 3.1 shows that sensor location (δ) and concentration (D) de-

termines the detection performance of the cooperative SCS network. Other

parameters such as a and σx are constants. The sensor location means how far

the secondary network is located from the boundary of the primary cell. As δ

grows, the difference between the two hypotheses H0 and H1 gets larger and

gives better (lower) PFA, which follows intuition. However, it is often difficult

to assure a large gap in the received SNR between the two hypotheses, since the

required sensitivity is generally pretty low, e.g., −21 dB for detecting digital

TV signals in the IEEE 802.22 standard [47]. The concentration of sensors (n

sensors within D) or sensor density decides the correlation between the received

SNRs as shown in (3.13). When D is large, the correlation is reduced and in

turn the cooperation gain is increased.
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Figure 3.2: Asymptotic probability of false alarm in cooperative SCS sensors.
σx = 6 dB, ∆x(δ) = −5 dB.

3.4.3 Performance Evaluation

Fig. 3.2 shows the lower bounds of PFA as a function of D, given PMD

configurations with a = 0.1, ∆x(δ) = −5.0 dB, and σ = 6.0 dB. As the sensor

concentration D increases, the limit of PFA reduces rapidly. The lower bounds

of the energy detector [30] are also shown for comparison. The cooperative SCS

can achieve far less PFA than the energy detector under the same correlated

channel. This is mainly because the correlation of the received signal power

(or SNR) has less effect in the SCS detectors as shown in (3.18)–(3.20). The

difference of the statistics ∆T of the SCS detector is exponentially related, while

that of the energy detector is linear.
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Note that the cooperation gain of any cooperative sensing system can

be evaluated by the effective number of i.i.d. sensors. For the cooperative SCS

network, it can be obtained from (3.21) and (3.25) as

neff,SCS = aDβ2σ2
x + 1. (3.33)

Compared with that of the energy detector neff,ED = aD
2

+1 [30] , the cooperative

SCS sensor network has more effective i.i.d. sensors when σx ≥
√

1
2β2 = 3.07

or σ2
x ≥ 9.43. That is, when the SNR variance gets increased, SCS sensors

are less affected by the correlated channel than the energy detectors. In the

practical range of σx ∈ {6, 12} dB, the cooperation gain of the SCS over the

energy detector can be increased by a factor

max
σx

neff,SCS

neff,ED
=

aDβ2122 + 1

aD/2 + 1
≈ 15. (3.34)

In Fig. 3.3, the number of required sensors for a given detection metric

{PFA, PMD} of cooperative SCS detectors neq,SCS and the number of effective

i.i.d. energy detectors neff,ED are compared as a function of D, by numerical

method from (3.21) and the results of [30] as

neq,SCS , n, s.t. ∆T (δ)
√

1TΣ−11 =
∆x(δ)

σx

√
1TΣ−1

x 1, (3.35)

that is

1 − e−2β∆x(δ)

√
2 (eβ2σ2

x − 1)

√
(1 − ρ̂)n + 2ρ̂

C1(1 + ρ̂)
=

∆x(δ)

σx

√
aD

2
+ 1. (3.36)

When the difference between the mean SNRs of two hypotheses H0/1 increases,

the required number of SCS sensors is further reduced, whereas the effective
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Figure 3.3: Equivalent number of cooperative SCS sensors vs. energy detectors,
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number of i.i.d. energy detectors remains the same. Fig. 3.3 shows that the

superior sensitivity of the SCS detector over the energy detector enables reduc-

ing number of the required sensors, which in turn reduces correlation and saves

detection energy in the sensor network.

3.5 Summary

In this chapter, we have derived a lower bound for a cooperative spectral

covariance sensing technique under exponentially correlated log-normal shadow-

ing. The asymptotic probability of false alarm, given the probability of missed

detection, was derived for the case of large number of sensors. The cooperative

SCS detector achieved several orders of magnitude lower (better) probability of
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false detection than the cooperative energy detector. As a measure of coopera-

tion gain, the effective number of i.i.d. sensors was also analyzed. The effective

number of the cooperative SCS increases as the variance of the received SNR

increases, while that of the energy detector remains the same. In the practical

range of the log-normal shadowing channel, the number of the effective i.i.d.

sensors of SCS surpassed the energy detector by about 15 times. It is also

shown that cooperative SCS achieves the same detection performance with far

fewer sensors than the cooperative energy detectors.

The asymptotic performance given in this chapter, however, may be a

loose bound in several respects. First, the sensors are separated by a maximum

distance within a one-dimensional distance, D. More general sensor distribu-

tions such as uniform or Poisson point process [36] in two-dimensional space

should be studied in the future. Second, the covariance matrix of the sensors

was assumed to be perfectly known. Nevertheless, the results strongly suggest

that cooperative SCS is quite robust to correlated channels.
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Chapter 4

Low Power Modulation for Wireless Spectrum

Sensing Networks

In the previous chapters, we have investigated white space sensing tech-

niques for the WSSN architecture. In this chapter, we focus our attention on

the communication between the sensor nodes. Specifically, we propose a source

coding and modulation scheme, which reduce power consumption in both data

transmission and reception so that total communication power is minimized.

