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Détection avancée de RFI, excision de RFI et détection de spectre: algorithmes et
analyses de performances

Tilahun Melkamu GETU

RESUME

En raison d’interférence intentionnelle et non intentionnelle, I’ interférence radiofréquence (RFI)
entraine une perte de performance dans divers systemes tels que la radiométrie a hyperfréquences,
la radioastronomie, les communications par satellite, les communications ultra-large bande, le
radar et la radio cognitive. Pour surmonter I’impact de la RFI, une détection RFI robuste avec
une excision RFI efficace est donc nécessaire. Parmi leurs limites, les techniques existantes
tendent a étre complexes en calcul et a rendre inefficace I’excision des RFI. D’un autre coté,
plusieurs techniques de détection de spectre sont disponibles pour la radio cognitive (CR).
Cependant, la plupart des techniques existantes reposent sur la disponibilité de 1’information
d’état de canal (CSI) ou sur les caractéristiques du signal d’intérét. Motivé par les limitations
soulignées, cette these présente les résultats de recherche en trois volets: détection avancée de
RFI, excision avancé de RFI et détection avancée de spectre.

Concernant la détection avancée de RFI, cette these présente cinq détecteurs RFI: un détecteur
de puissance (PD), un détecteur d’énergie (ED), un détecteur de valeurs propres (EvD), un
détecteur a base de matrice et un détecteur a base de tenseur. Tout d’abord, un PD simple
permettant de détecter une RFI large bande est étudiée. En supposant des canaux a atténuation
Nakagami-m, des expressions analytiques exactes pour la probabilité de détection RFI et pour
la fausse alarme sont dérivées et validées par simulations. Les simulations également démon-
trent que le PD surpasse le détecteur de kurtosis (KD). Deuxiemement, on étudie un ED pour
la détection de RFI dans les systemes de communication sans fil. Sa probabilité moyenne de
détection est approximée, et des expressions analytiques asymptotiques sont dérivées. Aussi,
une expression exacte pour la probabilité moyenne de fausse alarme est dérivée. Des simu-
lations Monte-Carlo valident les expressions analytiques dérivées et corroborent le fait que le
détecteur d’énergie étudié (ED) dépasse les performances de KD et d’un détecteur de test de
rapport de vraisemblance généralisée (GLRT). La performance d’ED est également évaluée en
utilisant de données réelles contaminées par RFI. Troisiemement, un EvD aveugle est proposé
pour les systemes SIMO (Single-Input Multiple-Output) pouvant étre affectés par la RFI. Pour
caractériser les performances d’EvD, des expressions de performance fermées valables pour
des échantillons infiniment énormes sont dérivées et validées par le biais de simulations. Les
simulations corroborent également le fait qu’EvD manifeste, méme dans des parametres de
saturation d’échantillon, des performances de détection comparables avec un détecteur GLRT
alimenté avec la connaissance du canal de signal d’intérét (SOI) et un détecteur de sous-espace
adapté alimenté avec les canaux SOI et RFI. Enfin, pour une détection robuste de RFI recue via
un canal a chemins multiples, cette these présente des détecteurs RFI multi-antennes a base de
matrice et a base de tenseur, tout en introduisant une hypothese de test a base de tenseur. Pour
caractériser les performances de ces détecteurs, des analyses de performance ont été menées.
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Les simulations évaluent les performances des détecteurs proposés et valident les caractérisa-
tions asymptotiques dérivées.

Concernant I’excision avancée de RFI, cette these introduit une méthode basée sur 1’algebre
multi-linéaire pour une excision de multi-interféreurs (MI-RFI) en proposant un algorithme
multi-linéaire d’estimation et de projection (MLSEP) pour les systemes SIMO. Apres avoir
utilisé des fenétres d’observation lissées, un algorithme MLSEP (s-MLSEP) lissé est égale-
ment propos€. MLSEP et s-MLSEP nécessitent la connaissance du nombre d’interféreurs et de
leur ordre de canal respectif. En conséquence, un nouveau énumérateur d’interféreurs a base de
matrice lissée et un énumérateur d’ordre de canaux est proposé. Les analyses de performance
confirment que MLSEP et s-MLSEP peuvent exciser tous les brouilleurs lorsque les pertur-
bations deviennent infiniment petites. Pour de telles perturbations, les analyses confirment
également que le s-MLSEP présente une convergence plus rapide vers une erreur d’excision
nulle que le MLSEP, qui converge plus rapidement qu’un algorithme de projection de sous-
espace. Malgré sa faible complexité, les simulations et I’évaluation des performances sur des
données réelles démontrent que le MLSEP surpasse les algorithmes d’excision RFI basés sur
la projection. Les simulations confirment également que s-MLSEP surpasse MLSEP a mesure
que le facteur de lissage diminue.

En ce qui concerne la détection de spectre avancée, ayant été inspiré par un détecteur de F'—test
avec une expression de seuil de fausse alarme analytique considéré comme une alternative aux
détecteurs aveugles existants, cette these présente et évalue la simple technique de détection du
spectre F—test basée sur des tests ne nécessitant pas la connaissance des CSI pour les CR multi-
antennes. Des expressions de performances analytiques exactes et asymptotiques sont dérivées.
Les simulations évaluent les performances et valident les expressions analytiques. Pour un bruit
additif présentant la méme variance sur plusieurs antennes, les simulations montrent que les
détecteurs présentés ont un taux de fausse alarme constant, et ils sont également robustes contre
I’incertitude liée au bruit.

Mots-clés: détection de RFI, excision de RFI, détection de spectre, détection robuste, excision
efficace, analyses de performance.



Advanced RFI Detection, RFI Excision, and Spectrum Sensing: Algorithms and
Performance Analyses

Tilahun Melkamu GETU

ABSTRACT

Because of intentional and unintentional man-made interference, radio frequency interference
(RFI) is causing performance loss in various radio frequency operating systems such as mi-
crowave radiometry, radio astronomy, satellite communications, ultra-wideband communica-
tions, radar, and cognitive radio. To overcome the impact of RFI, a robust RFI detection cou-
pled with an efficient RFI excision are, thus, needed. Amongst their limitations, the existing
techniques tend to be computationally complex and render inefficient RFI excision. On the
other hand, the state-of-the-art on cognitive radio (CR) encompasses numerous spectrum sens-
ing techniques. However, most of the existing techniques either rely on the availability of the
channel state information (CSI) or the primary signal characteristics. Motivated by the high-
lighted limitations, this Ph.D. dissertation presents research investigations and results grouped
into three themes: advanced RFI detection, advanced RFI excision, and advanced spectrum
sensing.

Regarding advanced RFI detection, this dissertation presents five RFI detectors: a power de-
tector (PD), an energy detector (ED), an eigenvalue detector (EvD), a matrix-based detector,
and a tensor-based detector. First, a computationally simple PD is investigated to detect a
broadband RFI. By assuming Nakagami-m fading channels, exact closed-form expressions for
the probabilities of RFI detection and of false alarm are derived and validated via simula-
tions. Simulations also demonstrate that PD outperforms kurtosis detector (KD). Second, an
ED is investigated for RFI detection in wireless communication systems. Its average proba-
bility of RFI detection is studied and approximated, and asymptotic closed-form expressions
are derived. Besides, an exact closed-form expression for its average probability of false alarm
is derived. Monte-Carlo simulations validate the derived analytical expressions and corrobo-
rate that the investigated ED outperforms KD and a generalized likelihood ratio test (GLRT)
detector. The performance of ED is also assessed using real-world RFI contaminated data.
Third, a blind EvD is proposed for single-input multiple-output (SIMO) systems that may suf-
fer from RFI. To characterize the performance of EvD, performance closed-form expressions
valid for infinitely huge samples are derived and validated through simulations. Simulations
also corroborate that EvD manifests, even under sample starved settings, a comparable detec-
tion performance with a GLRT detector fed with the knowledge of the signal of interest (SOI)
channel and a matched subspace detector fed with the SOI and RFI channels. At last, for a
robust detection of RFI received through a multi-path fading channel, this dissertation presents
matrix-based and tensor-based multi-antenna RFI detectors while introducing a tensor-based
hypothesis testing framework. To characterize the performance of these detectors, performance
analyses have been pursued. Simulations assess the performance of the proposed detectors and
validate the derived asymptotic characterizations.
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Concerning advanced RFI excision, this dissertation introduces a multi-linear algebra frame-
work to the multi-interferer RFI (MI-RFI) excision research by proposing a multi-linear sub-
space estimation and projection (MLSEP) algorithm for SIMO systems. Having employed
smoothed observation windows, a smoothed MLSEP (s-MLSEP) algorithm is also proposed.
MLSEP and s-MLSEP require the knowledge of the number of interferers and their respective
channel order. Accordingly, a novel smoothed matrix-based joint number of interferers and
channel order enumerator is proposed. Performance analyses corroborate that both MLSEP
and s-MLSEP can excise all interferers when the perturbations get infinitesimally small. For
such perturbations, the analyses also attest that s-MLSEP exhibits a faster convergence to a
zero excision error than MLSEP which, in turn, converges faster than a subspace projection al-
gorithm. Despite its slight complexity, simulations and performance assessment on real-world
data demonstrate that MLSEP outperforms projection-based RFI excision algorithms. Simula-
tions also corroborate that s-MLSEP outperforms MLSEP as the smoothing factor gets smaller.

