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ABSTRACT

The task of spectrum sensing, defined here to consist of signal detection, signal parameter estima-
tion, and signal identification, is a critically important task in a wide-variety of wireless communica-
tion applications. For example, in recent years, government and research initiatives have proposed
the idea of communication systems that could gain access to spectrum opportunistically when being
unused by primary licensed spectrum users. In order for these opportunistic systems to be realiz-
able, methods by which secondary spectrum users can detect and classify these primary users will
be necessary. Furthermore, detection and classification among the secondary users themselves will
be important for efficient spectrum usage in these systems. As another example, spectrum sensing
is also of critical importance in many military applications. This is due to the inherent expectation

that a priori information of hostile wireless systems will be minimal or unavailable.



The goal of this dissertation is to provide both insight and solutions in the critical area of
spectrum sensing. More specifically, the research contained within this dissertation deals with the
development and analysis of spectrum sensing algorithms that address key issues related to chan-
nel and radio impairments that are at present underdeveloped in the literature. First, research is
presented on a method-of-moments based signal parameter estimation and likelihood-based mod-
ulation classification approach for linear digital amplitude-phase modulated signals (PAM, PSK,
QAM, ...) in slowly-varying flat-fading channels. Based on this work, research is then presented
on a feature-based modulation classification approach which relaxes the requirements of perfect
frequency synchronization and knowledge of the phase information of the received signal that the
likelihood-based approach requires. Finally, research is presented on the impact that both sensor
reliability and sensor correlation information have on collaborative signal detection and intelligent

sensor selection.
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Chapter 1

Introduction and Motivation

Spectrum sensing encompasses any technique that accomplishes any, or all, of the following
signal processing tasks [1]:
e Detecting if a signal is present in the observed spectrum

e [stimating the parameters of a detected signal of interest, such as

— center frequency and bandwidth
— amplitude, phase, and noise power

— symbol/chip/frame rates

e [dentifying the signaling format of a detected signal of interest, such as

— Linear Digital Amplitude-Phase Modulated (LDAPM)
— Orthogonal Frequency-Division Multiplexed (OFDM)

— Direct Sequence Spread Spectrum (DSSS)

Each of these signal processing tasks is critical in a wide-variety of commercial and military

wireless communication applications.



At present, perhaps the most important commercial wireless communication application
for spectrum sensing is opportunistic, or dynamic, spectrum sharing. More specifically, gov-
ernment and private research initiatives have proposed the idea of wireless communication
systems that could access spectrum opportunistically when being unused by their primary
licensed spectrum users [2],[3]. The primary goal of these proposed opportunistic systems is
to address the current shortage of usable spectrum occurring in part due to the inefficient

and overly restrictive legacy method of fixed spectrum allocations [4]-]6].

In order for these opportunistic systems to be realizable, fast and reliable interference
mitigation techniques must be made available. In other words, spectrum sensing techniques
by which the secondary users can detect, estimate, and identify primary users, as well as other
secondary users, will be fundamentally important in order to make appropriate spectrum
sharing decisions [7]-[9]. Additionally, spectrum sensing has been described as a necessary

tool for ensuring spectrum security in opportunistic spectrum sharing applications [10]-[11].

The inherent difficulty in performing spectrum sensing for these applications is that it
can be expected that no, or limited, a prior: knowledge of the signals of interest will be avail-
able. Compounding this is the additional fact that the channel, transmitter (Tx), and/or
receiver (Rx) impairments can also be expected to be unknown a priori. For example, chan-
nel impairments such as interference, multi-path, and/or shadowing can distort the signals of
interest and thus impact sensing performance [12],[13]. As another example, Tx/Rx impair-
ments such as timing clock offsets/drifts, frequency offsets/drifts, and in-phase/quadrature

imbalance may further distort the signal of interest [14],[15].



Given these facts, a critical consideration when developing any spectrum sensing tech-
nique lies in the making of valid assumptions on the unknown and known signal, channel,
and Tx/Rx parameters for the intended sensing application. For example, prior research in
signal parameter estimation and modulation classification typically assumes that the trans-
mitter and receiver are time, frequency, and/or phase synchronous [16]-[21]. However, for
opportunistic spectrum sharing scenarios, as well as military applications, these assump-
tions are typically invalid due to the potentially uncooperative nature of the users in these

scenarios.

Additionally, in cooperative spectrum sensing scenarios, in which a network of sensors
work collaboratively to determine sensing results, it is typically assumed that each of the
sensors in the network are identical and their sensing results are statistically independent of
one another. However, given the potentially diverse hardware, software, and time/frequency
resources of the sensors in the network, each sensor may have different sensing reliabilities
and capabilities that must be considered [22]-[24]. In addition, channel effects such as multi-

path and shadowing may lead to correlated sensing results among the sensors [25].



1.1 Dissertation Outline and Research Contributions

As just discussed, it is of fundamental importance in the development of spectrum sensing
techniques to make valid assumptions on the known and unknown signal, channel, and Tx/Rx
parameters for the given spectrum sensing application. With this in mind, the purpose of
the work contained within this dissertation is two-fold. First, the goal of this dissertation
is to present and quantify spectrum sensing scenarios in which some of the more common
signal, channel, and Tx/Rx impairment assumptions typically considered in the literature are
relaxed and are therefore more applicable to opportunistic spectrum sharing and military
applications. Secondly, and most importantly, the goal of this dissertation is to develop

spectrum sensing techniques that address these more realistic sensing scenarios.

In Chapter 2 of this dissertation, a spectrum sensing scenario is presented in which
the goal is to estimate the signal and channel parameters, as well as identify the modula-
tion scheme, of an asynchronously received LDAPM signal transmitted in a slowly-varying
frequency-flat fading channel. For this sensing scenario, a novel closed-form method-of-
moments parameter estimation approach is developed in order to estimate the unknown
gain, noise variance, and fractional timing offset of the received signal. The developed esti-
mator requires no a prior: knowledge of the modulation scheme of the received signal and
is invariant to phase information and reasonable frequency offsets. Through simulation it
is shown that the developed estimator outperforms the legacy method-of-moments based

estimator in which the transmitter and receiver are incorrectly assumed to be synchronous.



Given the developed asynchronous method-of-moments based estimator, Chapter 2 then
presents the development of a novel statistical likelihood-based approach to identifying the
modulation scheme of the asynchronously received LDAPM signal. The developed classi-
fier is based upon the well-known quasi-Hybrid Likelihood Ratio Test (qHLRT) in which
the estimates from the developed method-of-moments based estimator are leveraged in the
classifier. Through simulation it is shown that, given an adequate observation interval, the
developed classifier’s performance approaches that of the optimal synchronous likelihood-

based classifier in which all of the received signal parameters are assumed to be known.

A critical assumption in the development of the qHLRT-based modulation classifier is
that the transmitter and receiver are perfectly synchronized in frequency. In addition, the
developed classifier also requires knowledge (either a priori known or through estimation) of
the phase of the received signal. In order to remove this dependence on perfect frequency syn-
chronization and complete, or partial, knowledge of the received signal’s phase information,
Chapter 3 presents the development of a feature-based modulation classification approach

which utilizes the statistical measure of kurtosis as the modulation discriminating feature.

More specifically, Chapter 3 first develops a novel closed-form theoretical equation for
the kurtosis of asynchronously received LDAPM signals (termed within as the asynchronous
kurtosis). Given this closed-form equation, the impact of the SNR, fractional timing delay,
and frequency/phase offsets of the received signal on the asynchronous kurtosis is quantified.
Next, the developed closed-form equation is utilized in order to developed a novel approach

to estimating the kurtosis of the modulation scheme (termed within as the modulation



kurtosis) from estimates of the asynchronous kurtosis and the novel method-of-moments
estimator developed in Chapter 2. The performance of this developed modulation kurtosis
estimation approach is quantified through both simulation and experimental analysis and is

shown to be a valid discriminating feature for modulation classification.

While the focus of Chapters 2 and 3 of this dissertation consider relevant single sensor
scenarios for opportunistic spectrum sharing and military applications, it is also important
to consider the unique issues that can arise when performing collaborative spectrum sensing
for these applications. With this in mind, Chapter 4 presents a collaborative signal detection
scenario in which the typically considered assumption of statistically independent and iden-
tically performing sensors is relaxed. In other words, it is assumed that the collaborating
sensors may be correlated (due to effects such as multi-path fading and/or shadowing, for
example) and/or may have different sensing reliabilities (due to proximity to the primary

user, different observation intervals, etc.).

Given this collaborative spectrum sensing scenario, a novel collaborative detection algo-
rithm that utilizes knowledge of both the sensor reliability and sensor correlation information
is developed and is shown through simulation to outperform algorithms in which one, or nei-
ther, of these effects is considered. Given this developed algorithm, a novel approach to
intelligent sensor selection is then developed and is shown through simulation to provide
more efficient trade-offs between sensing overhead and collaborative sensing performance

over random sensor selection.
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Chapter 2

Likelihood-based Classification of
Asynchronously Received LDAPM

Signals in Flat-Fading Channels

As discussed in Section 1, the inherent difficulty in performing spectrum sensing tasks is due
primarily to the limited a prior: knowledge of the signal of interest itself, and any channel,
transmitter, and receiver impairments that may exist in the given sensing application. With
this in mind, this chapter concerns the development of spectrum sensing approaches under
the constraints that the receiver is asynchronous with the signal of interest’s transmitter and
that the transmission channel is a fading channel with unknown gain and phase effects. In
other words, spectrum sensing approaches will be developed under the constraint that the

received signal’s timing and channel parameters are unknown a priors.
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More specifically, a novel closed-form statistical signal parameter estimation approach is
developed for asynchronously received LDAPM signals given slowly-varying frequency-flat
fading channels. To begin this development, first a received signal model is presented in
Section 2.2 that incorporates the impact of asynchronous reception in these fading channels.
From this model, Section 2.3 presents a novel estimator that uses statistical moments of the
received signal in order to estimate the signal’s unknown timing and channel parameters.
Through simulation, it is shown that this asynchronous estimation approach performs better

than a similar moment-based approach in which synchronous reception is assumed.