The proposed research demonstrates not only power savings but also superior

BER performance over the baseline direct sequence code division multiple access

(DS-CDMA) system. This chapter is based on the paper [53].

4.1 Related Work

The literature on wireless sensor networks mainly falls into two general

categories: network architecture and low power hardware implementation. Most

of network-oriented research focuses on wireless ad hoc network techniques, and

deal with media access control (MAC) layer and network layer problems [3, 41,

90, 106]. Energy efficient calculation algorithms and circuit design techniques

have been actively studied, while other authors have proposed scaling circuit

voltage and frequency according to application requirements [20,84,92,111]. It
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is found that dynamic voltage scaling can save almost half of the total power

consumption, while the wireless communication module – often simply called

the radio – is ranked in the second highest position of the power consumption

list [66]. In [14], a low power, low complexity direct-sequence spread-spectrum

(DSSS) modem is proposed, which reuses timing recovery circuitry.

The importance of power management in a wireless sensor network can-

not be overemphasized. A sensor node consists of several components, which

are sensing module, processing module, communication module and power mod-

ule. Among these modules, the communication module consumes considerable

amount of power [66]. It is generally believed that the main cause of power

consumption in wireless communication is in the transmit chain, which is com-

posed of modulator, up converter and power amplifier [19, 21,61]. Therefore, a

number of studies have been devoted to the low power transmission. However,

little research has been done on reducing power consumption in the receiver,

which can often consume power comparable to the transmitter in wireless sensor

network [81]. One of the effective power management techniques in circuit de-

sign is using sleep state and active state [91,111]. The basic idea is to shut down

the device (sleep state) when not necessary and to wake it up when needed.

Erin and Asada proposed minimum energy (ME) coding in [21] and

[22], which trades off transmission power and bandwidth by engaging sleep and

awake mode in source coding. The ME coding reduces the number of high bits

(i.e. the “1” bits) by inserting redundant low bits (the “0” bits), which results

in an increased codeword length (bandwidth) with less high bits, and saves
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transmission power when on-off keying (OOK) is used. Liu and Asada further

improved the ME coding by combing it with DS-CDMA [61]. CDMA is a proven

multiple access scheme for sensor and ad hoc networks due to its interference

averaging properties [57, 58, 105], that is adopted in a WSN standard IEEE

802.15.4 known as ZigBee [7, 15, 43, 104]. The ME coding resolves the multiple

access interference (MAI) problem in CDMA system by lowering the probability

of transmission, which is enabled by using OOK unlike traditional DS-CDMA

that uses BPSK modulation. However, the power consumption in the total

network may not be sufficiently reduced because of the increased receiver power

consumption resulting from the increased communication time.

A recent work [27] extended this approach by conducting further the-

oretical analysis in a wireless channel. The authors also analyzed the effect

of start-up power, which is considered small compared to the communication

power and thus omitted in this chapter. It was verified that MME is more

energy efficient than ME in short codeword length even with the added restric-

tions. If the start-up power increases, the MME becomes less power efficient due

to frequent shut-down and start-up, which will be overcome as the low power

circuit design technology improves as demonstrated in [112].

4.2 Contributions and Organization

In this chapter, we propose modified minimum energy (MME) coding

combined with DS-CDMA system to solve two drawbacks of the ME coding:

(1) increased power consumption in the receiver due to the enlarged codeword
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length, and (2) long trailing zero bits that may cause the receiver to lose sync,

which is a serious problem in the DS-CDMA system.

The MME codeword consists of subframes that has an indicator bit at

the beginning of each codeword. The BER performance of the entire system

is enhanced due to this added redundancy and better synchronization. The

MME coding improves the BER performance by about 3 dB compared to that

of the ME coding. It is also shown that the main purpose of using the MME

coding is power savings by engaging sleep mode at the receiver. The increase

of the transmission power is negligible but the power savings at the receiver is

substantial, resulting in total net power reduction. A complete analysis confirms

that the power savings of the MME coding over the ME coding is up to 3.5 dB.

The remainder of this chapter is organized as follows. Section 4.3 de-

scribes sensor node architecture and physical layer model. Section 4.4 explains

modified minimum energy (MME) coding. In section 4.5, analysis of signal-to-

interference and noise ratio (SINR), bit error probability, and energy saving are

shown. The performance comparison with ME coding is also presented. Section

4.6 summarizes this chapter.

4.3 System Model

The sensor node architecture and modulation scheme for communication

are considered in this section. An energy consumption model and a signal model

are also discussed for system analysis.
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4.3.1 Architecture of a Sensor Node

Fig. 4.1 shows a typical sensor node which has four components: a

sensing module, a processing (computing) module, a communication module

and a power module [3, 81, 111]. It may also have application specific compo-

nents such as a location finding module, a solar power generator, or a mobilizer.

The sensing module is composed of two subunits: an analog sensor and an

analog-to-digital converter (ADC). It detects analog signals, and feeds digitally

converted data to the processing module. The processing module controls all

other components in a node and contains microprocessor or microcontroller

and storage subunit(s). The communication module connects the node to net-

work and performs physical, and optionally MAC layer operations [106]. In

this chapter, we assume the MME coding takes place at the processing module,

and the communication module acts as a DS-CDMA transceiver. Note that

the spectrum sensing for WSSN is conducted in the processing module (covari-

ance computation, test statistics calculation and decision) and communication

module (downsampling, filtering and FFT).