With regard to advanced spectrum sensing, having been inspired by an F—test detector with
a simple analytical false alarm threshold expression considered an alternative to the existing
blind detectors, this dissertation presents and evaluates simple F—test based spectrum sensing
techniques that do not require the knowledge of CSI for multi-antenna CRs. Exact and asymp-
totic analytical performance closed-form expressions are derived for the presented detectors.
Simulations assess the performance of the presented detectors and validate the derived expres-
sions. For an additive noise exhibiting the same variance across multiple-antenna frontends,
simulations also corroborate that the presented detectors are constant false alarm rate detectors
which are also robust against noise uncertainty.

Keywords: RFI detection, RFI excision, spectrum sensing, robust detection, efficient exci-
sion, performance analyses.
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the number of receive antennas, the number of transmit antennas

the SNR, the INR

the average SNR, the average INR, the average INR of the j-th RFI
the 3-mode unfolding of tensor ¢, the 3-mode unfolding of tensor .77

the r-mode unfolding of tensor %, the r-mode unfolding of tensor .2~

Symbols Common to Chapter 2

the normal distribution

the received baseband signal, the n-th sample of r(r)—i.e., r[n] = r(nT)
the SOI, the j-th Gaussian RFI

the n-th sample of s(t)—i.e., s[n] = s(nT), the n-th sample of v;(t)—i.e.,

vjln) = v;(nT)
the number of RFIs, the sampling interval (symbol duration)

the n-th unknown and deterministic SOI, the /-th sample of the j-th Gaussian
RFI

a rectangular pulse shape of duration T
the power of the SOI, the power of the j-th RFI
the flat fading SOI channel gain, the local mean received power of the SOI

the channel gain of the j-th RFI, the local mean received power of the j-th
RFI

the SOI fading severity parameter, the fading severity parameter of the j-th
RFI
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N, Nj a scale parameter defined as ©—, a scale parameter defined as
mj mjii
z(t), z[n] a band-limited zero mean AWGN, the n-th sample of z(r)—i.e., z[n| = z(nT)
N the number of intercepted samples
Y, Y a decision variable, a decision variable defined as ¥ =Y — ¢

f)’?‘HO (y), F)7|H0 (y) the PDF of Y|H(), the CDF of Y‘H()
fY\Hl (y), FY|H1 (y) the PDF of ?|H1, the CDF of Y‘Hl
31117111;;1 Qlel (i,k)  aweight defined through (Karagiannidis et al., 2006a, eqgs. (7) and (8))

Ening (i,k) a weight defined via (Karagiannidis et al., 2006a, eq. (A-5))

K, ORo kurtosis, the standard deviation of the RFI-free kurtosis

Symbols Common to Chapter 3

M the set of all possible negative values
MT the set of all possible positive values
M the set of all possible values, i.e., # = .#~ U{0}U.Z*

re . #\{0} r takes all values in set .# except 0

r(t) a noise pre-filtered received baseband signal

s(1) an SOI that is the baseband equivalent of a deterministic passband signal
v(t) an RFI assumed unknown and deterministic

T;, p(1) the symbol duration, a rectangular pulse of duration 7y

feo M carrier frequency, the modulation order

h, g the SOI channel gain, the RFI channel gain



mp, mp
M, M2
No
Y
E,, E,

fY\HO()’)’ fY|H1 )
PC(CJ)’ PY4(V)

Fyiy (), Fym, ()

T, W

p, u

P, P,

Sjr Vj
Emins (1K)

fe(p)

Sy (Ysnrsmy,M1)

fY('yinr;m%nZ)

K, P

the SOI fading severity parameter, the RFI fading severity parameter

a scale parameter defined as @ a scale parameter defined as Yinr
mj mp

power spectral density

the ED test statistic (decision variable)

the SOI energy, the RFI energy

the PDF of Y |Hy, the PDF of Y |H,

the PMF w.r.t. the RV C, the PMF w.r.t. the RV Y

the CDF of Y |Hy, the CDF of Y |H|

the integration interval of ED, bandwidth

the noncentrality parameter, the time-bandwidth product
the SOI power, the RFI power

the j-th SOI symbol, the j-th RFI symbol

a weight defined in (Karagiannidis et al., 2006a, eq. (A-5))
the PDF of p

the average probability of RFI detection

the average probability of false alarm in RFI detection
the average probability of miss in RFI detection

the PDF of ¥;,,,

the PDF of ¥,
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kurtosis, a projection matrix that projects orthogonal to the SOI subspace
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N;

sinc(-)

G N (1, E)

%/%VR (07 INR)

the number of samples in the VLA data

a constant used to adjust the power of the extracted RFI w.r.t. the desired

INR

the number of mixture components required for an approximation using an

MoG distribution

the number of independent and identically distributed Nakagami-m random

samples

the sinc function

Symbols Common to Chapter 4

the number of intercepted per-antenna samples

an Ng X Ng identity matrix

an N X M zero matrix

a 1 x (Ng —2) zero vector

variance

covariance

the normal distribution

the multivariate normal distribution of dimension Ng (Ng > 2)
the circularly symmetric complex normal distribution

the circularly symmetric complex multivariate normal distribution with mean

i € CNR and covariance matrix £ € HV*Nr (Np > 2)

the circularly symmetric complex multivariate normal distribution with mean

of a zero vector and covariance matrix of Iy, (Ng > 2)
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the flat fading SOI channel gain vector

the flat fading RFI channel gain vector

the SOI channel matrix, the RFI channel matrix

the k-th unknown and deterministic symbol of the SOI

the in-phase and quadrature components of a QPSK modulated SOI signal
the k-th unknown and deterministic symbol of the RFI

the in-phase and quadrature components of a QPSK modulated RFI signal
the transmitted SOI power, the transmitted RFI power

a test statistic

an equivalent test statistic

the k-th sampled multi-antenna received baseband signal vector

the received and stacked multi-antenna signal samples

a matrix made of the horizontal concatenation of N y[k]s

a zero mean circularly symmetric complex AWGN vector

a vector of vertically concatenated multi-antenna AWGN samples

the sample covariance matrix

the left and right unitary matrices that comprise the SVD of fiyy

a diagonal matrix of the singular values that comprises the SVD of ﬁyy

the singular values—making the diagonal elements of £—sorted out in de-

scending order
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P, a projection matrix that projects toward the subspace spanned by the singular

vector corresponding to the second largest singular value in £

P>.y, a projection matrix that projects toward the joint subspace spanned by the

singular vectors corresponding to the non-largest singular values in £

Ps.y, a projection matrix that projects toward the joint subspace spanned by the
singular vectors corresponding to all singular values in )) except the first two

largest singular values

IAig) the projected sample covariance matrix

U, v the left and right unitary matrices comprising the SVD of f?&;)

) a diagonal matrix of the singular values that comprises the SVD of Rx)

P a projection matrix that projects orthogonal to the perfect SOI subspace, i.e.,
P =1y, —h(h"h)"'h".

P a projection matrix that projects orthogonal to the perfect RFI subspace, i.e.,
P =1Iy,—g(g"g)"'s"

Vi the degrees of freedom of the numerator, i.e., tr(IAJQRS;7 ))

1%} the degrees of freedom of the denominator, i.e., tr((Iy, — IA’z)IAQg))

Nnu a factor regarding noise power uncertainty

Enu a constant noise power uncertainty factor in dB

62 the estimated noise power.

fpdf(, -, ) the MATLAB® function scripted to compute the PDF of the central F—

distribution analytically
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Symbols Common to Chapter 5

L+1 the number of channel taps for the considered multi-path SOI channel
Li+1 the number of channel taps for the considered multi-path RFI channel
4 the number of samples per STI

N the number of intercepted STIs

T™MB the MB-RD test statistic

T8 the TB-RD test statistic

min(-,-) minimum

max(-,-) maximum

Oy an M x N zero matrix

Iw (INRW) aWxWw (NRW X NRW) identity matrix

C N new(W,E)  the circularly symmetric complex multivariate normal distribution with mean

i € CVWx1 and covariance matrix £ € HNRWXNeW __w > 1 (NgW > 2)

€ NN, (0,1y,)  the circularly symmetric complex multivariate normal distribution with mean

of a zero vector and covariance matrix of Iy, (Ng > 2)

C Nnpw (0,1n,w) the circularly symmetric complex multivariate normal distribution with mean

of a zero vector and covariance matrix of Iy, (NgW > 2)

s[k] the k-th symbol of the SOI
si, st the in-phase and quadrature components of a QPSK modulated SOI signal
S a vector of the SOI samples structured w.r.t. the m-th STI