Given the proposed estimation approach, a novel approach to classifying the modula-
tion scheme of the received LDAPM signal is presented in Section 2.4. More specifically,
a likelihood-based modulation classification approach is developed for determining the sta-
tistically most-likely modulation scheme based on observations of the received signal. Pre-
sented simulation results demonstrate that, given an adequate observation interval, the de-
veloped asynchronous classifier performs well compared to the classical optimal synchronous
likelihood-based classifier. However, it is shown that this classifier is highly dependent on
the phase of the received signal and the assumption that the receiver is perfectly frequency

synchronized.
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2.2 The Received Signal Model

A LDAPM signal transmitted at transmitter time £ can be defined as

s(€) = Ar- %{ S Sifle- kT)eﬂﬂfcé}, 21)

k=—o0

where A; is the transmitter gain, Sy is the k-th complex-valued modulated data symbol,
f(§) is the real-valued pulse shaping function, 7" is the symbol interval (where 1/T is the
symbol rate), f.is the center frequency, and R{-} represents taking the real component of its
argument. Without loss of generality, the modulated data symbols Sy and the pulse shaping
function f(£) are both normalized to have unit average energy (in other words, the gain A;
includes the impact of non-normalization). For this work, the pulse shaping function f(§) is
chosen to be the root-raised-cosine function given by

sin[(l—ﬁ)w%]

23 €08 [(1+ ﬂ)ﬂ'%} + e

T - (1)

f€)
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where [ is the roll-off factor.

Given (2.1), the received signal after transmission through a slowly-varying frequency-flat

fading channel can be defined, at transmitter time &, as

r(§) = AA,; - ?R{ i Sif(€— & — kT)ej@”fcf*@c)} +n(€), (2.3)

k=—00

where n(€) is a stationary zero-mean Gaussian random noise process with unknown vari-
ance o2 and A, 0., and &, are respectively the unknown gain, phase shift, and time delay
introduced by the channel. For the analysis that follows, it is assumed that these unknown

channel parameters remain constant during each observation interval.

As previously discussed, a logical constraint for spectrum sensing applications is that
the transmitter and receiver clocks are asynchronous. In other words, the transmitter and
receiver clocks are offset by a known time constant, here denoted &,. In order to stress these
different time references, we use different time indices for the transmitter (§) and receiver
(), where t = £ — &,. This model is illustrated through example in Fig. 2.1. It is important
to note that this offset between the clock times of the transmitter and receiver is assumed

here to not be known by either the transmitter or receiver a priori.

For the derivations that follow, it is convenient to write the unknown timing offset due
to the combined impact of both the channel delay (£.) and the receiver’s clock offset (§,) as
a function of the symbol interval T'. Therefore, we set £, —&. = —(l+¢€)T', where [ represents
the integer number of modulated data symbols offset and € represents the remaining fraction

of a modulated data symbol offset (0 < e < 1). Given this alternative notation for the timing



So

S

S5

S3

13

2T

3T

Sy

S

2T + &

3T+ &

S

S5

S3

| T

l T
t=3T+¢& —&
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Figure 2.1: Illustration of the transmitted signal s(¢) and received signal r(-) using
the transmitter’s (§) and receiver’s (t) time reference. For ease of presentation, here a
rectangular pulse shaping function is used and the channel gain, phase shift, and noise
effects are ignored. For this figure, {, = 0.25T and &, = 1.5T. (Figure Credit: Dr. Claudio
da Silva.)

offset, the received signal can be rewritten, using the receiver’s time reference ¢, as

r(t)=a- R { i Spft—(k+1+ E)T)ej(2”f6t+9)} +n(t), (2.4)

k=—o0

where o = A.A; and 0 represents the unknown phase-shift due to the combined impact of
the timing offset and the channel. Note that the noise process n(-) is not impacted by the

choice of time reference given that it is stationary.

Finally, the signal parameter estimation and modulation classification approaches to be
developed in the following are based upon the output of a receiver that consists of the
following: a frequency down-converter (from f. to baseband), a filter matched to the pulse
shaping function f(¢), and a sampling operation with sampling times ¢t = (m+ A)T", where m

is an arbitrary integer and \ is a real number in the range [0,1). Given this receiver design,
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the received symbols can be shown to be given by

Tma = /00 2r(1)e T f((m + \)T — 7)dr

—00

= a¢’’ Y S wR((K + A= €)T) + npy, (2.5)

k'=—o0

where
R(t) = / T K= 1) (2.6)

k' =m —k — [, and n,,  is a zero-mean complex Gaussian random variable with variance
40?. As expected, when the transmitter and receiver are symbol synchronous (i.e. A = ¢),
(2.5) reduces to

T = €Sy ) 4 1. (2.7)

The following assumptions about the received signal are used in the development that
follows. The modulated data symbols Sj are chosen uniformly and independently from the
set of all possible data symbols of the modulation scheme being used by the transmitter.
The pulse shape f(t), the symbol interval T, and the carrier frequency f. are known (unless
otherwise noted). All other parameters, namely the amplitude «, phase 6, timing offset

2

(I 4+ ¢)T, and noise variance o are modelled as deterministic unknown variables.

2.2.1 Impact of Timing Offset on the Received Symbols

Fig. 2.2 provides an example of the impact of the fractional timing offset parameter ¢, as

a function of the roll-off factor /3, on the received symbols defined by (2.5). For this figure,



e=0

1/4

€ =

e=1/3

e=1/2

15
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Figure 2.2: The impact of intersymbol-interference on asynchronously received QPSK
modulated data symbols as a function of both the fractional timing offset parameter ¢ and
the roll-off factor 5. (Note that for this figure the channel gain, phase, and noise effects

are ignored.)
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the modulation scheme is QPSK and the impact of the gain, phase, and noise parameters is

ignored.

Two important observations can be made from this figure. First, for a given roll-off
factor (3, the received QPSK modulated data symbols become increasingly distorted due to
inter-symbol interference as € increases, up to a maximum distortion at € = 0.5 (for € > 0.5,
the distortion is equivalent to the distortion given 1 — €). Secondly, for a given fractional

timing offset €, the distortion increases as the roll-off factor 3 decreases, as expected.

2.3 Signal Parameter Estimation based on the Method-

of-Moments

In this section, a novel Method-of-Moments (MoM) based signal parameter estimation ap-
proach is defined for estimating the unknown gain «, fractional timing offset ¢, and noise
variance o2 from an observed set of received symbols of the form given by (2.5). The MoM
is a sub-optimal estimation approach in which the unknown parameters of a random process
under observation are estimated through the solution of a system of statistical moment equa-
tions derived from the random process’ probability density function [26]. As an example of
the MoM’s prior use in signal parameter estimation, a MoM-based estimator was developed
in [20] in order to estimate o, §, and o2 given the assumption of a synchronous transmitter
and receiver. Additional examples of the use of the MoM for sensing applications can be

found in [27] and [28], among many others.



17

2 are to be estimated

As stated, the unknown received signal parameters «, €, and o
through the solution of a set of statistical moment equations. The first of these moment
equations is E[|r,, »,|?], where m is an arbitrarily chosen integer and ) is a real number in
the range [0,1). (It is important to emphasize that the values of m and A\ chosen for this

moment have no relation to the unknown timing offset parameters [ and e.) Substituting

(2.5) into this moment equation leads to

2

MAO = E“Tm,)\o|2] =E aej@ Z Sm—l—k’R<<k/ + A— €>T) + N, Xo

k'=—o00
~ 2
= E aej@ Z Smflfk’R(<kl + A - E)T) + E |:|nm,/\0’2:|
k'=—o0
- 2
= o E|| Y SnawR(K+X=eT)| | +40°
k'=—o00
= o Z E[|Sm_1—w P JR((K' + X — €)T)? + 40*
k'=—oc0
My, = o™, +40%, (2.8)
where the function ¢§\?e is given by
= 3" R((K +X—oT)" (2.9)
k/=—o00
and E|[|S,,_;_w|*] = 1, without loss of generality, due to the prior assumption that the

modulation schemes are normalized to unit average energy. It has also been logically assumed

in this derivation that the modulated data symbols are independent of the noise.

It is important to note that (2.8) is a function of the unknown parameters a, €, and o2,

while not being a function of the unknown modulated data symbols, [, or 6. Additionally,
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(2.8) is not a function of m, which implies that E[|r,,, x|*] = E[|rman,|?] for all integers
my and me. For this reason, the subscript m is dropped and the moment is termed M,,.
Finally, given the root-raised-cosine pulse shaping function defined by (2.2), ¢§?,e is shown
in Appendix A to be

PO =1+ g (cos(2m(Ng — €)) — 1) . (2.10)
Given (2.10), (2.8) can be rewritten with respect to o as

2_ My Q—2 (4+ B(cos(2m(Ng —€)) — 1)) (2.11)

4 1 16

In order to define the second moment of the proposed MoM-based estimator, a new
sampling instant of (m -+ A)T" is considered, where again m is an arbitrarily chosen integer
and A; is a real number in the range [0, 1), with A; # A¢. Given this new sampling instant,
2

a second equation for %, now as a function of M,,, can be found. Setting these two o

equations equal and solving for a? leads to

2 _ 4 (My, — My,)
‘T B (cos(2m(Ng — €)) — cos(2m (A —€))) (2.12)

Note that (2.12) is only a function of the unknowns « and €, and is not a function of the

unknown o?2.

The third and final moment for the proposed MoM-based estimator is used to find an
equation that is only a function of the unknown fractional timing offset e. Considering a
third sampling instant of (m+\y)T', where yet again m is an arbitrarily chosen integer and Ay
is a real number in the range [0, 1), with Ay # A; # Ao, the moment M), can be determined.