During the operation of a sensor node, power is consumed in sensing, data

processing, and communication [3]. Among the three domains, we focus on the

communication. The average energy consumption of radio communications can

be modelled as

Eradio = Ẽtx + Ẽrx

= [Ptx,ckt(Ton,tx + Tst) + PtTon,tx] + Prx,ckt(Ton,rx + Tst), (4.1)
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Figure 4.1: Typical architecture of a sensor node.

where Ẽtx/rx is the average energy consumption of a sensor node while trans-

mitting/receiving, Ptx/rx,ckt is the power consumption of the electronic circuits

while transmitting/receiving, Pt is the output transmitter power, Ton,tx/rx is the

transmitter/receiver on-time, and Tst is the start up time of the transceiver [90].

Considering that Ptx/rx,ckt and Tst are determined by hardware characteristics

and therefore fixed, (4.1) can be further simplified as

Etx = Ptx,cktTon,tx + PtTon,tx (4.2)

Erx = Prx,cktTon,rx (4.3)

Etotal = Etx + Erx, (4.4)

where Etx/rx denotes the average energy consumption which is affected by the

coding and modulation scheme, and Etotal is total energy consumption in the
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node.

4.3.2 Proposed Modulation Scheme

The proposed system uses DS-CDMA combined with MME coding, and

is explained in detail in section 4.4. In this section, modulation scheme is

introduced. Each user’s data symbols are first MME coded, then every bit of

the resultant codeword is spread with a user-specific pseudorandom noise (PN)

sequence. The spread signal is modulated using OOK, and transmitted through

the channel. Fig. 4.2 depicts the system model.

Unlike conventional DS-CDMA systems that use binary phase shift key-

ing (BPSK), the proposed system spreads and transmits high bits (“+1”) only.

Thus, the computation required for spreading and transmit power are reduced.

Although OOK performs nominally 3 dB worse than BPSK due to the reduced

minimum distance in the signal constellation [118], the MME coding gains more

than compensating for this loss as long as more number of low bits are transmit-

ted. Additionally, the MME coding significantly reduces the MAI, since most

of the time, users don’t transmit.

The MME codeword is composed of several subframes. The first bit

of each subframe is an indicator for that subframe: if the indicator bit is a

“1”, then the subframe doesn’t contain high bits. Therefore the receiver need

not decode (demodulate and despread) that subframe. In this manner, receive

power is significantly lowered. If the bit is a “0” then the receiver decodes the

remaining bits of the subframe. The indicator bit enables reduced computation,
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Figure 4.2: DS-CDMA combined with MME coding.

resulting in power savings for data reception.

4.3.3 Signal Model

We consider an asynchronous DS-CDMA system with K users in a local

area. The local area is within reach of a WSSN, which can be a cluster as in [40].

The system modeling and analysis follows [61] and [80].
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As shown in Fig. 4.2, the transmitted signal for user k is given by

Sk(t) =
√

2Pkdk(t)ck(t) cos(ωct + θk), (4.5)

where Pk is the signal power, ωc is the carrier frequency, ck(t) is the spreading

sequence of the kth user with chip duration Tc, and θk is signal phase for the kth

receiver. The data signal dk(t) can be expressed as

dk(t) =

∞∑

j=−∞
d

(k)
j Π(t − j

Tb

2
), (4.6)

where (d
(k)
j ) is the kth user’s MME code sequence and Π(t) is a unit rectangular

pulse with duration Tb. Hence, the period of spreading code, N , is N = Tb/Tc.

In order to reduce power consumption in computing the encoded signal, multi-

plication of dk(t) and ck(t)in (4.5) are not performed actually, i.e. the spreading

sequence ck(t) is transmitted only for d
(k)
j = 1.

The received signal r(t) in additive white Gaussian noise (AWGN) chan-

nel is given by

r(t) =
K∑

k=1

√
2Pkdk(t − τk)ck(t − τk) cos(ωct + φk) + n(t), (4.7)

where τk is signal delay for the kth user, φk = θk − ωcτk, and n(t) is a white

Gaussian noise with two sided spectral density N0/2. Without loss of generality,

we consider the 1st user, and assume θ1 = τ1 = 0.

The correlation receiver output of the user 1 at t = Tb is

Z1 =

∫ Tb

0

r(t)c1(t) cos ωctdt

= D1 + I1 + η, (4.8)
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where Tb is the bit duration of d
(k)
j , D1 is the desired signal for user 1, I1 is the

interference from other users, and η is the AWGN term with variance NoTb/4.

Each term in (4.8) is as follows

D1 =

√
P1

2
Tb d

(1)
0 (4.9)

I1 =

K∑

k=2

√
Pk

2

(
d

(k)
−1Rk,1(τk) + d

(k)
0 R̂k,1(τk)

)
cos φk (4.10)

η =

∫ Tb

0

n(t)c1(t) cos ωctdt, (4.11)

where Rk,i(τ) and R̂k,i(τ) are the continuous-time partial cross correlation func-

tions defined by

Rk,i(τ) =

∫ τ

0

ck(t − τ)ci(t)dt, (4.12)

R̂k,i(τ) =

∫ Tb

τ

ck(t − τ)ci(t)dt. (4.13)

The ME coding and MME coding reduce the interference term in (4.10),

and thus improve the performance as shown in section 4.5.