S the horizontal concatenation of N s,,s
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z[k]

Zm

N

the k-th symbol of the RFI

the in-phase and quadrature components of a QPSK modulated RFI signal
the transmitted SOI power, the transmitted RFI power

a vector of the RFI samples structured w.r.t. the m-th STI

the horizontal concatenation of N v,,;s

the SOI channel gain vector for the /-th multi-path component

the SOI filtering matrix

the RFI channel gain vector for the /-th multi-path component

the RFI filtering matrix

the k-th sampled multi-antenna received baseband signal vector

the structured received signal vector of size NkW x 1 w.r.t. the m-th STI
the horizontal concatenation of N y,,s

the noiseless version of ¥

the sample covariance matrix computed using y,,

the k-th zero mean circularly symmetric complex AWGN vector

the sampled AWGN vector structured w.r.t. the m-th STI

the AWGN matrix of samples made of the horizontal concatenation of N z,,s
the left and right unitary matrices that comprise the SVD of Y

a diagonal matrix of the singular values that comprises the SVD of ¥

the singular values—comprising the diagonal elements of £—sorted out in

descending order



Ul:r
AUl:r
Uriingw
Uriingw

AU -y 1:8zw

™

LI

the left and right unitary matrices that comprise the SVD of Ryy
the true version of U , the true version of 1%

the estimated subspace spanned by the eigenvectors corresponding to the

largest r = W + L eigenvalues, i.e., ﬁl;r = ﬁ(:, L:r)
the true version of U .,
the perturbations in U .,

the estimated subspace spanned by the eigenvectors corresponding to the

non-largest NyW — r eigenvalues, i.e., IAI,H;NRW = 17(:, r+1:NgW)
the true version of U r+1:NgW

the perturbations in U r+1:NgW

a diagonal matrix of the singular values that comprises the SVD of Ryy
the true version of £

the singular values—comprising the diagonal elements of $£—sorted out in

descending order
a projection matrix that projects toward the subspace spanned by U ;. NeW

the projected SCM computed using P,,; and ﬁyy

(p)

the left and right unitary matrices that comprise the SVD of f?yy

a diagonal matrix of the singular values that comprises the SVD of IA{yy))

the estimated subspace spanned by the eigenvectors corresponding to the

largest r; = W + L, eigenvalues, i.e., fjl:rl = IXJ(:7 L:rp)

the estimated subspace spanned by the eigenvectors corresponding to the

non-largest NyW — r; eigenvalues, i.e., fJnH:NRW = I:J(:, ri+1:NgW)
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a projection matrix that projects toward the subspace spanned by U -

2 (P))

the degrees of freedom of the numerator, i.e., tr (Pd Jy

the degrees of freedom of the denominator, i.e., tr((I NaW — P, Ai‘;’ ))

the (R + 1)-mode multiplication of tensor % and its Hermitian
T

=Py
(3)

a tensor defined through a 3-mode product as %, = f@[nd]

a tensor defined through its 3-mode unfolding as [,@Wq

X3 %
the r-mode unfolding of %/,

the sample covariance tensor

the truncated core tensor

the left unitary matrix of the singular vectors of [%/p] 1)

the left unitary matrix of the singular vectors of [# p](2)

the left unitary matrix of the singular vectors of [# p](3)

X X [1- X (1.5 1H
a projection matrix computed as 7| = U [ll'r”U [11'”]
a .. . O A R R
projection matrix computed as To =U; " "U,
T

a tensor defined through its 3-mode unfolding as [3%172} =
3)

~pr
L
)

1®

a subspace estimating tensor
the 3-mode unfolding of g tinl
the probability of RFI detection exhibited by TB-RD

the probability of RFI detection manifested by MB-RD



diag(-)

min(-)

length(-)

zeros(m,n)
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Symbols Common to Chapter 6

high INR evoking factor, a roll-off factor

phase ambiguity compensation factor, smoothing factor
propagation delay

an M x N zero matrix

a zero matrix whose dimension is deduced from the context
an Nr X Ng identity matrix

a W x W identity matrix, an NrW x NrW identity matrix
minimum

maximum

complex (multivariate) normal distribution

the MATLAB® function that returns the diagonal elements of a square ma-

trix

the MATLAB® function that returns the minimum element of a vector or

the minimum element of every column of a matrix

the MATLAB® function that returns the length of a vector or the size of a

matrix

the MATLAB® function that returns an m x n zero matrix

a zero tensor

a diagonal matrix of the singular values comprising the SVD of Y

a diagonal matrix made of the r = ):inl (W + L;) largest singular values in £
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Nsor

a diagonal matrix made of the NgkW — r smallest singular values in £
the symbol emitted by the i-th RFI transmitter at time n

a vector of the i-th RFI samples structured w.r.t. the m-th STI

a vector made of the vertical concatenation of Q f;,s, 1 <i<Q

the sampled MI-RFI matrix

the smoothed version of F

the array response of the Ng antennas corresponding to the i-th RFI’s /-th

channel tap
the MI-RFI filtering matrix

a banded Toeplitz matrix associated with the i-th RFI and the j-th receive an-

. A AT T
tenna’s impulse response g;; = [g?j, . ,giLj] = [gl-j(to), . ,gij(to—f—LiTsﬂ

the array response of the Ng antennas corresponding to the /-th SOI channel

tap

the SOI filtering matrix

the 3-mode identity tensor

the number of channel taps of the SOI channel

the number of channel taps of the i-th RFI channel

the set of the estimated channel orders of the O broadband interferers
time index, the number of STIs per LTI

the number of overlapping observation windows

the number of LTIs by which SOI transmission is conducted



the number of auxiliary antennas

a projection matrix

SINR in dB computed after projecting with P
the estimated three-way projection tensor

the 3-mode unfolding of &

the estimated three-way smoothed projection tensor

the 3-mode unfolding of &#*

the number of interferers, the estimated number of interferers
the population covariance matrix w.r.t. y,,s

the smoothed MI-RFI population covariance matrix

the smoothed sample covariance matrix

the symbol emitted by the SOI transmitter at time n

a vector of the SOI samples structured w.r.t. the m-th STI

the sampled SOI matrix (the horizontal concatenation of N s,,s)

the smoothed SOI matrix
the propagation delay (time-of-arrival)

the symbol duration of the SOI signal

a three-way core tensor which satisfies the all-orthogonality conditions

the smoothed version of . ]

LV

the left unitary matrix corresponding to the SVD of the noiseless version of

Y,
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U, the estimated MI-RFI subspace
AU; the perturbations in U I
U ; the smoothed version of U;
U [1[} the left unitary matrix of the singular vectors of [#//] )
AU [11] the perturbations in I [1”
U d 1l the smoothed version of U [1”
U [21 } the left unitary matrix of the singular vectors of [#//],)
U 5 7 the smoothed version of U [21 }
U [3” the left unitary matrix of the singular vectors of [#//] 3)
U V] the smoothed version of U [3[}
U ] the MI-RFI subspace estimating three-way tensor
4l the smoothed version of %/ 2
{@ [I]} the 3-mode unfolding of U ]
3)
[@ s [1]] o the 3-mode unfolding of %* iy
3
U, the estimated noise subspace
Vi the right unitary matrix corresponding to the SVD of the noiseless version of
Y,
w the number of samples per STI
Vi a structured received signal vector of size NgW x 1 w.r.t. the m-th STI

Y the horizontal concatenation of N y,,s
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the received signal matrix without the SOI

the smoothed version of ¥,

a received three-way tensor in the absence of the SOI

a received smoothed three-way tensor in the absence of the SOI

the 3-mode unfolding of %/

the 3-mode unfolding of %/}

the sampled AWGN with a distribution ¢4 (0,01 y,)
the sampled AWGN vector structured w.r.t. the m-th STI
an AWGN matrix of samples made of the horizontal concatenation of N z,,s

the smoothed version of Z

Symbols Common to Chapter 7

the number of channel taps of the primary-to-secondary multi-path channel
oversampling factor

the number of intercepted per-antenna samples

the number of intercepted STIs w.r.t. the g-FT-v-SVD algorithm

the number of intercepted STIs w.r.t. the MIMO CR g-FT-v-SVD algorithm
the FT-v-SVD test statistic

the g-FT-v-SVD test statistic

the MIMO CR g-FT-v-SVD test statistic
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Y

Sou

<

~in

ho (h)

a decision threshold w.r.t. the g-FT-v-SVD algorithm

a decision threshold w.r.t. the MIMO CR g-FT-v-SVD algorithm
the number of samples per STI

maximum

an Ng X Ng (NgW x NgW) identity matrix

an M x N zero matrix

a zero matrix whose dimension is deduced from the context

the circularly symmetric complex multivariate normal distribution with mean

i € CM and covariance matrix £ € HY*M (M > 2)

the circularly symmetric complex multivariate normal distribution with mean

of a zero vector and covariance matrix of I, (Ng > 2)
the k-th sample received multi-antenna signal vector

the structured received multi-antenna signal vector of size NgW x 1 w.r.t. the

m-th STI

the structured MIMO received multi-antenna vector of size NgW x 1 w.r.t.