Using this third moment, and either of the two previously defined moments (the end result
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is the same), a second equation for a? can be determined. Setting these two a? equations

equal and performing some algebraic manipulation leads to

(M/\Q — MM)XO + (M)\o — M)\2)X1 + (M/\l — M/\0>X2

Z = tan(2me) = , 2.13
( ) (M)q - M)\Q)Yb + (M)Q - M)\o)}/i + (M/\o - M/\1)Yé ( )
where
X; = cos(2m)\;) (2.14)
and
Y; = sin(27 ;). (2.15)

Finally, inverting (2.13), and knowing that atan(Z) has a range of [—7/2,7/2], € can be

found to be given by one of the following three possible values:

atan(Z) atan(Z) 1 atan(Z)
= — 1. 2.1
‘ { o 2n > or ¢ (2.16)

The set of equations (2.11), (2.12), and (2.16) can be solved systematically in order to
determine the unknown values of a, ¢, and 2 from the moments M), M,,, and M,,. More
specifically, the following algorithmic approach can be used to determine the values of these

unknown parameters:

1. Determine the three moments M,,, M),, and M,,.

2. Using (2.16), determine the three possible values for e. One of these values can be

immediately discarded for falling outside of the defined range 0 <€ < 1.
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3. From the remaining two possible values of €, determine the two possible values for o?
using (2.12). One of these solutions will be negative and can thus be discarded given

that by definition « is a real number.

4. Given the unique solutions for € and «, determine o using (2.11).

In practice however, the true values for the moments M), M),, and M), are unknown a
priori and thus must be estimated from the received symbols given by (2.5). These moment

estimates are given by

1 mi+Ne—1
My, = N Z T % (2.17)

where 7, 5, are the received symbols given a sampling instant of (m+ \;)7T", N, is the number
of observed received symbols used for estimation, and m; is an arbitrary integer. Therefore,
given that the moments are estimated, the solutions to (2.11), (2.12), and (2.16) will be

2

estimates of the parameters o°, o, and ¢, respectively.

2.3.1 Simulation Results

Figs. 2.3 and 2.4 present simulation results of the performance of the proposed asynchronous

MoM-based estimator. For these results, the mean-squared-error (MSE), defined by
MSE = E [|X - X|2] , (2.18)

is used in order to quantify the estimator’s performance, where X and X are the actual and
estimated values, respectively. Each data point in the plots was determined from Monte

Carlo analysis of 10,000 trials each, where for each trial, the fractional time delay e is



MSE for &2 MSE for o

MSE for e

21

s 1 Ay
|= = & o

N
()]

RPN MEWTTTT MR EARTTT

B-00 -0

N
(&)

|= =\ v

-5 0 5 10 15 20
Average SNR (dB)

Figure 2.3: MSE of the proposed asynchronous MoM-based estimator for varying N, and
B given a QPSK modulated signal received in a Rayleigh fading channel (circle: § = 0.35,
square: 8 = 0.75, solid: N, = 1000, dashed: N, = 10000).
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Figure 2.4: MSE of the proposed asynchronous MoM-based estimator (solid line) and

the synchronous MOM-based estimator developed in [20] (dashed line) given an average

SNR of 10 dB and N, = 1000 (circle: 8 = 0.35, square: 3 = 0.75).
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chosen uniformly in the range [0,1), unless otherwise noted. Additionally, the set of A
values used in the estimator were chosen to be equally spaced in the range [0,1) (in other
words, Ao1,2y = {0,1/3,2/3}). Finally, a Rayleigh fading channel is assumed in which the
amplitude is distributed such that E[a?] = 1 while the phase 6 is assumed to be uniformly

distributed in the range [0, 27).

Fig. 2.3 presents the MSE of the estimates of «, €, and o2 as a function of the SNR, the
number of observed received symbols N,, and the roll-off factor 3, given a QPSK modulated
signal received in a Rayleigh fading channel. As expected, as the SNR and/or IV, is increased,
the MSE of the estimates decreases. This is due to the fact that an increase in either of
these parameters reduces the error of the moments estimated through (2.17), and thus also
the estimates derived from these moments. Additionally, it can be observed that the MSE
increases for lower roll-off factors. This is due to the fact that the fractional timing offset
results in larger inter-symbol interference for lower roll-off factors, as was discussed in Section

2.2.1, leading to an overall reduction in the performance of the estimator.

Fig. 2.4 presents the MSE of the estimates of o and o2, as a function of the fractional
timing offset €, for the proposed asynchronous estimator and the previously discussed syn-
chronous MoM-based estimator defined in [20], given a QPSK modulated signal received in

a Rayleigh fading channel, an average SNR of 10 dB, and N, = 1000. In [20], the estimator

. [2M2 - M,
_ 2 72 2.1
“ =\ 2 B[S (2.19)

for a is given by
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and the estimator for o2 is given by

2M2 — M
2o My — 22 2.2
i P 220

where My = E[|r,.|*], My = E[|r,,|*], and r,, is given by (2.7). (Note that this MoM-
based estimator is a function of the modulation scheme of the received signal whereas the
proposed MoM-based estimator assumes no prior knowledge of the modulation scheme.) As
can be observed from the figure, the performance of the synchronous estimator degrades as
the fractional timing offset increases to its maximum of 0.5 while the proposed estimation

approach is largely invariant to the fractional timing offset, as expected.

2.4 Classification of the Unknown Modulation Scheme

Now that the asynchronous MoM-based estimator for the unknown channel and timing
parameters has been developed, this section presents two different approaches to determining
the modulation scheme of the asynchronously LDAPM received signal defined by (2.4). In
the literature, there are two main approaches to modulation classification, namely likelihood-
based approaches and feature-based approaches [29]. For likelihood-based approaches, the
conditional probability density function of the received signal is assumed to be completely
known, or can be adequately estimated, and from this information the statistically most
likely modulation scheme given the observed signal is chosen. For feature-based approaches,
modulation dependent features of the received signal are extracted and then used as input

to a pattern matching algorithm in order to determine the modulation scheme.



25

In this section and the following chapter, both a novel likelihood-based modulation clas-
sifier and a novel feature-based modulation classifier are presented in order to compare and
contrast the benefits and detriments of both approaches. Through simulation, it will be
demonstrated under what conditions each approach is valid and in what cases these ap-
proaches are best applied. While there are many different types of features that can be
used for modulation classification (such as cuammulants [30], wavelets [31], cyclostationarity
features [32], etc.), in the following chapter the statistical measure of kurtosis is used. The

reasoning behind this choice of feature will be discussed in the following.

2.4.1 Likelihood-based Modulation Classification using the qgHLRT

Likelihood based classifiers have the key benefit that they are designed to be optimal in the
Bayesian sense, in that these classifiers minimize the probability of modulation classification
error [33]. More specifically, likelihood-based classifiers are designed as composite hypoth-
esis testing problems in which modulation classification is performed by searching for the
maximum a posteriori probability P(H;|r(t)), or equivalently p(r(t)|H;) assuming equally
likely modulation schemes, where {H, H1, ...} is the set of all possible modulation schemes

for the given sensing application.

There are four main approaches to handling unknown parameters in the development of
likelihood-based modulation classifiers: the Average Likelihood Ratio Test (ALRT'), General-
ized Likelihood Ratio Test (GLRT), Hybrid Likelihood Ratio Test (HLRT), and quasi-Hybrid

Likelihood Ratio Test (¢qHLRT). For a detailed discussion of each of these approaches, see
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[29]. In this work, a qHLRT-based approach is used in order to develop the asynchronous

likelihood-based modulation classifier for received LDAPM signals of the form given by (2.4).

For the qHLRT-based approach, the unknown parameters are first estimated through the
use of low-complexity estimators that are blind to the modulation scheme of the received
signal. These estimates are then used in a modulation classifier developed under the assump-
tion that all parameters are perfectly known. This approach is used for three reasons. First,
this approach does not require knowledge of the statistics of the unknown parameters (like
the ALRT, for example, which assumes their joint probability density function, conditioned
on H,;, is known). Instead, as stated previously, the unknown parameters are modeled as de-
terministic unknown variables. Secondly, this approach does not require multi-dimensional
maximum-likelihood estimation of the unknown parameters, as in the GLRT and HLRT ap-
proaches, leading to lower computational complexity and a closed-form solution. Finally, and
most importantly, this approach lends itself well to the use of the asynchronous MoM-based

estimator developed in Section 2.3.

2.4.2 The qHLRT-based Modulation Classifier

In designing the gHLRT-based modulation classifier, it is first assumed that the receiver has a
perfect estimate of the fraction timing offset e. In this case, the vector re = [roc, "1.e, ..., TN.e)s
where 7, . are the synchronously received symbols given by (2.7) and N, is the number of
observed received symbols used for classification, is a set of sufficient statistics for classifying

the modulation scheme of the symbols Sy_;, S1_4, ..., Sn.—; [34] (recall that the integer tim-
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ing offset parameter [ is assumed to be unknown). Therefore, determining the maximum a

posteriori probability p(r(t)|H;) is equivalent to determining the maximum among p(r.|H,;).

For an observation length of N, symbols, there are Lfv © possible modulated data symbol
sequences that can be observed given the i-th modulation scheme, where L; is the i-th
modulation scheme’s modulation order. Given that the r,, . values are assumed independent,

the Total Probability Theorem can be used to show that

Nc Li
pre i) = [ D p(rmelSean 1) P(Skal Ho), (2.21)
m=1 k=1
where Sy ; is one of the L; modulated data symbols of the i-th modulation scheme. Taking

the logarithm of p(r¢|H;), and again using the fact that (2.5) reduces to (2.7) when A = ¢,

leads to the classical optimal likelihood-based modulation classifier developed in [16]:

Ne
H = argn%{aleln< Zp Trm,e| Sk.i» z))
N, 1 L;
70 2
= argn%{aXZln <fze G2 [rm.e—ae? Sy ) 7 (2.22)
L om=t U k=1

where P(Sy;|H;) = 1/L; given equally likely modulated data symbols.

As stated previously, the value of [ (the integer number of modulated data symbols offset)
is irrelevant for the purposes of modulation classification. In other words, the modulation
classifier’s performance is the same if the symbols Sy, Si,...,S9 or Sss5, Ssg, . - ., Sgs are ob-
served (assuming that the channel and timing parameters remain constant). However, the
modulation classifier is dependent on the fractional timing offset e. Also, note that the

classifier is a function of the phase # and the number of observed received symbols N.,.
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2 are assumed to be deterministic

Finally, it is important to recall that «, €, 6, and o
unknown variables. Therefore, the qHLRT-based approach dictates that these parameters

are replaced by their estimates (denoted by ") in the developed modulation classifier. This

leads to the final form of

N L;
. < 1 & ;
H= argmax Z In {f Z e_zwlﬂm’f"_aeﬂsk»iz} (2.23)
" m=1 ! k=1

for the asynchronous qHLRT-based modulation classification algorithm, where 7, ¢ is given

by (2.5) assuming a sampling instant of (m + €)7.