4.4 Modified Minimum Energy Coding

This section introduces the proposed source coding scheme which is based

on ME coding. Therefore, we review ME coding first, and then describe MME

coding.

4.4.1 Minimum Energy Coding

The ME coding proposed in [21] is a source coding technique that reduces

the number of high bits in a codeword. When used with OOK, ME coding can
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reduce transmit power and MAI significantly [61,78]. Fig. 4.3(a) illustrates the

principle of ME coding.

To fully exploit the ME coding, codebook optimization and coding op-

timization should be performed. The former means the design of a set of code-

words (codebook) that has the fewest number of total high bits, and the latter

means assigning codewords with fewer high bits to symbols of higher probability.

For best performance, ME coding requires a priori knowledge of the message

symbols, which is a reasonable assumption since each sensor has the same kind

of information and the data usually follows some distribution.

A fixed length code is the simplest and the most practical ME coding

[61]. A codebook composed of length L codewords can accommodate up to

2L symbols. Each codeword has 1 to L high bits and the first q codewords of

the sorted codebook are used in representing q source symbols to minimize the

number of high bits. With this coding scheme, Ton,tx is greatly reduced, which

in turn reduces the transmit energy and MAI.

However, increased codeword length increases Ton,rx since the receiver

should be awake during that period. Due to the very short transmission dis-

tance, the power consumed while receiving data can often be comparable to the

transmission power [81]. Therefore the total energy consumption Etotal (4.4)

may not be reduced by ME coding. In fact in some cases, it may be increased.

The modified minimum energy (MME) coding is proposed in this chapter to

solve this problem.
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Figure 4.3: Comparisons of ME coding and MME coding.

4.4.2 Modified Minimum Energy Coding

The principle of MME coding is depicted in Fig. 4.3(b). Unlike ME

coding, a MME codeword is composed of several subframes. The first bit of

each subframe indicates if there are one or more high bits in that subframe, i.e.

bk,ind(l) =

{
1, if no high bits in the subframe
0, if at least one high bit in the subframe
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where l is bit index of the kth user’s codeword bit. The rest of the codeword is

the same as the ME codeword.

The receiver first decodes the indicator bit. If it’s not a “0”, the receiver

doesn’t decode the remaining Ls − 1 bits in the subframe. In this case, the

power required to decode a subframe is reduced by a factor of 1/Ls. Only when

the indicator bit is a “0”, the receiver decodes the whole subframe.

The MME coding can increase the number of high bits in a codeword

up to Ns = L/Ls bits over that of the ME codeword due to the indicator bit.

But the Ton,rx is decreased to 1/Ls times of that of the ME coding. From (4.3),

Erx is decreased accordingly. Thus if we design Ns < Ls, the total energy Etotal

is also reduced. Moreover, since most of operating time of the sensor node is

used for receiving data rather than transmitting, the MME coding can save

power efficiently. In addition, the insertion of indicator bits improves timing

synchronization at the receiver.

4.5 System Performance Evaluation

The probability of bit error and power consumption is analyzed in this

section. In order to do the required analysis, the SINR of the MME coded

DS-CDMA system is derived first.
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4.5.1 Signal-to-Interference and Noise Ratio (SINR)

The SINR is defined by the ratio of desired signal power to interference

and noise power. The signal power of D1 is

PD1 =
1

T

∫ T

0

(√
P1

2
Tbd

(1)
0

)2

dt =
α1P1

2
T 2

b , (4.14)

where α1(0 < α1 < 1) is the rate of high bits for d1(t) during the MME symbol

period T = LTb. The noise power consists of MAI term and Gaussian noise

term as defined in (4.10). The interference term I1 is random and is treated as

additional noise as in [80]. Thus the variance of the noise component of Z1 can

be expressed as

var(Z1) =
K∑

k=2

Pk

4T

∫ Tb

0

(
R 2

k,1(τ) + R̂ 2
k,1(τ)

)
dτ +

α 2
1 N0Tb

4

=
K∑

k=2

N−1∑

l=0

α1αkPk

4T

∫ (l+1)Tc

lTc

(R 2
k,1(τ) + R̂ 2

k,1(τ))dτ +
α 2

1 N0Tb

4
. (4.15)

We assume that power control is used and the probability of transmitting

high bits for each transmitter is the same as in [61], i.e. P1 = P2 = . . . = PK =

Pt and α1 = α2 = . . . = αK = α. In the ad-hoc network, it is generally not

possible to ensure equal received power at each node. More thorough results

that released this assumption can be found in [119] and [27].

The SINR can be expressed as

SINR =
PD1

var(Z1)
=

αPt

2
T 2

b

α2T 2
b

Pt(K−1)

6N
+ α2N0Tb

4

(4.16)

=

[
α

(
K − 1

3N
+

N0

2Eb

)]−1

. (4.17)
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Since MME coding adds Ns indicator bits to an ME codeword, that

portion of the number of high bits should be added to the α of ME coding.