the m-th STI

a matrix made of the horizontal concatenation of N y[k]s

a matrix made of the horizontal concatenation of N y,,s

a matrix made of the horizontal concatenation of N ¥,,8

the primary-to-secondary /-th multi-path fading component’s CSI vector

the primary-to-secondary flat fading CSI vector
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the MIMO channel impulse responses corresponding to the primary-to-secondary

[-th multi-path fading component

the secondary filtering matrix

the MIMO filtering matrix made of banded Toeplitz matrices
the k-th unknown and deterministic primary symbol

the in-phase and quadrature components of a QPSK modulated primary sig-

nal (for the considered SIMO CR networks)
the transmitted primary power

the k-th unknown and deterministic primary symbol transmitted through the

Jj-th antenna

the in-phase and quadrature components of a QPSK modulated primary sig-
nal transmitted through the j-th antenna (for the considered MIMO CR net-

works)

the k-th symbol vector transmitted through the N7 transmit antennas
a vector of the primary samples structured w.r.t. the m-th STI

a vector of the MIMO primary samples structured w.r.t. the m-th STI

an error matrix accommodating the respective calibration uncertainties on the

Ng antenna frontends

an error matrix adjusted as per the adopted vertical stacking pre-processing

of the g-FT-v-SVD algorithm
the k-th zero mean circularly symmetric AWGN vector
a vector of the AWGN samples structured w.r.t. the m-th STI

the sample covariance matrix computed using y|[k]
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AU

(=i}
1)

the sample covariance matrix computed using y,,

the population covariance matrix, under Hy, w.r.t. the MIMO CR g-FT-v-
SVD algorithm

the primary data correlation matrix w.r.t. the MIMO CR g-FT-v-SVD algo-

rithm

the sample covariance matrix computed using y,,

the noiseless sample covariance matrix

the left and right unitary matrices that comprise the SVD of kyy

the true version of U , the true version of 1%

the left and right unitary matrices that comprise the SVD of f?yy

the left and right unitary matrices that comprise the SVD of Iziyy

a diagonal matrix of the singular values that comprises the SVD of fiyy
a diagonal matrix of the singular values that comprises the SVD of I:iyy
a diagonal matrix of the singular values that comprises the SVD of iiyy
the true version of £

the singular values—comprising the diagonal elements of £ sorted out in

descending order

the estimated subspace spanned by the singular vector corresponding to the

largest singular value, i.e., U, = 0(:, 1)
the perturbations in U

the estimated subspace spanned by the eigenvectors corresponding to the

largest r = W + L eigenvalues, i.e., st = ﬁ(:, 1:r)
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the perturbations in U

the estimated subspace spanned by the eigenvectors corresponding to the

largest 7 = Ny (W + L) eigenvalues, i.e., l:]s = I:J(:, 1:7)

the estimated subspace spanned by the singular vectors corresponding to the

Ng — 1 non-largest singular values, i.e., U, = f](:,2 : NR)
the perturbations in U,

the estimated subspace spanned by the eigenvectors corresponding to the

non-largest NgW — r eigenvalues, i.e., ﬁn = ﬁ(:, r+1:NgW)

the estimated subspace spanned by the eigenvectors corresponding to the

non-largest NyW — 7 eigenvalues, i.e., l:In = l:](:, F4+1:NgW)

a projection matrix that projects toward the subspace spanned by U
a projection matrix that projects toward the subspace spanned by U s
a projection matrix that projects toward the subspace spanned by U s
the probability of detection under i.i.d. noise samples

the probability of detection under i.ni.d. noise samples

the degrees of freedom of the numerator, i.e., tr(PsRyy)

the degrees of freedom of the denominator, i.e., tr((Iy, — Py)Ryy)

the degrees of freedom of the numerator, i.e., tr(PsRyy)

the degrees of freedom of the numerator, i.e., tr(I:’sleyy)
the degrees of freedom of the denominator, i.e., tr((Iyw — i’s)ftyy)

a factor of uncertainty regarding a noise power overestimation
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Hz

MHz

W/Hz

a constant noise uncertainty factor related with 1, as & = 1010g; M

the estimated noise power

Units of Measurements
Watt

Hertz

Megahertz

Watt per Hertz
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INTRODUCTION

“A thousand mile journey begins with one step.”—Lao Tsu

Man-made interference, intentional or unintentional, manifested in terms of radio frequency in-
terference (RFI) is causing system performance loss in various radio frequency (RF) operating
systems. The main causes of RFI identified in (AVIO-601, 2018) include human error, im-
proper installation, lack of training, poor or sub-standard equipment, equipment failure, lack
of adherence to regulatory requirements and industry, poor system design, adjacent (nearby
systems), terrestrial interferers, orbital interferers, RF jammers, malicious interference, and
spoofing attacks. Because of these causes, RFI is becoming increasingly common in various
RF operating systems as diverse as microwave radiometry (Guner et al., 2007), radio astron-
omy (van der Tol & van der Veen, 2005), and satellite communications (SatCom) (Borio et al.,
2008; Newtec and IRG, Sep. 2013). RFI also occurs in ultra-wideband communications for
wideband interferers (Shi et al., 2007); radar because of wideband jammers (De Maio & Or-
lando, 2016; Orlando, 2017; Bandiera & Orlando, 2009); and cognitive radios as a result of
an imperfect spectrum sensing (Getu et al., 2015a)—neighboring primary users emitting such
interference can constrain the energy detector’s spectrum sensing capability, as analytically

demonstrated in (Boulogeorgos et al., 2016b).

If left unmitigated, such a widely occurring RFI can evoke severe system performance losses.
Consequently, the state-of-the-art comprises several RFI detection and excision algorithms.
Based on their signal processing schemes, these algorithms can be divided into six groups:
spectral (Guner et al., 2007), temporal (Johnson & Ellingson, 2005), spectral-temporal (Borio
et al., 2008), statistical (Ruf et al., 2006; Arribas et al., 2013a,b), spatial filtering-based (van
der Tol & van der Veen, 2005; Jeffs et al., 2005), and transformed domain-based (Dovis et al.,
2012) RFI detection and excision algorithms. Despite the several algorithms, the existing tech-

niques exhibit huge computational complexity; provide unsatisfactory detection performance



and most of them are effective for huge sample settings; detect some type of RFIs only; render

inefficient RFI excision; and/or have limited applicability.

On the other hand, spectrum sensing is crucial for cognitive radios (CRs), especially for the
ones which employ a spectrum overlay access scheme. The state-of-the-art on spectrum sens-
ing comprises numerous contributions and techniques. Based on the bandwidth of the primary
signal to be detected, these techniques have been classified as narrowband and wideband sens-
ing techniques (Ali & Hamouda, 2017; Sharma et al., 2015; Yucek & Arslan, 2009). Upon
the advent of active sensing techniques (Miridakis et al., 2017; Heo et al., 2014; Song et al.,
2010b), spectrum sensing techniques are classified as active sensing (Miridakis et al., 2017,
Heo et al., 2014; Song et al., 2010b) and quiet sensing (Ali & Hamouda, 2017; Sharma et al.,

2015; Wang & Liu, 2011; Axell et al., 2012; Yucek & Arslan, 2009; Haykin et al., 2009).

In spite of the numerous disseminated techniques, the state-of-the-art in spectrum sensing fea-
tures several limitations. In particular, most of the existing techniques rely on assumptions
regarding the primary signal; several conventional narrowband techniques are either compu-
tationally complex or rely on huge samples; most of the wideband techniques manifest high
computational complexity and some require synchronization circuits; some of the active sens-
ing techniques require more spectrum and extra power resources and the protocol they em-
ploy would keep on conducting a secondary transmission while emitting interference to a
primary receiver whenever a hidden terminal problem occurs; the F—test based techniques
(Huang & Chung, 2013a,b) rely on the knowledge of the channel state information between
the primary transmitter and secondary receivers; and most of the existing techniques notably

rely on the consideration of independent and identically distributed (i.i.d.) noise samples.

Motivated by the aforementioned limitations regarding the state-of-the-art RFI detection, RFI
excision, and spectrum sensing, this Ph.D. dissertation has set out to realize these objectives:

the investigation and development of robust RFI detection algorithms for satellite and terrestrial



communications; the investigation and development of efficient RFI excision algorithms for
satellite and terrestrial communications; and the investigation and development of advanced
low-complexity spectrum sensing techniques. Toward the realization of these objectives, in
the meantime, this dissertation has contributed advanced RFI detection techniques, advanced
RFI excision techniques, and advanced spectrum sensing techniques. It is to be noted that the

proposed techniques can be widely applied in both terrestrial and satellite communications.