2.4.3 Simulation Results

A block diagram of the developed asynchronous qHLRT-based modulation classifier is pre-
sented in Fig. 2.5. As shown, the classifier first estimates «, €, and o2 using the asynchronous
MoM-based estimator previously defined in Section 2.3. Using the estimated fractional tim-
ing offset €, a delayed version of the demodulated received signal is sampled at the sampling
instants (m + €)1 to provide the outputs r,,.. These outputs are then used to estimate

and to classify the modulation scheme of the received signal.

For the simulation results that follow, the unknown phase 6 is estimated using a MoM-
based algorithm known as the M-power phase synchronizer [20], [35]. This estimator uses
estimates of the M-th moment of the received symbols r,, . in order to estimate the phase,

where M depends on the modulation scheme of the received signal. For example, for PSK
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Figure 2.5: Block diagram of the developed asynchronous qHLRT-based modulation

classifier.

modulation schemes, the phase estimator is given by

N,
A 1 <
Oripsk = a7 e {Z ri}fﬁ} , (2.24)

m=1

where M is the order of the PSK modulation scheme under test. For QAM modulation

schemes, the phase estimator is given by

N¢
. 1 s

m=1
Note that while this estimator works well for square QAM, it performs poorly for circular

and cross QAM [36]. Additionally, a phase estimate must be determined for each of the

possible modulation schemes of the received signal.

Figs. 2.6 and 2.7 present simulation results of the performance of the proposed asyn-

chronous qHLRT-based modulation classifier. For these results, the average probability of
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correct classification, defined by

7 1 < NCorrecti
Pojass = — _ 2.26
s =+ 3 (2.26)

' Nvials,i
is used in order to quantify the classifier’s performance, where ¢ is the number of possible
modulation schemes, Ny 18 the total number of Monte Carlo trails, and Negreet 1S the
number of correct classifications found during these trials. More specifically, each of the data
points in the plots were determined from Monte Carlo analysis by running enough trials
to ensure Ncoomeet = 1000 for each possible modulation scheme. The modulation schemes
considered here are BPSK, QPSK, 8-PSK, 16-QAM, and 64-QAM and the set of A\ values used

by the proposed asynchronous MoM-based estimator are given by A 1,2y = {0,1/3,2/3}.

In Fig. 2.6, a Rayleigh fading channel is assumed in which the amplitude is distributed
such that E[a@?] = 1 and the phase 6 is assumed to be uniformly distributed in the range
[0,27). From this figure, the effects of the reliability of the estimates &, é, ¢, and 62 on
the performance of the proposed asynchronous qHLRT-based modulation classifier can be
observed. More specifically, as the reliability of the estimates improves, be it through higher
values of N, f, and/or SNR, as discussed in Section 2.3.1, the performance of the modulation
classifier improves, as expected. Additionally, it can be seen that the classifier’s performance

closely approaches that of the optimal classifier with perfect channel and timing knowledge

(developed in [16]) for an adequate estimation interval.

In Fig. 2.7, a Nakagami fading channel is assumed in which the amplitude is again

distributed such that E[a?] = 1 and the phase 6 is again assumed to be uniformly distributed
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in the range [0,27). More specifically, this figure presents the performance of the proposed
asynchronous qHLRT-based modulation classifier for different values of the Nakagami shape
factor m. As can be seen, the performance of the modulation classifier improves as m
increases. This is due to the fact that the Nakagami probability density function has smaller
variance for larger values of m [37]. Additionally, it is worth noting that, for m = 1, the
modulation classifier’s performance is equivalent to the performance due to Rayleigh fading,

as expected.

2.4.3.1 Impact of Roll-off Factor Mismatch

It can be expected that in practice the roll-off factor of the transmitter’s pulse shaping filter
may not be perfectly known. Therefore, in Fig. 2.8 the performance of the proposed qgHLRT-
based modulation classifier is presented for the case in which the roll-off factors of the pulse
shaping filters at the receiver and the transmitter are mismatched. More specifically, it is
assumed that the roll-off factor of the matched filter used by the modulation classifier is a
uniformly distributed random variable in the range [ — X, + X]|, where /3 is the roll-off
factor of the transmitter’s pulse shaping filter. As can be expected, there is a performance
hit as the range of the mismatch increases. However, even for X = 0.1 the decrease in the

average probability of correct classification is only approximately 7%.
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Figure 2.8: Average probability of correct classification of the proposed asynchronous
gHLRT-based modulation classifier given roll-off factor mismatch for a Rayleigh fading
channel, N, = 10000, and N, = 500 (solid: 8 = 0.75, dashed: g = 0.35).

2.5 Summary

In this chapter, a novel statistical approach to signal parameter estimation and modulation
classification was developed under the constraint that the channel and timing impairments on
the received signal of interest are unknown a priori. First, a novel closed-form asynchronous
method-of-moments based estimator was developed in order to estimate these impairments,
and through simulation, this estimator was shown to outperform a similar approach in which
synchronization is assumed. From this estimator, a likelihood-based classification approach
was propose and through simulation results was shown to perform comparatively well to the
optimal likelihood-based classifier, in which the impairments are assumed perfectly known,

given an adequate observation interval.



Chapter 3

Feature-based Classification of
Asynchronously Received LDAPM
Signals in Flat-Fading Channels

In the previous chapter, simulation results showed that the developed asynchronous qHLRT-
based modulation classifier has performance comparable to that of the classical optimal
likelihood-based modulation classifier, given adequate estimates of the unknown channel
and timing parameters. However, a couple of key downsides are apparent in the proposed
modulation classifier, which apply to other likelihood-based modulation classifiers in general.
First, as can be observed from (2.23), the proposed modulation classification algorithm
includes a summation over the total number of observed received symbols (N,), as well
as the total number of possible modulated data symbols (L;), for each of the potential
modulation schemes of the received signal for the given sensing application. This leads to

high computational complexity as the number of possible modulation schemes, the order

34
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of those modulation schemes, and the number of observed received symbols increases [29].

Secondly, the complete set of possible modulation schemes must be known a priors.

For feature-based modulation classification approaches, modulation dependent features
of the received signal are extracted and then used as input to a pattern matching algorithm
in order to determine the modulation scheme. These approaches are typically much less
computationally intensive than likelihood-based approaches, but have no inherent guarantees
of optimality. Additionally, while likelihood-based classifiers are theoretically well-defined,
the features and pattern matching algorithms chosen for feature-based classifiers are typically
determined in an ad-hoc manner. In other words, appropriate features and pattern matching

algorithms are typically determined through trial and error and are application dependent.

Commonly, the chosen features are statistical measurements of the signal of interest. For
example, prior works have demonstrated that the statistical measurement of kurtosis is a
signal feature that can be utilized in a wide variety of spectrum sensing applications, such as
modulation classification (see [38]-[44], among many others). This is due to the fact that the
kurtosis has a few key benefits which makes it advantageous in these applications. One such
benefit is the fact that the kurtosis is simply a function of statistical moments and therefore
does not require a large amount of computational resources. Another key benefit is that the
kurtosis is not a function of phase information, a fact that will be exploited and discussed

in greater detail in the following.

In prior modulation classification works, the kurtosis of the received signal of interest is

typically presented under the assumption that the impact of the transmit channel is perfectly
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known and/or that the transmitter and receiver are synchronized. In [44], for example, the
impact of the channel on the kurtosis is considered, but the impact of timing offset is ignored.
While in [45], the impact of the timing offset on the kurtosis is considered but the impact of

the channel is ignored.

In the following, the theoretical kurtosis of the asynchronously received symbols given by
(2.5) is presented, in which the impact of both channel and timing impairments is considered.
From this derivation of the kurtosis, a novel estimation approach is proposed that utilizes
the asynchronous MoM-based estimator developed in Section 2.3 in order to estimate the
so-called “modulation kurtosis” of the received signal. It will then be shown through both
simulation and experimental analysis that this estimate of the modulation kurtosis can be

utilized for the purposes of modulation classification.
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3.2 The Modulation Kurtosis

The kurtosis of a random variable is a statistical measurement of the “peakedness” of its
probability density function around its mean, typically compared with respect to the stan-
dard normal distribution. While there exists a commonly agreed upon definition of the
kurtosis for real-valued random variables [33], there is no one definitive equation for the
kurtosis of complex-valued random variables [46]. For this work however, the kurtosis of a

complex-valued zero-mean random variable X is defined as [45]

_ E[IXP) - 2B[ XP]* — [B[X?]?

4 )
Ox

(3.1)

Rx

where ox represents the standard deviation of X. This definition of the kurtosis is typically
referred to as the excess kurtosis, due to the fact that it is normalized to yield x = 0 for the

complex standard normal distribution.

As previously discussed, for any LDAPM signal, the data to be transmitted is mapped
onto one of the M complex-valued symbols that make up the symbol set of the transmitter’s
chosen modulation scheme ([sq, S, ..., sp]). Here, a transmitted modulated data symbol is

represented by the complex-valued discrete random variable

S = S§R+j5%, (32)

where sy and sg are respectively the real and imaginary components of the random variable.
Assuming that the values of S are chosen independently and uniformly from the chosen

symbol set (e.g. through proper source coding of the data at the transmitter [37]), a general
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equation for the kurtosis for S, termed here the modulation kurtosis (kymop), can be found

through (3.1) to be given by (assuming the symbols are normalized such that E[|S]* = 1)

fviop = ks = Elsy] + E[sg] + 2(E[sis3] — E[si|E[s3]) — 3(B[s§]” + E[s5]). (3.3)

Table 3.1 presents the key terms of (3.3), and the resulting modulation kurtosis, for some
typical modulation schemes. As can be observed from this table, the modulation kurtosis
lends itself well to modulation classification applications. For example, the modulation
kurtosis can be used to distinguish between the modulation schemes PAM, PSK, and QAM.
Additionally, the modulation kurtosis can be used to determine the order of the PAM and
QAM modulation schemes. However, it is important to note that the modulation kurtosis
alone can not be used to classify between the modulation orders of PSK. This is again due
to the fact that phase information is ignored in the calculation of the kurtosis.