Suppose that P(b
(1)

ind ) is the probability of indicator bit being 1, then αMME

becomes

αMME =
H + P(b

(1)
ind )(Ns − 1)

L
≈ αME +

P(b
(1)

ind )

Ls
, (4.18)

where H is the number of high bits in an ME codeword. The subframe length

Ls is usually Ls � 1, so the increment of α, and hence the degradation of SINR,

is insignificant.

4.5.2 Probability of Error

The bit error probability of an MME codeword is analyzed in this subsec-

tion. Since the decoding process is performed on a subframe basis, the decoding

of the indicator bit is very important. The symbol error rate can be expressed

as

Ps(ε) = 1 − P(no error) = 1 −
Ns−1∏

j=0

P̄j(ε)

= 1 − (1 − Psf(ε))
Ns , (4.19)

where P̄j(ε) = 1 − Pj(ε) is the probability of correct decoding of the jth sub-

frame. Since each subframe can have indicator bit of either 1 or 0, the average
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probability of subframe error Psf(ε) can be derived as follows,

Psf(ε) = P(b
(1)

ind )P
(
Z1 < δ | b (1)

ind

)
P (decoding error)

+P(b
(0)

ind )
[
P

(
Z1 < δ | b (0)

ind

)
P (decoding error) + P

(
Z1 > δ | b (0)

ind

) ]
(4.20)

= P(b
(1)

ind )pe(1)
(
1 − (1 − pe(0))Ls−1

)
(4.21)

+P(b
(0)

ind )
[(

1 − pe(0)
)(

1 − (1 − pe(1))α(Ls−1) ) ·
(
1 − pe(0)

)(1−α)(Ls−1)
+ pe(0)

]
,

where b
(i)

ind means the indicator bit is i (i ∈ {0, 1}), bit error probability pe(i) =

P(ε| i is sent) and δ is the threshold for bit decision. The probabilities of the

indicator bit are

P(b
(1)

ind ) = (1 − α)Ls−1 (4.22)

P(b
(0)

ind ) = 1 − (1 − α)Ls−1. (4.23)

The decision threshold is δ =
√

Pt

2
Tb and corresponding bit error probability is

given as pe = pe(i) = Q
(√

SINR
)

, i ∈ {0, 1}, where Q(x) = 1√
2π

∫∞
x

e−
u2

2 du.

Then the bit error rate (BER) of proposed system can be expressed as

Pb =
Ps(ε)

Ls

. (4.24)

The BER of ME coding can be shown in a similar way, i.e.

Pb,ME =
Ps,ME(ε)

Ls
=

1 − (1 − pe)
L

Ls
. (4.25)

Fig. 4.4 shows BER curves for DS-CDMA using MME coding and ME

coding. BPSK is shown for the MME/ME special case that α = 1. Both

ME and MME have better BER performance than the conventional DS-CDMA
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Figure 4.4: Bit Error Rate of MME coding and ME coding (Ls = 8, Ns = 5,
L = Ls · Ns = 40, N = 63, K = 50).

system that uses BPSK, with a large power savings. Our proposed MME coding

scheme has about 3 dB gain over ME coding when α = 0.8 for Pb = 10−4 even

though it has Ns more bits in a codeword.

4.5.3 Power Consumption

Besides the transmit power savings shown in the previous subsection,

MME coding reduces energy consumption at the receiver. Suppose the required

power for CDMA decoding is the same for both the ME and MME system.

Then the ratio of energy savings is that of the receiver on-time as in (4.3). The
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average receiver on-time for MME coding is as follows

TMME
on,rx = Ns

[
Tb + P(b

(0)
ind ) · (Ls − 1)Tb

]
(4.26)

= Ns

[
1 +

(
1 − (1 − α)Ls−1

)
(Ls − 1)

]
Tb (4.27)

= Ns

[
Ls

(
1 − (1 − α)Ls−1

)
+ (1 − α)Ls−1

]
Tb. (4.28)

The decoding time for ME coding is TME
on,rx = LTb, which is independent

of the value of α. Thus the receive energy gain of MME to ME coding is

ρ =
E ME

rx

E MME
rx

=
T ME

on,rx

T MME
on,rx

=
L

Ns [Ls (1 − (1 − α)Ls−1) + (1 − α)Ls−1]

=

(
1 +

1 − Ls

Ls

(1 − α)Ls−1

)−1

, (4.29)
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i.e. the energy savings of MME coding is dependent on α and Ls. Fig. 4.5 shows

the relationship between those parameters. The lower the α, the more energy

is saved and there is an optimal pair for the value of α and Ls. Interestingly,

there appears to be a tradeoff between the performance improvement of MME

over ME for BER and power savings. As α decreases (and low bits become ever

more common), the BER performance increase for MME coding decreases, but

the power savings increases. In any event, the proposed MME coding scheme

outperforms the original ME scheme for all possible values of α.

4.6 Summary

In this chapter, DS-CDMA with Modified Mininum Energy (MME) cod-

ing is proposed and analyzed. We have shown that the MME coding greatly

reduces both multiple access interference and transmit energy of conventional

DS-CDMA systems. Compared to the previously proposed ME coding scheme,

MME coding achieves more energy savings at both the transmitter and the re-

ceiver by partitioning a codeword into several subframes using indicator bits.

The MME coding also improves the BER performance due to the reduced MAI

and achieves power gains at the expense of codeword length i.e. bandwidth.