Along with this introduction, Part I presents the preliminaries of this dissertation. Part II
presents contributions in advanced RFI detection. Part III continues with the presentation of
contributions concerning advanced RFI excision. Part IV follows with contributions in ad-
vanced spectrum sensing. At last, Part V presents discussions on the reported results; the
conclusion and recommendations of this dissertation; and the accompanying appendices of

this dissertation.






CHAPTER 1

MOTIVATION AND RESEARCH PROBLEMS

“Scientific knowledge is a body of statements of varying degrees of certainty—some most

unsure, some nearly sure, none absolutely certain.”—Richard P. Feynman

As motivated in (AVIO-601, 2018), systems based on satellite communications (SatCom) are
increasingly suffering from radio frequency interference (RFI) because of the near conges-
tion of satellite communication bands (L/S/C/Ku) (Maral & Bousquet, 2009), scarcity of radio
frequency (RF) spectrum, and an increase of interference events. This observation is also
corroborated by an industrial survey conducted by Newtec (Newtec, 2018) and the Satcoms
Innovation Group (SIG) (SIG, 2018)—formerly known as the Satellite Interference Reduction
Group (IRG). According to this industrial survey (Newtec and IRG, Sep. 2013), 93% of satel-
lite operators experience RFI; 24% of satellite operators experience RFI weekly; and 17% of
satellite operators experience RFI daily. Accordingly, the research community has paid consid-
erable attention to the detection and mitigation of RFI—mainly—in radio astronomy (van der
Tol & van der Veen, 2005; Jeffs et al., 2005), microwave radiometry (Ruf et al., 2006; Misra
et al., 2009), and SatCom (Wildemeersch & Fortuny-Guasch, 2010; Nguyen et al., 2015).

The state-of-the-art comprises various RFI detection and excision algorithms. Despite the rich
literature, most of the state-of-the-art RFI detection and excision algorithms are either non-
robust techniques and/or suffer from a considerable computational complexity induced by their
inherent non-linearities. In addition, the state-of-the-art techniques have limited applicability.
Consequently, RFI detection and excision have continued to be an active field of research,
chiefly, in satellite communications, radio astronomy, and microwave radiometry. Meanwhile,
it is worthwhile noting that the statistical signal processing problems of RFI detection and
spectrum sensing are similar. As a matter of this fact, some of the contributions of this Ph.D.
dissertation—with respect to RFI detection—have motivated new contributions regarding spec-

trum sensing pursued in the context of a cognitive radio (CR) that targets at the exploitation



of the vacant space-time-frequency voids (Goldsmith et al., 2009) of a primary user (PU) by a

secondary user (SU).

Following this brief introduction, the remainder of this chapter is organized as follows. Section
1.1 presents the literature on the state-of-the-art RFI detection, RFI excision, and spectrum
sensing techniques. Section 1.2 presents the limitations of the respective state-of-the-art tech-
niques. Section 1.3 highlights the motivation of this dissertation. Section 1.4 outlines the
research objectives and methodologies. Section 1.5 then enumerates the contributions of this

dissertation. Finally, Section 1.6 outlines the overall organization of this dissertation.

1.1 State-of-the-art

1.1.1 Literature on RFI Detection and Excision

The state-of-the-art on RFI detection and excision encompasses various algorithms. These
algorithms have been proposed, mainly, for microwave radiometry, radio astronomy, and global
navigation satellite systems (GNSS) applications. In line with the purpose of this chapter
while being inspired by the classifications! of (Misra, 2011; Motella, 2008; Bauza, 2012), the
state-of-the-art RFI detection and excision algorithms are presented via six groups: spectral,
temporal, spectral-temporal, statistical, spatial filtering-based, and transformed domain-based

algorithms. Subsequently, the main state-of-the-art techniques are summarized.

1.1.1.1 Spectral Algorithms

The existing spectral detection and excision algorithms, first, apply discrete Fourier transform
(DFT) to the incoming signal. Thereafter, a comparison is performed between the spectrum
of the received signal and a theoretical threshold that is determined according to the statistical
model of the received signal. Meanwhile, some of the state-of-the-art spectral detection and

excision algorithms are itemized beneath.

I Since some of the state-of-the-art techniques employ two or more signal processing schemes, it is

worth noting that distinct classification of the existing techniques would be difficult.



e Cross frequency blanking is a frequency domain RFI mitigation technique which es-
sentially consists of three thresholding operations versus frequency. This technique is
successful in mitigating low-level RFI. Nonetheless, it is relatively efficient for a large

number of channels (Johnson & Guner, 2007; Guner et al., 2007).

e A non-parametric spectral estimation approach based on the Welch windowed peri-
odogram (Proakis & Manolakis, 2006) is proposed in (Tani & Fantacci, 2008). This

algorithm relies on a pre-correlation operation so as to detect RFI happening in GNSS.

e To detect RFI, the work in (Chen et al., 2010) reconstructs interference using the es-
timated frequency, amplitude, and phase parameters of the signal spectrum. Then, it
subtracts the artificial interference from the time domain complex input signal. How-
ever, the technique disseminated in (Chen et al., 2010) is hardly helpful in wideband

interference mitigation.

1.1.1.2 Temporal Algorithms

Amongst the existing temporal detection and excision algorithms, asynchronous pulse blanking
(APB) is a popular one. As also implied by its name, APB blanks the portion of the received
signal where the amplitude of the complex in-phase/quadrature (I/Q) signal exceeds a certain
level of the threshold set with respect to the noise amplitude. Proposed in (Johnson & Elling-
son, 2005), APB maintains a running estimate of the mean and variance of the sample magni-
tudes. Whenever a sample magnitude greater than a threshold number of standard deviations
from the mean is detected, APB blanks a block of samples beginning from a predetermined
period before the triggering sample. Furthermore, APB has been tested in several field trials

and is convenient for pulsed RFI mitigation (Johnson & Ellingson, 2005).

1.1.1.3 Spectral-Temporal Algorithms

An interfering signal mostly appears for a limited time and present a variable behavior in fre-

quency. In such cases, the presence of interference is limited to a region of the time-frequency
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(TF) plane. Using a TF representation, it is possible to better monitor the interference contri-

bution (Musumeci & Dovis, 2012).

In (Borio et al., 2008), a general class of TF excision algorithm is represented by three func-
tional blocks: the TF representation, the interference intermediate frequency (IF) estimation
unit, and the excision filter. In this context, the use of spectrogram and of a simple interpo-
lation technique for the IF estimation is proposed; statistical interference detection algorithm
has been proposed; and an analytical expression for the interference detection threshold has
been derived. Moreover, the use of infinite-duration impulse response (IIR) notch filters for
interference excision in GNSS applications has also been introduced. It is to be highlighted

that the introduced IIR filters render better performance than the FIR notch filters.

1.1.1.4 Statistical Algorithms

Statistical detection algorithms detect the presence of RFI by applying detection theory to the
received signal (Kay, 1998; Schonhoff & Giordano, 2006). Concerning these algorithms, the
statistics of the RFI are either known as a priori or unknown and evoking a variation in the

covariance matrix of the noise—for instance, as in (Arribas ef al., 2013a,b).

The state-of-the-art comprises several statistical RFI detection algorithms and some of them

are summarized beneath.

e In order to detect RFI happening in microwave radiometry, kurtosis detection is an algo-
rithm proposed in (Ruf et al., 2006) and comparatively detailed in (Misra et al., 2009).
Kurtosis detector (KD) evaluates the fourth central moment of a signal divided by the
square of its second central moment. Thereafter, it considers those values which differ
from the kurtosis of a Gaussian distributed signal as the ones caused by RFI(s) (Misra
et al., 2009). KD relies on the fact that the kurtosis of a Gaussian source is three and it
deviates, in most cases, from three in the presence of a non-normal (typically man-made)

interfering source. However, the algorithm manifests a considerable computational com-
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plexity due to the intrinsic non-linearities evident in the kurtosis expression. Besides, it

fails to discriminate Gaussian (near-Gaussian) distributed RFI.

In (Arribas et al., 2013a), the Neyman-Pearson detection framework and a generalized
likelihood ratio test (GLRT) (Kay, 1998; Schonhoff & Giordano, 2006) are deployed
to obtain a new GNSS detector. The proposed detector is able to mitigate temporally-
uncorrelated point source interferences even if the array is unstructured and moderately
uncalibrated. In the aforementioned work, an arbitrary and unknown covariance noise
matrix which attempts to capture the statistical behavior of the RFI(s) and other nonde-

sirable signals is assumed.

In (Arribas et al., 2013b), the GLRT-based detection algorithm of (Arribas et al., 2013a)

is extended to multiple antenna techniques.