Table 3.1: Modulation Kurtosis of a few Common Modulation Schemes

Modulation Scheme

M-PSK  M-QAM
BPSK QPSK M-PAM
(M>4) (M EVEN)

E[s3] 1 0.5 0.5 0.5 1
E[s3] 0 0.5 0.5 0.5 0
E[s3s3] 0 0 0.125 0.25 0
E[s4] 105 03T 3o B (A 1 (%)
E[s4] 0 0.5 0375 33 (M) 0

—~
E‘E
I+
==
~—
|
ullo
VRS
%
I |+
==
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3.3 The Kurtosis of the Received LDAPM Symbols

Now that the concept of the modulation kurtosis has been established, it is important to
quantify the impact that the timing and channel effects have on the kurtosis of the modulated
data symbols at the receiver. From the received LDAPM symbols given by (2.5), the kurtosis

of these received symbols is found in Appendix B to be given by

4
atyl)

(azwf\?) + 402>2’

€

(3.4)

Ky = KMOD

where kyop is the modulation kurtosis given by (3.3) and 2/}&22 and zb/(\%z are derived for the
root-raised-cosine pulse shaping function in Appendix A. Note that the integer number of
symbols offset and the unknown phase ¢ have no impact on the kurtosis of the received

symbols.

As can be observed from (3.4), the modulation kurtosis is impacted by the unknown
channel gain «, unknown fractional timing offset €, and the unknown noise variance 402. In
the following, a few important observations are made on the impact that these impairments

have on the modulation kurtosis.

3.3.1 Impact of the SNR on the Kurtosis

Under the assumption that the transmitter and receiver are synchronized (i.e. A = ¢),
¢§22 = @sz\g = 1, which leads to the simplified expression

4

o
Ry = KMOD (

o (3.5)
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Figure 3.1: Impact of the SNR on the modulation kurtosis assumed MPSK modulation

(M > 4). Here, the impact of the fractional time delay e is ignored.

Fig. 3.1 plots (3.5) as a function of SNR for a MPSK (M > 4) modulated signal. From this
figure, it can be observed that as the instantaneous SNR, given here by a?/(40?), increases,
the kurtosis of the received symbols approaches the modulation kurtosis of M-PSK (—1), as
expected. However, when the SNR decreases, the kurtosis approaches 0, the kurtosis for a

purely Gaussian complex random variable.

3.3.2 Impact of Timing Offset on the Kurtosis

Assuming a noise-less channel but non-synchronous receiver with o = 1, the kurtosis given

by (3.5) simplifies to
O
Ry = HMOD%- (36)
A€



41

Figure 3.2: Impact of the roll-off factor 8 and the fractional time delay € on the modu-
lation kurtosis. Here, channel gain and noise effects are ignored. These theoretical results

match the results obtained through simulation in [45].

Fig. 3.2 plots the term ¢,(\42/ ¢E\2,22 as a function of the roll-off factor § and the fractional
timing offset e (assuming here that A = 0). A couple of observations can be made from
this figure. First, the smaller the roll-off factor 3, the bigger the impact of the fractional
timing offset on the kurtosis. This is again due to the fact that the inter-symbol interference
increases as the roll-off factor decreases. Secondly, it can be observed that the largest impact
on the kurtosis is for § = 0 and € = 0.5 (the worst possible timing offset). For these values, a
minimum of 1/3 of the modulation kurtosis is reached. These observations match the results

found through simulation in [45].
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3.3.3 Impact of Frequency Offset on the Kurtosis

If the receiver previously defined in Section 2.2 has a frequency down-conversion stage that
is not perfectly matched to the received signal’s center frequency f., the received symbols

can be shown to be given by

Tma = / or(7)e 2 et £ (m 4+ \T — 7)dr

—00

= a7 N S wR((K + A= €)T) + ni, (3.7)

k'=—oc0
where f, is the frequency offset and 6,, is the resulting phase-shift due to this offset (assuming
fo << 1/T). More specifically, the received symbols are impacted by a continuous phase

rotation (hence the subscript m on the phase term).

For modulation schemes that are symmetric in both their real and imaginary components
(such as PSK and QAM) the modulation kurtosis is unaffected by this phase rotation.
However, for modulation schemes that are not symmetric (such as PAM) the value of the
modulation kurtosis is impacted by the phase rotation. For example, the modulation kurtosis

of BPSK becomes -1 (the modulation kurtosis for M-PSK). Additionally, the modulation

kurtosis for PAM becomes % (1\1‘4/[21111) Note that this modulation kurtosis for PAM can still

be used for the purposes of classifying its modulation type and modulation order.
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3.3.4 Simulation Results

Given the asynchronous kurtosis defined by (3.4), and the asynchronous MoM-based estima-
tor developed in Section 2.3 in order to estimate the unknowns «, €, and o2, the modulation

kurtosis of the received signal can be estimated through manipulation of (3.4) to give

) (@00 + 457
KMOD = Kr —
atgpY

(3.8)

Figs. 3.3 and 3.4 present simulation results of the performance of this proposed approach

to modulation kurtosis estimation. For these results, the normalized mean-squared-error

(NMSE), defined by

E [|kmop — Amob|?]

NMSE =
E [|xmop?]

, (3.9)

is used in order to quantify the estimator’s performance, where kyop and Ayop are the
actual and estimated values of the modulation kurtosis, respectively. Each data point in
the plots was determined from Monte Carlo analysis of 1000 trials each, where for each trial
the fractional time delay € is chosen uniformly in the range [0,1). Again, the set of \ values
{0,1/3,2/3} are used by the developed MoM-based estimator for estimating the unknown
channel and timing parameters. Finally, the unknown amplitude « is assumed to be due to

a Rayleigh fading channel and is distributed such that E[a?] = 1.

Fig. 3.3 presents the NMSE of the modulation kurtosis estimate as a function of the
number of observed received symbols N., the roll-off factor 5 of the root-raised-cosine pulse
shape, and the SNR of the received signal. A few important observations can be made from

this figure. First, as expected, the performance of the estimator increases as the SNR and/or
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Figure 3.3: NMSE of the proposed modulation kurtosis estimator for varying N, and 3
given a QPSK modulated signal received in a Rayleigh fading channel.
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Figure 3.4: NMSE of the proposed modulation kurtosis estimator for varying modulation

schemes given 8 = 0.35, N, = 10000, and a Rayleigh fading channel.
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the observation length increases. Secondly, the performance of the estimator increases as the

roll-off factor increases, due to decreased inter-symbol interference.

Fig. 3.4 presents the NMSE of the modulation kurtosis estimate as a function of the
SNR and the modulation scheme of the received signal. From this figure, it can be observed
that the NMSE is lowest for the PSK modulation schemes and is not a function of their
modulation order. This is due to the fact that, for PSK modulations, the difference among
the modulated data symbols is in the phase only, and as discussed previously, the kurtosis

is not a function of phase information.

From this figure it can also be observed that, for QAM and PAM modulation schemes,
the NMSE increases as the modulation order increases. Additionally, the performance given
QAM is better than the performance given PAM. This is due to the fact that these modu-
lation schemes have symbols that differ in amplitude. More specifically, as the modulation
order of these schemes increases, their fourth absolute moment, defined by E[|S]*], increases.

This leads to larger variance in the estimates and thus decreases their performance.

3.3.4.1 Modulation Classification using the Modulation Kurtosis Estimator

Fig. 3.5 presents the performance of a feature-based modulation classifier that uses estimates
of the modulation kurtosis given by (3.8) in order to perform classification. More specifically,
for this classifier, the modulation kurtosis is estimated, compared to the true values of
the modulation kurtosis for all possible modulation schemes, and the nearest modulation

kurtosis value is chosen. For this figure, the modulation schemes considered were BPSK,
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Figure 3.5: Average probability of correct classification of the proposed asynchronous
feature-based classifier as a function of the number of observed symbols N,. The perfor-

mance of the optimal likelihood-based classifier is included for comparison [16].

QPSK, 16-QAM, and 64-QAM. Additionally, this feature-based classifier is compared to the
performance of the optimal likelihood-based classifier, in which synchronization and known

channel parameters is assumed, given in [16].

A couple of observations can be made from this figure. First, the performance of this
feature-based classifier improves as the SNR and/or the number of observed symbols, N, in-
creases. Secondly, the performance of the classifier approaches that of the optimal likelihood-

based classifier as the number of observed symbols increases.
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3.3.5 Over-The-Air Experimental Results

This section describes an over-the-air experiment to analyze the performance of the devel-
oped modulation kurtosis estimator in a realistic sensing scenario. Fig. 3.6 presents a block
diagram that outlines the signal flow from the transmitter to the receiver given an AWGN
transmit channel. Both the transmitter and receiver were implemented as flowgraphs in
GNURadio Companion using prebuilt signal processing blocks, as well as a developed mod-

ulation kurtosis estimator block.

The hardware configuration for the two USRPs in this block diagram is shown in Fig.
3.7. This hardware configuration consists of two Ettus B210 USRPs with Vert900 antennas.
Additionally, each USRP is connected to an Ettus OctoClock-G to provide a GPS Disci-
plined Oscillator (GPSDO) to mitigate the impact of frequency and timing drift during the
observation intervals. For the analysis that follows, the center frequency chosen for the signal
of interest is 900 MHz (chosen given the acceptable range of the Vert900 antennas). The
sample rate for the transmit and receive flowgraphs is 8MHz (within the operating range of
the B210 USRPs) and the symbol rate is 533.333 kHz, therefore oversampling the signal by

a factor of 15.

Fig. 3.8 presents the performance of the proposed approach to modulation kurtosis
estimation from simulation (solid lines) as well as from over-the-air experimentation (dashed
lines) for a QPSK modulated signal transmitted in an AWGN channel. For these results,

the NMSE is again used in order to quantify the estimator’s performance. For each data
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Figure 3.6: Block diagram of the over-the-air experiment.