However, the bandwidth increase can be justified because power constraint is

much more important than bandwidth constraint in wireless sensor network.

In other words, combining MME coding and DS-CDMA is an attractive choice

for wireless sensor networks, in the context of total system energy savings and

improved BER performance.
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Chapter 5

Conclusion

5.1 Summary

In this dissertation, we have investigated an efficient wireless communi-

cation architecture which we term a wireless spectrum sensing network (WSSN).

The proposed WSSN architecture provides solution to the decades-old problem

of spectrum scarcity by enabling opportunistic (re)use of spectrum using cog-

nitive radio (CR) technology. Specifically, we have studied reliable spectrum

sensing techniques in multiple sensor nodes and power efficient wireless commu-

nication techniques between the sensors.

The spectrum sensing technique is addressed in two steps: a novel spec-

trum sensing algorithm that can be conducted in single sensor and cooperative

spectrum sensing using the proposed detection algorithm. The proposed spec-

tral covariance sensing (SCS) algorithm uses partial spectrum of the received

signal and their statistical correlation which has different behavior with that of

the noise. The SCS algorithm is a feature detector that focuses on the unique

spectral pattern in the primary signal but can be used to detect arbitrary sig-

nals with a proper selection of parameters. We derived an appropriate decision

threshold and detection performance mathematically and verified it with ex-

tensive simulations using the actual DTV signals captured in the US. Rigorous
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comparison with existing solutions proved superior sensitivity of the SCS detec-

tor, as well as robustness to the uncertain noise power level.

We then extended the SCS detection to cooperative spectrum sensing in

the WSSN, since there are cases where reliable detection is impossible even with

the best sensing algorithm in a single detector, especially when the detector is

in a deep fades. However, the cooperative detection is limited when the sensors

are correlated mainly due to shadowing. We derived theoretical lower bound of

white space detection for cooperative SCS detection and compared it with popu-

lar cooperative energy detector. The cooperative SCS detector achieved several

orders of magnitude lower probability of false detection or missed spectral op-

portunity over the cooperative energy detector under a log-normally shadowed

channel. We also analyzed the cooperation gain by means of the effective num-

ber of independent sensors. The results of this dissertation clearly shows that

the cooperative SCS achieves far better primary signal detection as well as bet-

ter white space detection even under the correlated channels.

Finally, we proposed a source coding and modulation scheme that mini-

mizes total power consumption in the WSSN. We have shown that power con-

sumption in the receiver can often be significant in this application and should

be addressed to maximize the power efficiency. The bit error rate (BER) per-

formance and the energy savings of the proposed scheme were analyzed and

compared with existing solutions. The results of this research showed that the

proposed technique is a very attractive communication scheme in a wireless

communication network, where power savings has cardinal importance.
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The results of this dissertation suggest that the proposed WSSN archi-

tecture is an extremely effective spectrum sensing technique that enables both

bandwidth and power efficient usage of valuable natural resource of frequency

spectrum, and should be seriously considered by the standards body, and future

industry efforts at cognitive radio.

5.2 Future Work

We have shown that the cognitive radio technology is a promising solu-

tion to the spectrum scarcity problem and a reliable spectrum sensing is funda-

mental to its success. This subsection will discuss some of the open issues and

topics related to but not covered in this dissertation.

Information Fusion Strategy: In Chapter 3, we have considered an

optimal soft-decision cooperation scheme using the Neyman-Pearson log-likelihood

ratio test. However, acquiring exact probability distribution in the real environ-

ment is hardly practical. Designing a practical information fusion strategy that

uses hard or soft information will be a good research for the future. The num-

ber of required sensors, achievable sensitivity, overall computational complexity,

power consumptions and the amount of information that needs to be delivered

will be the main performance measures. Analysis on the tradeoffs between the

measures [83] will be a useful information to be addressed.

Sensor Spatial Distributions and Selection Algorithm: In this dis-

sertation, only one-dimensional equi-distance sensor distribution is studied.

More general distributions such as point processes [36] in two-dimensional space
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should be investigated. In the one-dimensional model, sensors experience regu-

lar correlation but in more general two-dimensional case, the overall correlation

can be loose, which in turn will improve the detection performance. In addi-

tion, careful selection of participating sensors using their location information

will improve the power efficiency.

Cognitive Radio in Cellular Architecture: Opportunistic spectrum

reuse in the cellular network is an open research problem. Extending results

of this dissertation to the cellular architecture will be challenging but worth-

while. Although sensor selection algorithm in cellular network is initially studied

in [85], vast areas are not fully researched yet to make the technology viable.

Technical challenges that need to be addressed will include communication be-

tween sensors, assigning control and traffic channel, and how to suppress inter-

cell interference.
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Appendix A

Proofs of Lemmas in Chapter 2

A.1 Proof of Lemma 2.1

Proof. The spectrum can be categorized into three sections: noise only (lower

frequency, K0), pilot tone (K1), and signal data part (high frequency, K2).

Without loss of generality, we can set K1 at DC, i.e. K0 = {−K,−K +

1, · · · ,−1}, K1 = {0}, and K2 = {1, · · · , K} as in Fig. 2.2.