In the presence of continuous wave and wideband RFI signals, the authors of (Nguyen
et al., 2015) have developed analytical and simulation models so as to evaluate the car-
rier acquisition and tracking performances of practical unified S-band satellite operations
command systems. The impacts of RFI on the carrier synchronizer were used in the de-
tection of the RFI events. The same authors described an approach to predict the RFI
interfering time duration using a carrier synchronizer. They also assessed the impacts of
the carrier performance degradation of a synchronizer on the command bit error rate per-
formance. Furthermore, advanced signal processing algorithms to estimate, predict, and
characterize continuous wave and wideband RFI signals were described in detail along

with the derived analytical expressions which characterize the estimators’ performance.

1.1.1.5 Spatial Filtering-Based Algorithms

Having assumed that the signal of interest (SOI), RFI(s), and noise are located in some re-

gion?of a space-time field, spatial filtering-based techniques deploy arrays to filter signals (of

interest to an application at hand) in a space-time field through the exploitation of their spatial

2 Depending on the applications of interest, the regions pertaining to a space-time field of the SOI, RFI,

and noise have some overlap (Van Trees, 2002, Ch. 2).
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characteristics (Van Trees, 2002, Ch. 2). Referring to arrays, they can have linear, planar, or
volumetric configuration (Van Trees, 2002, Ch. 1). Apart from their configuration, the spacing
among arrays is an important design parameter: for instance, uniform spacing, non-uniform

spacing, and random spacing are often considered in linear arrays (Van Trees, 2002, Ch. 1).

With respect to the aforementioned filtering, spatial filtering-based RFI detection and exci-
sion algorithms first estimate the RFI subspace. Thereafter, projection onto the orthogonal
subspace of the estimated RFI subspace is executed so as to excise the RFI. To carry out the
RFI subspace estimation, either the eigenvalue decomposition (EVD) of the received signal’s
space-time autocorrelation matrix (van der Tol & van der Veen, 2005) or the singular value de-
composition (SVD) of the received signal’s space-time cross-correlation matrix is, generally,
deployed (Jeffs et al., 2005). Beneath, the existing spatial filtering-based RFI detection and

excision algorithms are briefly summarized.

e Subspace projection (SP): SP is a spatial filtering-based algorithm proposed and analyzed
in (van der Tol & van der Veen, 2005). It relies on the EVD of the sampled autocorrela-
tion matrix and forms an orthogonal projector out of the eigenvectors which correspond
to the dominant eigenvalues. In order to ease the separation of the RFI and noise sub-
spaces, however, it is assumed that the SOI autocorrelation matrix is approximately a
zero matrix (van der Tol & van der Veen, 2005). Recently, SP was enhanced in (Sar-
darabadi et al., 2016) which has proposed two reference-antenna based algorithms. The
first algorithm deploys factor analysis to estimate an improved interference subspace.
The second one estimates the RFI-free covariance matrices directly using extended fac-

tor analysis (EFA).

e Cross subspace projection (CSP): auxiliary-antenna assisted CSP is an RFI excision al-
gorithm proposed in (Jeffs et al., 2005). This algorithm relies on the SVD of the space-
time cross-correlation matrix computed from the received signal vector. For its improved
estimation of the RFI subspace, CSP constructs a projection matrix that utilizes the infor-

mation regarding the strong interference received via the auxiliary-antennas. By cascad-
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ing a zero matrix in its last columns, at the same time, the constructed projection matrix

rejects the strong RFI received via the auxiliary antennas.

e Oblique projection beamforming (OPB): OPB is proposed in (Hellbourg et al., 2012) for
RFI mitigation in radio astronomy, especially for cyclostationary RFI. OPB is based on
(Behrens & Scharf, 1994) and reported outperforming both classical beamforming and
orthogonal projection with respect to relative error considered as a performance metric.
Nevertheless, a practical implementation of OPB requires the knowledge of the RFI and

the SOI spatial signatures.

e Polynomial-augmented subspace projection (PSP): PSP is proposed in (Landon et al.,
2012) to address low interference-to-noise ratio (INR), relatively rapid interference mo-
tion, and correlated noise across the receiving array. PSP is proposed for a wireless
system suffering from interference, in general, and radio astronomy, in particular. A
polynomial-based model is incorporated in the proposed algorithm to track changes, over
time, in the array covariance matrix, mitigate interference subspace estimation errors,

and improve canceler’s performance (Landon et al., 2012).

1.1.1.6 Transformed Domain-Based Algorithms

Transformed domain techniques (TDTs) are used to detect the interference waveform affecting
the received signal whose presence could be masked in the time domain (Musumeci & Dovis,
2012; Dovis et al., 2012). To detect the masked interference, TDTs, first, obtain the represen-
tation of the received signal in a different domain. Afterward, they detect interference by com-
paring the value of the statistic inferred from the obtained representation with a pre-determined

threshold. Meanwhile, the existing TDTs are summarized beneath.

e Techniques based on the TF representation: in these techniques, first, the TF represen-
tation of the received signal is obtained by performing Gabor expansion on the samples
at the output of the analog-to-digital converter (ADC). Second, a pre-determined mask
on the previously obtained TF representation is applied to the received signal. Third, the

interference coefficients are obtained by performing an inverse transformation and the
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interfering signal is synthesized. Finally, so as to excise the interference, the synthesized

interference is subtracted from the received signal (Musumeci & Dovis, 2012).

Techniques based on the Wavelet transform: these mitigation techniques are based on
the decomposition of a received signal through the use of local basis functions. These
functions are obtained from a mother Wavelet through scaling and shifting as highlighted
in (Dovis & Musumeci, 2011; Musumeci & Dovis, 2012). To continue, the proposed
techniques start with the Wavelet decomposition of the received signal. The Wavelet de-
composition is performed so as to isolate the interference frequency components. Once
the received signal is decomposed, a detection strategy is needed in order to identify the
presence of interference on each scale. A possible detection approach is based on the
determination of a threshold according to the specified false alarm rate (FAR) or misde-
tection probability. Interference isolation is then achieved via the compact TF behavior
of the Wavelet functions (Dovis & Musumeci, 2011). Once the interference frequency
components are identified and isolated, a synthetic reconstruction of the interference sig-
nal, in the time domain, is provided through the inverse Wavelet transformation. At last,
the reconstructed interference signal is subtracted from the received signal rendering in-

terference excision (Dovis & Musumeci, 2011).

Techniques based on the Karhunen—Loéve transform (KLT): in these techniques,
KLT is used to detect, especially, feeble interference using eigenvalue sensitivity (Mac-
cone, 2010). For a Gaussian signal contaminated with no RFI, its eigenvalues converge
to one and are equal to one on average. On the contrary, since the eigenfunctions would
correlate with a hidden RFI, the eigenvalues will be greater than one upon the reception
of an RFI. Using this property of eigenvalues, techniques based on KLT detect RFI even
if it is very weak. Nevertheless, the computational complexity required to extract a very
large number of eigenvalues and eigenfunctions is a notable drawback. Consequently,
bordered autocorrelation method-KLT (BAM-KLT) was proposed in (Maccone, 2010)
as an efficient implementation of KL.T—Ilike fast Fourier transforms (FFT) being an effi-
cient implementation of DFT. BAM-KLT is an alternative technique to evaluate the KLT

of stationary processes that may run faster on computers than the traditional full-solving



15

KLT technique. Nonetheless, BAM-KLT is not yet capable of unambiguously detecting
wideband signals such as a BPSK signal appearing as noise or interference in a GNSS-
like signals (Szumski, 2010). Similar to the Wavelet-based techniques, the interference
excision is performed by applying an inverse KLT and using only those eigenfunctions
representing the useful signal. The threshold in the eigenvalues domain has been chosen
such that about 90% are used for the GNSS signal reconstruction (Musumeci & Dovis,
2012). Even if KLT-based mitigation techniques are, in principle, one-dimensional meth-
ods, they showcase good performance in terms of isolating interference and preserving
GNSS signal energy. Such a performance is due to the properties of the KLT basis
functions—derived through the properties of an autocorrelation function—that can vary

and adapt to the shape of the received signal (Musumeci & Dovis, 2012; Szumski, 2010).

1.1.2 RFI in Satellite Communications

For a satellite operator, the most common sources of interference are adjacent satellite interfer-
ence, co-polarized interference, and cross-polarized interference (Oltrogge & Rashid, 2012).
In addition, intentional interferers like in-car jammers (Bauernfeind et al., 2011) can cause a
denial of service in SatCom, in general, and in GNSS, in particular. Hence, attention has been
paid to the detection and mitigation of RFI that might happen in GNSS and various detectors

have been proposed. Henceforth, some of these techniques are itemized.

o Interference detection in GNSS receiver by monitoring the behavior of the automatic gain
control (AGC) is highlighted in (Wildemeersch & Fortuny-Guasch, 2010). In GNSS
receivers, where the signal power is below that of the thermal noise floor, the AGC is
driven by the ambient noise environment rather than the signal power. With respect to
this property, accordingly, AGC is employed to detect interference impinging in a GNSS

receiver.

o After the received signal is digitized, it is also discussed in (Wildemeersch & Fortuny-
Guasch, 2010) that interference can be detected via the acquisition and code tracking

performance. Useful during the acquisition phase, different acquisition metrics have
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been proposed in (Motella et al., 2007). These metrics are used to investigate the effects
of real out-of-band signals on GNSS receivers and to analyze the impact on the overall
receiver chain. Mentioning the metrics, the first one is the ratio of the highest correlation
peak to the second highest peak in the search space; the second one is the ratio of the

highest correlation metric to the mean value of the correlation floor.