Figure 3.7: The hardware setup for the over-the-air experiment. The transmitter (left)
and receiver (right) are both B210 USRPs with Vert900 antennas. An Ettus Octoclock-G

is used to minimize the frequency and timing drift experienced during observation periods.
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Figure 3.8: NMSE of the proposed modulation kurtosis estimator obtained through
GNURadio simulation (solid lines) and through over-the-air experimentation (dashed

lines) for varying N, and g given a QPSK modulated signal received in an AWGN channel.

point on the plots, the set of A values {0,1/3,2/3} are used for estimating the unknown
channel and timing parameters and the fractional time delay is swept across its range of 0
to 1 during the performance calculations through the use of a delay block in the receiver
flowgraph. Finally, the SNR values for the experimental data points are determined by using

the gain and noise variance estimates of the developed method-of-moments based estimator:
@2
o

A few important observations can be made from this figure. First, as was discussed
in Section 3.3.4, as the SNR, roll-off factor (3, and/or observation length N, increases, the
NMSE decreases as expected. Secondly, and most importantly, the experimental results (the

dashed lines) match up well to the simulation results (the solid lines).
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3.4 Summary

In this chapter, a novel feature-based modulation classification approach was developed for
asynchronously received LDAPM signals in slowly-varying frequency-flat fading channels.
First, a closed-form solution for the kurtosis for these signals was defined and was shown
to be invariant to the phase of the received signal, as well as to small frequency offsets of
the receiver. From the kurtosis of the received signal, an estimation approach utilizing the
method-of-moments based estimator developed in the previous chapter was developed for
estimating and the kurtosis of the received signal’s modulation scheme. Through both simu-
lation and experimental analysis, it was shown that this estimated kurtosis of the modulation

scheme can be used in order to classify the modulation scheme of the received signal.



Chapter 4

Exploiting Sensor Correlation and
Reliability Information in

Collaborative Spectrum Sensing

As previously discussed in the preceding chapters, spectrum sensing performance at a given
sensor is a function of the transmitted signal of interest, the wireless propagation channel,
and the hardware and software capabilities of the sensor itself. In other words, wireless
propagation effects such as path-loss, shadowing, and multi-path fading, as well as sensor
characteristics such as its noise figure, sensing algorithm, and available sensing time, can
significantly impact the sensing performance of a given sensor [13], [47]. It is due to these
facts that the concept of collaborative spectrum sensing is a highly studied area of research

in recent years (see [48]-[57], among many others).

o1
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As the name implies, collaborative spectrum sensing is the process of using a network
of sensors in order to jointly perform spectrum sensing. The idea is that it can typically
be expected that not all of the collaborative sensors will experience the same detrimental
propagation effects at the same instant of time, nor will all of the sensors have the same
hardware and software capabilities. That is, collaborative spectrum sensing can lead to

improved sensing performance through both large scale and small scale diversity.

Prior research in collaborative spectrum sensing has demonstrated that knowledge of the
wireless propagation environment and sensor position information can lead to more efficient
collaborative spectrum sensing algorithms. For instance, research presented in [22] and [23]
shows that the reliability of each sensor (due to fading effects or the sensor’s proximity to the
signal of interest’s transmitter, for example) should be considered in algorithm development.
Additionally, research presented in [24],[25] and [52],[53] demonstrates that the spatial cor-
relation among the sensors’ observations (which due to multi-path and/or shadowing effects

is a function of sensor separation) should also be considered in algorithm development.

These prior works, among others, have separately considered the effects of sensor correla-
tion and sensor reliability information on collaborative sensing. However, the consideration
of their joint effect on collaborative spectrum sensing is at present underdeveloped. Moti-
vated by this fact, this chapter concerns the development of a collaborative signal detection
approach that utilizes both sensor position dependent correlation and sensor reliability in-

formation.

To begin this development, Section 4.2 presents a collaborative signal detection scenario
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in which the collaborating sensors have differing reliabilities, due to variations in their noise
powers and their distance from the signal of interest’s transmitter, and correlations, due to
the assumption of a shadow fading wireless propagation environment. Given this scenario,
a collaborative detection algorithm that incorporates both sensor reliability and correlation
information is developed in Section 4.3. Through simulation, it is demonstrated that the
developed collaborative detection algorithm outperforms algorithms that consider partial, or

no, information of these effects.

Finally, in Section 4.4, sensor reliability and sensor correlation information is utilized
in order to facilitate intelligent sensor selection. More specifically, it is shown that sensor
weightings determined from the collaborative signal detection algorithm, which are inher-
ently a function of both the sensor reliability and correlation information, can be used to
intelligently choose a subset of the total available sensors. Through simulation, it is shown
that selection of a subset of the sensors in this more intelligent manner greatly outperforms
random subset selection, leading to more efficient trade-offs between collaborative sensing

performance and sensing overhead.
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4.2 The Collaborative Signal Detection Scenario

For the discussion that follows, the collaborative signal detection scenario illustrated by
Fig. 4.1 is considered. In this scenario, spectrum allocated to a primary spectrum user is
opportunistically accessed by a collaborative secondary user network located at a distance Dg
from the primary user, but within the primary user’s interference range, Rp (i.e. Dg < Rp).
Therefore, in order for the secondary user network to access the spectrum without causing
interference to the primary user, the network must first detect whether or not the primary
user is currently using the spectrum. This signal detection scenario can therefore be modeled
as a binary hypothesis testing problem in which the null hypothesis, Hy, represents no

primary user transmission (a so-called spectrum opportunity) and the alternative hypothesis,
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Figure 4.1: The considered collaborative signal detection scenario.
H1, represents primary user transmission (no spectrum opportunity exists).
The secondary user network is assumed to consist of N users that are distributed ran-
domly, and independently, in an AxA m? area. When the network is performing collaborative

signal detection, each of the N secondary users (acting now as sensors) performs the following

signal processing tasks:

1. Measures its total received power.

2. Normalizes the total received power measurement by subtracting its mean noise power

(here assumed to be known a priori).

3. Relays the normalized total received power measurement, Y; (in dB, ¢ = {1,2,..., N}),

to a data fusion center.

The task of the fusion center, which could be a separate entity or simply one of the N

secondary users in the network, is to use the collected normalized total received power
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measurements, Yp = Y7, Y, ..., Yy, to determine whether or not a spectrum opportunity

currently exists (this determination to be discussed in more detail in the following section).

For the null hypothesis (#H,), the total received power measured by each sensor is simply
equivalent to the sensor’s noise power, due to the absence of primary user transmission.
Given that the noise power can vary among the sensors (due to thermal noise, atmospheric
noise, man-made noise, etc.), the sensors’ noise powers are modeled as independent log-
normally distributed random variables, as described in [58],[59]. Therefore, the sensors’
total received power measurements Y;, given Hy, are independent and identically distributed

2

Gaussian random variables with zero mean (after normalization) and known variance o.

Therefore, at the fusion center,

H()Z YF NN(O,O’ELI), (41)
where N (0, 02I) represents a zero-mean multivariate Gaussian distribution with correlation

matrix o21.

For the alternative hypothesis (#;), the total received power measured by each sensor is
the sum of the sensor’s noise power and the primary user’s received signal power. Given the
assumption that some of the sensors may be impacted by shadowing, experimental results
have shown that the primary user’s received signal power at each sensor can be approximated
by a set of correlated log-normally distributed random variables, in which the mean is a
function of path-loss and the variance, o2, is an experimentally obtained parameter that is

dependent on the propagation environment [60]. More specifically, the primary user’s signal
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power received at a sensor located d meters from the primary user is given by (in dB)

P(d) = Pr — Py(d,) — 10nlog (di) +N(0,02) (4.2)

o

where Pr is the primary user’s transmit power, Pr(d,) is the average path-loss at a reference

distance d,, n is the path-loss coefficient, and N(0,0?) represents a zero-mean Gaussian

random variable with variance o2. In order to model the correlation between the primary
user’s received signal powers at the sensors, we assume the well-known exponential model

given by Gudmundson in [61]. This model defines the correlation among the sensors as

pij = e, (4.3)

where d, ; is the separation (in meters) between the i-th and j-th sensors and a is the so-called
“shadowing coefficient”. From [61], a ~ 0.12 for urban areas at 1700 MHz and a ~ 0.002
for suburban areas at 900 MHz, for example. (It is important to note that the collaborative
signal detection algorithm to be developed in the following section is not dependent on the

choice of correlation model.)

Given this definition for the primary user’s received signal power, the total received power
measurement at each sensor, under the alternative hypothesis, is equal to the sum of two
independent log-normally distributed random variables. Various studies have shown that the
sum of two independent log-normal random variables can be approximated as a log-normal

random variable [62]-[64]. Using this approximation, at the fusion center

H: Yr~N(M,Y) (4.4)
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where A (M, X) represents a multivariate Gaussian distribution with mean M and covariance

matrix X. Here, the i'" element of the 1xN vector M is given by
M; = E[10log,, (1 + SNR;)] (4.5)
and the {i,j} element of the NxN matrix 3 is given by
Y =COV (Y.,Y)) = aioje %, (4.6)
i,J
where o? and sz are the variances of measurements Y; and Yj, under #;, respectively [59].
To summarize, the fusion center’s observation is defined under each hypothesis as (in dB)
Ho: Yr ~ N(0,021), (4.7)
Hi: Yr ~N(M,X) (4.8)

where the i element of M is given by (4.5) and the {i, j} element of X is given by (4.6).