Then,

E [δw (τ, k)] = E [δs (τ, k)] = 0, (A.1)

E [mτ (k)] = Nw + δp1K1(k) + Ns1K2(k) (A.2)

var (mτ (k)) =
(
Nw + δp1K1 (k) + Ns1K2 (k)

)2
, (A.3)

where δp = E[δp(τ)] is the pilot power spectrum, Ns = E[Ns(τ)] is the nominal

PSD of the primary signal and 1A(k) is an indicator function. The in-band

average spectrum is given as

µτ =
1

|k|

{
∑

k∈K0

(Nw + δw(τ, k)) +
∑

k∈K1

(Nw + δw(τ, k) + δp(τ))

+
∑

k∈K2

(Nw + δw(τ, k) + Ns(τ) + δs(τ, k))

}

= Nw +
δp(τ)

2K
+

Ns(τ)

2
, (A.4)
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where δp = fpPS

∆f
= fp

Fs/N
PS, Ns = (1−fp)PS

B
and ∆f = 1/ts = Fs/N is the

frequency resolution.

A.2 Proof of Lemma 2.2

Proof. The expected value of cτu can be easily shown using (2.12), (2.17) and

(A.1) – (A.4). When there is signal, the first term of (2.19) can be analyzed in

three frequency regions as

1) k ∈ K0:

E
[
mτ

Tmu

]
= E [(Nw(τ) + δw(τ, k)) (Nw(u) + δw(u, k))]

= E [Nw(τ)Nw(u)] + E [δw(τ, k)δw(u, k)]

= N2
w + N2

wα(τ−u)
w = N2

w

(
1 + αl

w

)
, (A.5)

2) k ∈ K1:

E
[
mτ

Tmu

]
= E [(Nw(τ) + δw(τ, k) + δp(τ)) (Nw(u) + δw(u, k) + δp(u))]

= E [Nw(τ)Nw(u)] + E [δw(τ, k)δw(u, k)] + 2E [Nw(τ)] E [δp(u)]

+E [δp(τ)δp(u)]

= N2
w

(
1 + αl

w

)
+ 2Nwδp + αl

pδ
2
p , (A.6)
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3) k ∈ K2:

E
[
mτ

Tmu

]
= E

[(
Nw(τ) + δw(τ, k) + Ns(τ) + δs(τ, k) +

2

N
Re{Sτ (k)W ∗

τ (k)}
)
·

(
Nw(u) + δw(u, k) + Ns(u) + δs(u, k) +

2

N
Re{Su(k)W ∗

u (k)}
)]

= E [Nw(τ)Nw(u)] + E [δw(τ, k)δw(u, k)] + 2NwNs + E [Ns(τ)Ns(u)]

+E [δs(τ)δs(u)] (A.7)

= N2
w

(
1 + αl

w

)
+ 2NwNs + 2Ns(Ns + Nw)αl

s, (A.8)

∵ E [Re{Sτ (k)W ∗
τ (k)}] = E [Re{Sτ(k)}Re{Wτ (k)}] + E [Im{Sτ (k)}Im{Wτ (k)}] = 0,

E
[
δ2
s (τ, k)

]
= var (mτ (k)) − E

[
δ2
w(τ, k)

]
= N2

s + 2NwNs.

The expected value of the second term of (2.19) can be evaluated straight

forwardly:

E [µτµu] = E

[(
Nw +

δp(τ)

2K

)(
Nw +

δp(u)

2K

)]

= N2
w +

Nwδp

K
+

αl
p

4K2
δ2
p. (A.9)

Now the expectation of the sample covariance is given as

E [cτu] =
2K + 1

2K
N2

w

(
1 + αl

w

)
+

δp

2K + 1
(2Nw + αl

pδp)

+Ns

(
Nw + (Ns + Nw) αl

s

)
− 2K + 1

2K

(

N2
w +

Nwδp

K
+

αl
p

4K2
δ2
p

)

= αl
wN2

w +
αl

p

2K
δ2
p + Ns

(
Nw + (Ns + Nw)αl

s

)
+ O(

1

K2
). (A.10)

Next, we will derive the variance of cτu for the signal case. Let

V m
τ (k) = mτ (k) − µτ . (A.11)
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Then the variance of cτu can be obtained as

var(cτu) = var

(
1

2K

∑

k

V m
τ (k)V m

u (k)

)

=
1

4K2

∑

k

var (V m
τ (k) V m

u (k)) , (A.12)

where V m
τ (k) and V m

u (k) are i.i.d and V m
τ (k)V m

u (k) and V m
τ (j)V m

u (j) are uncor-

related if k 6= j.