The authors of (Balaei et al., 2006) present a technique proposed to detect and charac-
terize a continuous wave RF interference. In (Balaei et al., 2006), the carrier-to-noise
ratio (C/Np) at the output of the correlator is used to estimate the frequency of the RFL
The comparison between a mathematical expression of C/Ny and an estimation of the
actual C/Nj is used to determine the frequency of the interference. Yet, the power of the

interference is estimated by the value of the AGC.

(Ying et al., 2012) presents a GNSS interference detection using a software defined
radio. The proposed detection algorithms employ pre-correlation and post-correlation
techniques. The pre-correlation techniques make use of digital signals, at an IF or base-
band, that are available at a software receiver’s sensor. Whereas the post-correlation
techniques exploit standard measurements such as satellite orbit information and signal-
to-noise ratio (SNR) measurements. However, the algorithms of (Ying et al., 2012) re-

quire a network of distributed receivers for cooperative detection.

The system proposed in (Bauernfeind et al., 2011) attempts to mitigate GNSS interfer-
ence by providing a reasonable warning and a localization system based on currently
standardized vehicular communication architecture. By relying on a car-to-car commu-
nication and an existing infrastructure, it is reported that it is possible to simultaneously
warn advancing vehicles and inform local authorities about the strength, location, and

movement of the interference source.

Unlike (Ying et al., 2012) and (Bauernfeind et al., 2011), the authors of (Kurz et al.,
2014) propose a self-contained camera integrated array-antenna GNSS receiver for spa-
tial detection of RFI sources. The proposed receiver is capable of generating the RFI
source-maps to be superimposed to real-world pictures obtained from the camera. Source-

map generation is generally based on direction-of-arrival (DoA) estimation performed
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using the multiple signal identification and classification (MUSIC) algorithm. Ampli-
tudes in the spectrum indicate the DoA of RFI sources depending on azimuth and eleva-
tion angles in the hemisphere above the array-antenna. These coordinates are transferred
into cartesian image coordinates and an overlay image is generated with colors reflecting
the shape of the spectrum. Thereafter, the image is superimposed to a gray-scale picture

obtained from the camera and the RFI sources can be visualized in the image.

e As highlighted in Section 1.1.1.1, a non-parametric spectral estimation approach based
on the Welch windowed periodogram is proposed in (Tani & Fantacci, 2008). The spec-
tral detection technique of (Tani & Fantacci, 2008) exploits a pre-correlation operation

to detect RFI that might also occur in GNSS.

e Furthermore, (Wildemeersch & Fortuny-Guasch, 2010) highlights RFI detection algo-
rithms which employ interference error envelope (IEE) and error vector magnitude (EVM).
The concept of IEE is to express the distortion of the discriminator function as a function
of several parameters of the interfering signal, i.e., the frequency shift and the continu-
ous wave phase (Wildemeersch & Fortuny-Guasch, 2010). On the other hand, EVM de-
scribes the quality of the employed modulation by quantifying the distance between the
constellation points and their corresponding ideal locations (Wildemeersch & Fortuny-

Guasch, 2010).

Once RFI is properly detected, signal processing for its efficient excision should follow. In this

respect, some of the state-of-the-art RFI mitigation techniques are summarized beneath.

e A TF excision algorithm employing a TF representation, an IF estimation unit, and an
excision filter is proposed for GNSS applications in (Borio et al., 2008). In this work,

IIR filters which render better performance than FIR notch filters are also introduced.

e (Wildemeersch & Fortuny-Guasch, 2010) discusses a technique which consists of a pre-
whitening linear filter mounted in front of a conventional receiver optimized for a white
Gaussian noise. The filtering performed in the frequency domain yields to large com-
puting load. In addition, it renders a significant correlation loss in the presence of wide-

band interference such as frequency modulation (FM) or pulsed jammers. Meanwhile,
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a structure made out of adaptive notch filters connected in series and controlled by the

least mean squares (LMS) algorithm is proposed to track multiple jammers.

e In (Sgammini et al., 2012), a two-step blind adaptive beamforming approach employing
orthogonal projections is proposed for GNSS applications. A subspace-based approach is
deployed by (Sgammini et al., 2012) so as to propose a two-stage adaptive beamformer
for interference suppression and line-of-sight (LoS) signal amplification. In the first
stage, the covariance matrix is determined immediately from the digital antenna signals
for interference mitigation. In the second stage, an eigen-beamformer which maximizes
the ratio of the power of the desired LoS signal to the power of the undesired non-
LoS signal is derived. Meanwhile, a fixed-point VHSIC hardware description language

(VHDL) implementation of such an algorithm is presented in (Kurz et al., 2012).

1.1.3 Literature on Spectrum Sensing

The state-of-the-art on spectrum sensing encompasses numerous techniques disseminated over
the years (Ali & Hamouda, 2017; Sharma et al., 2015; Yucek & Arslan, 2009). Upon the ad-
vent of active sensing techniques, the state-of-the-art spectrum sensing techniques can be clas-
sified as active sensing (Miridakis et al., 2017; Heo et al., 2014; Song et al., 2010b) and quiet
sensing (Ali & Hamouda, 2017; Sharma et al., 2015; Wang & Liu, 2011; Axell et al., 2012;
Yucek & Arslan, 2009; Haykin et al., 2009). To begin with, quiet sensing is performed by an
SU which senses the channel for a fixed time-duration (Miridakis ef al., 2017) and transmits
afterward provided that the primary channel is idle. To overcome the capacity reduction due
to quiet periods which are usually short to provide adequate samples for an accurate spectrum
sensing (Miridakis et al., 2017; Heo et al., 2014), and to surmount an extra burden of syn-
chronization for the quiet periods (Song et al., 2010b)—for instance, the one needed in IEEE
802.22 intra-frame sensing (Stevenson et al., 2009), active sensing has emerged as a promising
spectrum sensing paradigm. In particular, the authors of (Song et al., 2010b) have proposed
quiet-active sensing scheme by using inactive SUs which sense the primary channels in both

quiet and active periods. At the cost of quiet-period synchronization (Song et al., 2010b), the
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advantage of this scheme over quiet sensing emanates from the additional samples obtained
during the active period. To overcome the synchronization requirement of quiet-active sensing,
the same authors have proposed an active sensing scheme—dubbed optimized active sensing—
by placing quiet samples in the frequency domain so that selection diversity would be achieved

(Song et al., 2010b).

Capitalizing on the three-port antenna based spatial filtering technique of (Tsakalaki et al.,
2014), the authors of (Heo et al., 2014) have introduced a simultaneous sensing and data trans-
mission technique by deploying a spatial isolation technique on the antennas of each cognitive
node. Relying on the self-interference cancellation technique, the proposed scheme divides
the spatial resources so that some antennas are devoted to spectrum sensing while others for
data transmission (Miridakis et al., 2017). Nevertheless, this very technique suffers from a
large self-interference produced during spectrum sensing and an appropriate physical distance
should be maintained between the sensing and transmitting antennas (Miridakis et al., 2017).
To alleviate these issues, (Miridakis et al., 2017) has investigated a distributed multiple-input
multiple-output (MIMO) CR-based system operating in the presence of multiple PUs. In par-
ticular, the paper proposes a communication protocol made of training, data transmission, and
spectrum sensing phases which alternate periodically. After the introductory training phase,
the paper assumes a spectrum sensing per every symbol duration prior to a transmission by the
secondary nodes, and a joint minimum mean squared error detection and an energy detection

based spectrum sensing.

The wideband techniques can be Nyquist based or sub-Nyquist based depending on the adopted
sampling rate (Ali & Hamouda, 2017; Sun et al., 2013). Sub-Nyquist sampling techniques usu-
ally deploy either compressive sampling (Donoho, 2006) or multi-coset sampling (Venkatara-
mani & Bresler, 2000). On the other hand, Nyquist based wideband sensing techniques are
based on either fast Fourier transforms (Quan et al., 2009), Wavelets (Tian & Giannakis,
2006), or filter-banks (Farhang-Boroujeny, 2008). Delving into narrowband sensing, several
narrowband spectrum sensing techniques have been proposed (Wang & Liu, 2011; Axell ez al.,

2012; Ali & Hamouda, 2017; Sharma et al., 2015). The conventional ones are energy de-
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tection (ED) (Sonnenschein & Fishman, 1992; Digham et al., 2007; Sofotasios et al., 2013),
matched filtering (Poor, 1994), feature-based detection (Gardner, 1988), polarization detection
(Guo et al., 2016), sample covariance matrix (SCM) based algorithms (Kortun et al., 2012;
Zeng & Liang, 2009b,a; Bianchi et al., 2011), moment ratio detection (Bogale & Vanden-
dorpe, 2013a), and max-min detection (Bogale & Vandendorpe, 2014, 2013b). Apart from
these conventional algorithms, some other algorithms such as Bartlett estimate-based energy
detection (Gismalla & Alsusa, 2012), a frequency domain eigenvalue-based spectrum sensing
algorithms (Yousif et al., 2016), subband energy-based spectrum sensing algorithm (Dikmese
et al., 2016), energy detection spectrum sensing under RF imperfections and with multiple
PUs (Boulogeorgos et al., 2016a,b), and a robust estimator-correlator and a robust generalized

likelihood detectors (Patel et al., 2016) have been proposed.