4.3 The Collaborative Detection Algorithm

As defined in Section 4.2, each of the sensors in the collaborative network sends their normal-
ized total received power measurements to a data fusion center (for this analysis, uncorrupted
transmission between the sensors and the fusion center is assumed). Given that the fusion
center’s observation is a multivariate Gaussian distribution under both hypotheses, as de-
fined by (4.7) and (4.8), the likelihood ratio test for the collaborative detection scenario is

given by

— 6_%(YF_M1),2171(YF—M1)

1
(2m) /2[5 | '

H
20 (4.9)

-3 - ! - — < )
We $(Yr—Mjo)' o~ (Y r—Myo) o
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where the vector M; represents the means, and the matrix X, represents the covariances, of
the measurements given hypothesis H;. Given that the measurements Y; are independent
zero-mean Gaussian random variables under H,, through algebraic manipulation (4.9) can

be simplified as follows:

|Z]0|1/2 1 / —1 1 / —1 H
—5(Yr—M1) 317 (Yr—M1)+5(Yr—Mo)'Zo (Yr—Mo) > b

BANES %
s —1 / -1 H |21|1/2
—(Yr=M)E: (Yr—Mi) + Y3, Yp 2 2In( 5759
Ho |EO| /
H,
u; Y2 — v Y+ Y wY, Z ¢, (4.10)
w3 S« S §
#J
where
1 1 1 1
w=— - Z0, vy =2 w 222( MM (4.11)

Zi(f;) is the {i, 7} element of 3!, and M;k) is the j-th element of My, given H,.

From (4.10), it can be observed that the developed collaborative detection algorithm for
the considered collaborative spectrum sensing scenario is a non-linear weighted function of
each sensor’s total received power measurement. Most importantly, the weights u;, v; j, and
w;, given by (4.11), are a function of both the means and covariances of the total received
power measurements under H;. In other words, the weighting of a given sensor is inherently
a function of both the statistical reliability of the measurements at the sensor (due to its
proximity to the primary user and its noise power) and how correlated its measurements are

with the other sensors’ measurements (due to shadowing effects).
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4.3.1 Simulation Results

Figs. 4.2-4.4 present simulation results of the performance of the developed collaborative
signal detection algorithm given by (4.10). For these results, the receiver operating char-
acteristic (ROC) is used in order to quantify the algorithm’s performance. That is, these
figures show the average probability of spectrum opportunity detection (i.e. the probability
of correctly determining that the primary user is not transmitting) as a function of the prob-
ability of false opportunity (i.e. the probability of incorrectly determining that the primary
user is not transmitting). Additionally, for these figures the following simulation parameters

are used: o, =1, 05, = 2.5, and a = 0.2.

Fig. 4.2 presents ROC curves for two types of collaborative detection algorithms. The
first detection algorithm is an ignorant algorithm that assumes that all of the sensors are
independent (that is, >, . = 0 for i # j) and have the same reliability (that is, M; and o;
are equal for all sensors). The second detection algorithm is the developed algorithm given

by (4.10).

A few important observations can be made from this figure. First, it can be seen that the
developed algorithm which utilizes correlation and reliability information greatly outperforms
the ignorant algorithm, as expected. Secondly, the performance of the algorithms improves as
the number of sensors increases. It is worth noting that when the distribution of the fusion
center’s observations is given by (4.7) and (4.8), the developed algorithm’s performance

always improves as N increases. However, this is not true for the ignorant algorithm.
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Figure 4.2: ROC curves given different numbers of collaborating sensors N and A = 30m
(solid: the developed detection algorithm, dashed: a detection algorithm ignorant to sensor

reliability and correlation information).

Figs. 4.3 and 4.4 present ROC curves for four types of collaborative detection algorithms:

e [D; - an ignorant algorithm in which the sensors are assumed to be independent and

have the same reliability

e D, - an algorithm in which the sensor’s reliabilities are known but the sensors are

assumed to be independent

e Ds - an algorithm in which the sensors’ correlations are known but the sensor’s relia-

bilities are assumed to be the same

e D, - the developed algorithm given by (4.10).

In Fig. 4.3, the ROC curves of these algorithms are presented given a propagation envi-



.-’/ — — — D, : Assuming No Additional Knowledge
D2: Assuming Sensor Reliability Knowledge Only b

Average Probability of Opportunity Detection

T B D3: Assuming Sensor Correlation Knowledge Only
0.1 F D,: Assuming Complete Knowledge ]
0 1 1 1 1
0 0.02 0.04 0.06 0.08 0.1

Probability of False Opportunity

Figure 4.3: ROC curves for a few collaborative signal detection algorithms given a sensor

correlation dominated environment, A = 25m, and N = 10.
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ronment in which the impact of sensor correlation information is greater than that of sensor
reliability information. For this environment, the proposed algorithm D4 and algorithm Ds
outperform algorithms D; and D,, as expected. Conversely, Fig. 4.4 presents the ROC
curves of these algorithms given a propagation environment in which the impact of sen-
sor reliability information is greater than that of sensor correlation information. For this
environment, the proposed algorithm D, and algorithm Dy outperform algorithms D; and
Ds. As expected, for both environments the developed algorithm, which utilizes both the

correlation and reliability information, outperforms all other considered algorithms.

4.4 Intelligent Sensor Selection based on Correlation

and Reliability Information

It was demonstrated in the previous section that the reliability of each sensor, as well as how
correlated each sensor is with one another, can have a significant impact on the performance
of collaborative signal detection. More specifically, it was observed from the developed
collaborative detection algorithm, given by (4.10), that sensors with a low reliability and/or
are correlated heavily with the other sensors have smaller weights than sensors that are more

reliable and/or are less correlated with the other sensors. To better highlight this fact, the
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collaborative signal detection algorithm given by (4.10) can be rewritten as:

Zw? S ey, +Zwu Z

=1 j=1 0
i#]
N N N H, .
Sve-ayon{ Sz (o) | %
i=1 i=1 j=1 Ho
N N H, .
SvE-Yay 2o (1.12)
i=1 i=1 Ho

where
_ o2 Z z9 (v, ( }1)) . (4.13)

Rewriting the developed collaborative detection algorithm in this way leads to a single
weighting for each of the collaborative sensors, given by (4.13). These weights are a function
of the sensors’ reliabilities, their correlations, and their instantaneous total received power

measurements.

In collaborative spectrum sensing, there is an inherent trade-off between the number of
collaborating sensors and the sensing overhead required [65]. In other words, as the number of
collaborating sensors increases, so does the communication times, bandwidth requirements,
and power needs of the sensing network. In order to attempt to strike a balance between

collaborative sensing performance and overhead, intelligent sensor selection can be used.

As the name implies, intelligent sensor selection is the process of utilizing prior knowledge
of each sensor’s capabilities in order to determine a suitable subset of the total number of
sensors for collaborative sensing. In prior works, it was shown that knowledge of the sensor’s

reliabilities [54] and correlations [55]-[57] can be used to facilitate intelligent sensor selection.
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However, the joint consideration of both reliability and correlation information was not

considered.

With this in mind, the following approach to intelligent sensor selection, that makes
use of both sensor reliability and correlation information, is developed for the considered

collaborative signal detection scenario:

1. Determine the average values for the sensor weights given by (4.13).

2. Find the sensor with the lowest average weight and remove it from the sensor set.

3. Recalculate the weights for the new subset of sensors.

4. Repeat Steps 1-3 until the desired performance bound or number of sensors is reached.

4.4.1 Simulation Results

Fig. 4.5 presents simulation results of the performance of the developed intelligent sensor se-
lection algorithm. More specifically, in this figure, ROC curves are used in order to quantify
the performance of the intelligent sensor selection algorithm against that of random sensor
selection, given the following simulation parameters: N = 15, A =50, 0, = 1, 05, = 2.5, and
a = 0.2. From this figure, it can be observed that the developed intelligent sensor selection
algorithm, that utilizes both the sensor reliability and sensor correlation information, out-
performs four cases of random sensor selection, in which this information is not considered.
It should be noted that, on average, the developed intelligent sensor selection algorithm

outperforms random sensor selection, as expected.
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Figure 4.5: ROC curves of the developed collaborative signal detection algorithm given

intelligent sensor selection and random sensor selection.

4.5 Summary

In this chapter, the impact of sensor reliability and sensor correlation information on col-
laborative signal detection was considered. First, a novel collaborative signal detection
algorithm was developed that utilizes both sensor reliability and sensor correlation infor-
mation. Through simulation, this algorithm was shown to outperform algorithms in which
partial, or none, of this information is considered. Secondly, this chapter demonstrated that
sensor reliability and correlation information can also be utilized in order to perform more
intelligent sensor selection. Through simulation, it was shown that the developed intelligent
sensor selection algorithm on average has a much lower impact on the detector’s performance

than random sensor selection.



Chapter 5

Conclusions

The work presented in this dissertation has advanced the state-of-the-art in spectrum sensing
research by relaxing some of the common signal, channel, and Tx/Rx impairment assump-
tions that have been typically considered in the literature. Making valid assumptions on
available a priori knowledge for the given spectrum sensing application is a critical consider-
ation in the development of any spectrum sensing technique. For example, in opportunistic
spectrum sharing and military applications, which have been the two main thrusts for spec-
trum sensing research in recent years, it can inherently be expected that limited, or no, a
priori knowledge of the signal of interest will be available. Given this fact, the research
presented in this dissertation has taken a major step closer to the ultimate goal of spec-
trum sensing research in these applications, that of performing fast and reliable spectrum
sensing with no assumed prior knowledge of the signal of interest. The contributions of this

dissertation are as follows.
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The work presented in Chapters 2 and 3 concerns the development of both a novel signal
and channel parameter estimator, as well as a novel classifier of the modulation scheme, for
any generic linear digital amplitude-phase modulated signal (such as PAM, PSK, QAM, etc.)
transmitted through a slowly-varying frequency-flat fading channel. In the development of
these sensing techniques, the common assumption of a known channel model (complete or
partial knowledge of the received signal gain, signal phase, time delay, and noise variance in-
duced by the channel) and the assumption that the transmitter and receiver are synchronized
in time and frequency are relaxed. As previously stated, the relaxation of these common
assumptions is critically important for sensing scenarios in which the signal source is unco-
operative, given that typically assumed channel equalization and synchronization aids such

as training sequences or a priori known signal parameters may be incomplete or unavailable.

More specifically, in Chapter 2, first a closed-form signal and channel parameter estima-
tion approach based upon the method-of-moments is developed for estimating the received
signal gain, noise variance, and fractional timing offset of the received signal. Here, previously
undefined closed-form equations for the 2"¢ absolute moments required by the estimator are
derived for a root-raised cosine pulse shape and are shown to require no a priori knowledge of
the signal phase or modulation scheme of the received signal. Simulation results demonstrate
that the developed estimator outperforms the traditional synchronous method-of-moments
estimator for the received signal gain and noise variance, colloquially known as the MyM,
estimator, when the transmitter and receiver are asynchronous and the modulation format

is unknown. Finally, Chapter 2 also presents the development of a novel quasi-Hybrid like-
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lihood ratio test based modulation classifier that utilizes the developed signal and channel

parameter estimator to classify the modulation format of the received signal.