Since the variance of the product of two random variables X and Y is

given by

var(XY ) = (E [X])2σ2
X+(E [Y ])2σ2

Y +2E [X] E [Y ] cov(X, Y )+σ2
X+σ2

Y +(cov(X, Y ))2 ,

(A.13)

where σ2
X and σ2

Y are the variances of X and Y respectively. We need to find

the statistics of V m
τ (k) and V m

u (k) first. It can be shown that

E [V m
τ (k)] = E [V m

u (k)] =






− δp

2K
, k ∈ K0,

δp, k ∈ K1,

Ns − δp

2K
, k ∈ K2,

(A.14)

var(V m
τ (k)) = var(V m

u (k)) = var(mτ (k))

=






N2
w, k ∈ k0,

(Nw + δp)
2, k ∈ k1,

(Nw + Ns)
2, k ∈ k2,

(A.15)

cov (V m
τ (k), V m

u (k)) = var(V m
τ (k))δ(τ − u). (A.16)

87



Now we can find the variances in (A.12). Define Ck
j , var((V m

τ (k)V m
u (k)) , k ∈

Kj , then

Ck
0 = E

[
−δp(τ)

2K

]2

N2
w + E

[
−δp(u)

2K
)

]2

N2
w

+2E

[
−δp(τ)

2K

]
E

[
−δp(u)

2K

]
N2

wδ(τ − u) + N2
w + N2

w + N4
wδ(τ − u)

= N2
w

(
δ2
p

2K2
+

2αl
p

4K2
δ2
pδ(τ − u) + 2 + N2

wδ(τ − u)

)
+ O(

1

K4
) (A.17)

= N2
w

(
δ2
p

2K2

(
1 + αl

pδ(τ − u)
)

+ 2 + N2
wδ(τ − u)

)
+ O(

1

K4
), (A.18)

Ck
1 = 2

(
Nw + δ2

p

)2 (
δ2
p

(
1 + αl

pδ(τ − u)
)

+ (Nw + δp)
2δ(τ − u)

)
+ O(

1

K4
),

(A.19)

Ck
2 = 2N2

w

(
δ2
p

4K2

(
1 + αl

pδ(τ − u)
)

+ (Nw + Ns)
2δ(τ − u)

)
+ O(

1

K4
).(A.20)

Thus, the variance of cτu can be obtained from (A.12) as

var(cτu) =
1

4K2

(
KCk

0 + Ck
1 + KCk

2

)
, (A.21)

when there is a detected signal. The no signal case H0 is obtained by letting

Ns = 0.
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Appendix B

Proofs of Lemmas in Chapter 3

B.1 Proof of Lemma 3.1

Proof. Expectation of ym can be derived easily using the characteristic functions

of single and joint Gaussian random variables [73], which are

Φx(s) = E[esx] = exp{µxs +
σ2

xs
2

2
},

Φx(s1, s2) = E[es1xi+s2xj ] = exp{µxs1 + µxs2 +
σ2

xs
2
1 + 2ρx,ijσ

2
xs1s2 + σ2

xs
2
2

2
},

Thus from (3.4),

µy = E[Ceβx] = CΦx(β) = Ceβµx+
β2σ2

x
2 ,

σ2
y = E[y2] − (E[y])2 = C2Φx(2β) − µ2

y,

E[yiyj] = E[CeβxiCeβxj ] = C2
E[eβ(xi+xj)] = C2Φx(β, β) (B.1)

= C2 exp{2βµx + β2σ2
x + ρx,ijβ

2σ2
x}, (B.2)

covy(i, j) = E[yiyj] − (E[y])2 = C2e2βµx+β2σ2
x{eρx,ijβ2σ2

x − 1} (B.3)

ρij , ρy(i, j) =
covy(i, j)

σ2
y

, (B.4)
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B.2 Proof of Lemma 3.2

Proof. The covariance matrix of Σ will be a Toeplitz matrix, whose elements

can be derived as

Σij , cov(Ti,2, Tj,2) = E[Ti,2Tj,2] − E[Ti,2]E[Tj,2]. (B.5)

The expectation of T2 is

E[Tk,2] = E [E[Tk,2|yk]] = N2
w

(
1 +

E[y2
k]

2K

)
= N2

w

(
1 +

µ2
y + σ2

y

2K

)
, (B.6)

where y = [y1, y2, . . . , yn]T is the effective SNR at each sensor node, µy and σy

are mean and variance of yk, and Nw is the nominal one-sided PSD of the noise.

Now, the first term of (B.5) is

E[Ti,2Tj,2] = E

[
N2

w

(
1 +

y2
i

2K

)
N2

w

(
1 +

y2
j

2K

)]
= N4

wE

[
1 +

1

2K

(
y2

i + y2
j

)
+

y2
i y

2
j

4K2

]

= N4
w

(
1 +

1

2K
2E(y2

i ) +
E[y2

i y
2
j ]

4K2

)
(B.7)

= N4
w

(
1 +

µ2
y + σ2

y

K
+

1 + 2ρ2
ij

4K2
σ4

y

)
, (B.8)

where E[y2
i y

2
j ] =

(
1 + 2ρ2

ij

)
σ4

y ( [73], pg. 159-160).

Therefore, the entry of the covariance matrix is given as

Σ(i, j) = N4
w

(
1 +

µ2
y + σ2

y

K
+

1 + 2ρ2
ij

4K2
σ4

y

)
− N4

w

(
1 +

µ2
y + σ2

y

2K

)2

=
N4

w

4K2

{(
1 + 2ρ2

ij

)
σ4

y −
(
µ2

y + σ2
y

)2}
(B.9)

=
N4

w

4K2

(
2ρ2

ijσ
4
y − 2µ2

yσ
2
y − µ4

y

)
= C1

(
ρ2

ij − C2

)
, (B.10)

where C1 =
N4

wσ4
y

2K2 and C2 =
µ2

y(2σ2
y+µ2

y)

2σ4
y

.
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