While the performance of the developed asynchronous likelihood-based modulation clas-
sifier is shown to approach that of the optimal synchronous likelihood-based classifier given
an adequate observation interval, it requires perfect knowledge, or estimates, of the carrier
frequency and phase of the received signal. In order to relax these requirements, Chapter 3
extends the work of Chapter 2 by presenting a novel feature-based modulation classifier in
which the statistical measure of kurtosis is utilized as the modulation discriminating feature
of the received signal. To begin the development of this classifier, first a previously unde-
fined closed-form equation for the kurtosis of the received signal of interest is derived and is
shown to be a function of the kurtosis of the modulation scheme of the transmitted signal.
Additionally, it is shown that the derived kurtosis equation ignores phase information and

is immune to reasonable frequency offsets between the transmitter and receiver.

From this closed-form kurtosis equation, and given the signal and channel parameter
estimator developed in Chapter 2, an estimation and classification technique is developed to
determine the modulation scheme of the received signal from the kurtosis. The performance
of this technique is analyzed first through simulation and is shown to perform comparatively
to the developed likelihood-based classifier, and greatly outperforms this classifier given
frequency offsets or unknown phase information. Secondly, an over-the-air experimental
setup is developed and used to demonstrate that the theoretical and simulation results

match well with the results gathered through experimentation.
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While Chapters 2 and 3 advance the state-of-the-art in the area of single user spectrum
sensing, the aim of the work presented in Chapter 4 is to advance the state of the art in the
area of collaborative spectrum sensing. More specifically, this chapter considers the joint
impact of sensor correlation and reliability information in the development of collaborative
signal detection and intelligent sensor selection algorithms. Prior works have typically dis-
cussed the impact of sensor correlation and reliability information independent of one another
and thus only address a subset of the potential collaborative spectrum sensing scenarios that
can arise. For instance, correlation among the collaborating sensors can be expected in shad-
owing and/or multi-path fading environments. Additionally, deep fades, shadowing, and/or
the sensors having more sophisticated sensing algorithms or more time to devote to sensing

can lead to the sensors having different reliabilities.

With these thoughts in mind, Chapter 4 develops a collaborative signal detection algo-
rithm that makes use of both sensor correlation and reliability information for an outlined
realistic collaborative sensing scenario. Through simulation, it is shown that the developed
algorithm outperforms algorithms that consider partial, or none, of this information. Next,
given the developed algorithm, an approach to intelligent sensor selection (i.e. choosing a
subset of the total number of sensors for collaboration) is developed that leverages both the
correlation and reliability information. Simulation results show that intelligently choosing a

subset of the sensors with this approach greatly outperforms random sensor selection.



Appendix A

Derivation of Closed-Form Equations

for ") and !

Closed-form equations for ¢§22 and @/}@, defined generally by (2.9), can be determined

through the use of the Poisson Summation Formula given by [66]

o0

Y a(t+kT) = Z X( )eﬂff?) (A1)

k=—00 k—foo

where X(+) is the Fourier transform of the function z(-). Here, closed-form equations are
developed for a root-raised cosine pulse shaping function with roll-off factor 5. However,

this approach can be applied equivalently for other pulse shaping functions of interest.

1.1 Derivation of ngzz

Substituting (2.9), with a = 2, into (A.1) leads to

o0

= > R((A— T +KT)? T Z R ( ) J2mk (A=e) (A.2)

k/'=—o00 k/'=—oc0
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where R)(.) is the Fourier transform of R(-)2. For the root-raised-cosine pulse shape, R(-)

is by definition the raised-cosine pulse shape, which has a frequency-domain representation

that is given by [37]

T, fl <2
R =9 F1+cos (Ff1-521)| 5 <1l <52 (A.3)
0, otherwise

\

Therefore, R® can be determined by convolving this equation with itself. The resulting

equation is non-zero only within the range [—(1 + 5)/T,(1 + )/T], leading to the following

simplification for (A.2):

1 < 1%
2 _ = NON j2mk! (A—e)
?/1)\75 - T Z R ( T > e’

k=—1

1.2 Derivation of @b@

Substituting (2.9), with a = 4, into (A.1) leads to

= I & = (K g
> R(A-oT+KT)* = - > RW (T) /2K (A=e) (A.5)
k'=—oc0 k'=—oc0

where R™(-) is the Fourier transform of R(-)*. As before, using the fact that multiplication

in the time-domain is equivalent to convolution in the frequency-domain, R® (+) is equivalent
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to the term R®(-) convolved with itself. Solving for this convolution, R (-) is found to be

non-zero only in the range [—(2 4 23)/T,(2+ 253)/T], leading to the following simplification

for (A.5):
For 5 > 0.5,
o [(2ﬁ3(47r2 —123) + 33%(41 — 47%) + 6753 — 1) cos(5)
: 38472
_{_35(52(87?2 — 35) — 872 + 27?) sin(%)
12873
3(,2 2 2 2 2
TRkl L 1254;372; m)¥6mp o ] cos(6m(A — €))
[(253(4772 —123) +35%(41 — 47°) + 678 — 7%) cos(3)
9672
3(8%(8n% — 35) — 87?3 + 2m?) sin(§)
* 323
3 2 2 2 2 2
| 38%(267° — 105) + 192@2(;2— 72) 4 96728 — 167 ] cos(dm(r— &)
36(8(27° + 55) — 27°B — 67°) sin(%)
* [ 204873
(7(283(47? — 123) + 35%(41 — 47?) + 6725 — 72) cos(3)
- 3842
_35(52(%2 +55) — 223 — 67%) cos(%) sin(%) . 218(B%(872 — 35) — 8728 + 272) sin(%)
102473 12873
+ﬁ3(2w2 +39) — 1252’1(67:5; 6) + 147°8 + 372 o2 o)
+B(ﬁ2(27r2 —11) +37°8 +7%)sin(F)  B(B*(27° — 11) + 328 + 7°) cos(F) sin(F)
102473 51273
(283(4m% — 123) + 332%(41 — 47?) + 6723 — 72) cos(3)
9672
36(8(87* — 35) — 8m*F + 272) sin(5)
3273

33(227% — 591) + 115232 — 96723 + 1447
+
19272
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For 5 < 0.5,
5072 — 453
w/(\%z = ﬁ?’qu (cos(4m(A — €))—4 cos(2m(\ — €))+3)
,8 — 2
-3 - (cos(2m(A —€)) — 1)
+(:08(27r()\ —€)+2 (A7)

3

1.3 Impact of Pulse Shape Truncation on @DQ and ¢§il2

In reality, pulse shaping functions do not have infinite time support and thus are truncated
to some finite time length. This truncation can lead to measurable differences between what
is observed in practice and the theoretical values of ¢§22 and ¢§\42 just developed. Figs. A.1-
A .4 present simulation results of the mean absolute percentage error (MAPE) of these values
as a function of the time support N, the roll-off factor 3, and the fractional time delay €
(here, A = 0 without loss of generality). For this analysis, the time support of the root-raised

cosine pulse is defined as a span of Ny symbols.

As can be observed from these figures, as the time support Np increases, the MAPE
reduces, as expected. Additionally, from Figs. A.1 and A.2, it can be observed that the
MAPE decreases as the roll-off factor 8 increases. This makes sense given that, as the name
implies, the pulse shaping function decays quicker for higher roll-off factors. Finally, from
Figs. A.3 and A .4, it can be observed that the MAPE decreases as the fractional time delay

€ decreases.
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Figure A.1: Mean absolute percentage error of wéz) as a function of the time support

Nrp and differing values of the roll-off factor 8 (averaged over the fractional time delay ¢).
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Figure A.2: Mean absolute percentage error of 1/J£4) as a function of the time support

Np and differing values of the roll-off factor 8 (averaged over the fractional time delay ¢).
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Figure A.3: Mean absolute percentage error of wﬁz) as a function of the time support

Nrp and differing values of the fractional time delay € (averaged over the roll-off factor ).
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Figure A.4: Mean absolute percentage error of 1/J£4) as a function of the time support

Np and differing values of the fractional time delay e (averaged over the roll-off factor f3).



Appendix B

Derivation of the Asynchronous

Kurtosis

From (3.1), the kurtosis of the complex-valued asynchronously received symbols given by

(2.5) can be written as

Ellrmal*] = 2E[|rm "] — [E[r7, ,\]I”

Ky = , B.1
Ellra PP B
where from (2.8),
ElJrmal?] = a?¢) + 402, (B.2)
The remaining terms of (B.1) are developed in a similar fashion to yield
2
Efr2, = E (ozeje Z Sm—1—w R(K'+ X —e)T) + nm) ]
k'=—o0
2
= E (O[@JG Z Sm 1— k/R((k/+)\—€)T>> ] +E [n?n}
k'=—oc0
= o”Elsple) — o’E[s3]uy] (B.3)



78

and

00 4
Ellrmal] = B ||ae” Z Sm—t-w R(K'+ X —€)T) 4+ nyp,

k'=—00

o 4
= E ||ae Z Sm—1—w R((K'+ X —€)T)

k'=—00

2

+160°E ||’ > Sp i wR((K + A —€)T)

k'=—o0

= o' (E[sy] + E[s§] + 2E[s5s3]) 1/1@ + 16a%0? ;22 + 320!

+E Unmﬂ

+a* (3B[s3)* + 3B[s]? + 2B[s3]E[s3]) (v — viY), (B.4)

where ¢/(\22 and w/(\%z are derived in Appendix A and sy and sg denote the real and imaginary
components of the random modulated data symbols given by (3.2). Note that these terms
are independent of the integer symbol offset values m and [ given independent and uniformly

chosen modulated data symbols.

Finally, plugging these three terms into (B.1) and performing some algebraic manipula-

tion:
4
o'y

(a2 +402)2

€

(B.5)

Ry = KMOD

where kyop is the modulation kurtosis defined by (3.3).
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