On the other hand, unlike most of the aforementioned multi-antenna techniques which pre-
sume independent and identically distributed (i.i.d.) noise samples, calibration uncertainties
in the different antenna frontends are inevitable rendering independent and non-identically
distributed (i.ni.d.) noise samples. Such a scenario was considered in (Leshem & van der
Veen, 2001; Tugnait, 2012; Ramirez et al., 2011): by assuming a Gaussian distributed re-
ceived signal, a Hadamard ratio detector (HRD) was derived in (Leshem & van der Veen,
2001); a spectrum sensing technique which deploys an asymptotic analysis of the DFT of
the received multi-antenna signal—whose time domain version is an HRD—is proposed in
(Tugnait, 2012); and (Ramirez et al., 2011) devised a GLRT-based technique by proposing an
efficient alternating minimization algorithm so as to compute its statistic. Recently, the F—test
(FT) based spectrum sensing technique was proposed in (Huang & Chung, 2013a) and cor-
roborated to be superior over an energy detector, a maximum-minimum eigenvalue (MME)
detector (Zeng & Liang, 2009b), and a GLRT detector (Taherpour et al., 2010; Wang et al.,
2010), especially at low SNR. While exhibiting a moderate computational complexity, this de-
tector is also robust against noise uncertainty and doesn’t require the knowledge of the noise

power.
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1.2 Limitations

1.2.1 Limitations of the Existing RFI Detection and Excision Techniques

The RFI detection and excision algorithms that have been proposed to date exhibit the follow-

ing limitations.

Complexity: most of the state-of-the-art techniques exhibit various non-linear opera-

tions that render a huge number of processing cycles.

Unsatisfactory detection performance: most of the state-of-the-art techniques are ef-
fective for huge sample settings. Thus, the existing techniques are hardly useful for

real-time implementation, as this would require only very few samples.

Detection for some type of RFIs only: some of the state-of-the-art techniques fail to
detect Gaussian (near-Gaussian) RFI(s); for instance, KD fails to detect Gaussian (near-
Gaussian) RFI (Misra et al., 2009; Ruf et al., 2006). Nevertheless, detection should be

made regardless of the type of the RFI(s).

Inefficient RFI excision: the state-of-the-art RFI excision algorithms render, mostly,
an inefficient RFI excision which is also aggravated when the impinging RFI traverses
through a highly time-variant channel. However, an RFI excision technique should al-
ways have an efficient RFI excision capability irrespective of the time-variant channel(s)

of the impinging RFI(s).

Limited applicability: the majority of the state-of-the-art RFI detection and excision
algorithms have been proposed, mainly, for microwave radiometry and radio astronomy
applications. Some have also been proposed for GNSS applications. On the contrary,
any RFI detection and excision technique shall have broad applicability to any RF oper-
ating systems, including—for instance—terrestrial communications and mobile satellite

communications (Arapoglou et al., 2011; Richharia, 2014) systems.
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1.2.2 Limitations of the Existing Spectrum Sensing Techniques

In spite of a nearly mature research sub-field encompassing numerous contributions, the state-

of-the-art spectrum sensing techniques manifest several limitations that are summarized below.

e Assumptions regarding the primary signal(s): several of the state-of-the-art detec-
tion techniques rely on assumptions concerning the primary signal characteristics. For
instance, Bartlett estimate-based energy detection (Gismalla & Alsusa, 2012), a fre-
quency domain eigenvalue-based spectrum sensing algorithms (Yousif et al., 2016), sub-
band energy-based spectrum sensing algorithm (Dikmese et al., 2016), energy detection
spectrum sensing under RF imperfections and with multiple PUs (Boulogeorgos et al.,
2016a,b), and a robust estimator-correlator as well as a robust generalized likelihood
detectors (Patel et al., 2016) rely on the complex Gaussian distributed primary signal.
Nonetheless, if a given spectrum sensing technique has to be attractive for practical CR
applications, there shall not be any assumption on the characteristics of the primary sig-

nal, as the rendered detection will not be robust otherwise.

e Limitations of the conventional narrowband techniques: most of the conventional
narrowband techniques exhibit their respective limitations. To mention, ED relies on the
known power spectral density of the noise and exhibits a high sensitivity to noise un-
certainty (Wang & Liu, 2011) leading to a poor performance at a low SNR regardless
of the number of intercepted samples, as demonstrated via SNR walls (Tandra & Sa-
hai, 2008); matched filters suffer from intrinsic computational complexity and hence
are unattractive for practical spectrum sensing applications; particular features need to
be introduced to deploy feature detectors in orthogonal frequency division multiplexing
(OFDM) based communications (Wang & Liu, 2011); polarization detectors are com-
putationally complex and sensitive to estimation errors (Guo et al., 2016); SCM-based
techniques suffer from performance loss under sample-starved settings and their asymp-
totic threshold differs considerably from the exact value for finite sensors and samples
(Kortun et al., 2012); a moment ratio detection (Bogale & Vandendorpe, 2013a) is com-

putationally complex and relies on the asymptotic Gaussian distribution; and max-min
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detector (Bogale & Vandendorpe, 2014, 2013b) suffers from a huge computational com-
plexity.

Limitations of the wideband techniques: as tabulated in (Ali & Hamouda, 2017, Table
III), the various wideband techniques have also their own limitations. Highlighting these
limitations, the FFT-based detectors require a high sampling rate; the Wavelet-based
detectors and the filter-bank based detectors manifest high computational complexity;
and the multi-coset sampling based detectors require synchronization circuits. Moreover,
the compressive sampling based detectors exhibit high computational complexity; rely

on the sparsity assumption; and manifest dynamic behaviors for sparsity level.

Limitations of the active sensing techniques: the schemes of (Song et al., 2010b) re-
quire more spectrum resources and extra power resources are required because of the
signalling overhead, and sensing of the primary signal and transmission of the sens-
ing information to the active SU; the technique proposed by (Heo et al., 2014) suffers
from large self-interference produced during spectrum sensing and an appropriate phys-
ical distance should be maintained between the sensing and transmitting antennas; and
whenever a hidden terminal problem (Axell et al., 2012; Yucek & Arslan, 2009) arises,
the protocol deployed in (Miridakis et al., 2017) will keep on conducting a secondary
transmission and emitting interference to a primary receiver which may not be blocked,

unlike the blocked primary transmitter.

Limitations of the FT-based technique: it requires prior knowledge of the channel state
information (CSI) between the primary transmitter and secondary receiver rendering it
susceptible to CSI estimation errors. Moreover, the FT detector of (Huang & Chung,
2013a) assumes a single-antenna primary transmitter which is not the case for the trans-
mitters of the fourth generation (4G) and the fifth generation (5G) era, as they are usually
equipped with a number of antennas for the sake of array gain, spatial diversity gain, spa-

tial multiplexing gain, and interference reduction (Biglieri et al., 2007).

Reliance on i.i.d. noise samples: unlike the numerous state-of-the-art techniques whose

developments and analyses rely on i.i.d. noise samples, calibration uncertainties in the
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different antenna frontends are evident—rendering i.ni.d. noise samples. In this re-
spect, (Leshem & van der Veen, 2001; Tugnait, 2012; Ramirez et al., 2011) consider
i.ni.d. noise samples and devise the respective detectors, as highlighted in Section 1.1.3.
Nevertheless, new spectrum sensing techniques that do not assume anything on the char-

acteristics of the primary signal while considering i.ni.d. noise samples are needed.

1.3 Motivation

The limitations of the state-of-the-art techniques have motivated this Ph.D. dissertation. While
underscoring the natural performance versus complexity trade-off, the limitations itemized in
Section 1.2.1 have inspired less complex RFI detection techniques that have a satisfactory
detection performance, broad applicability, and detection of any type of RFI. Besides, they have
also inspired a widely applicable tensor-based RFI excision algorithms that render efficient
RFI excision at the cost of computational complexity. Similarly, some of the limitations of
the state-of-the-art spectrum sensing techniques summarized in Section 1.2.2 have inspired
matrix-based FT spectrum sensing techniques that are blind and efficient, especially in terms of
overcoming hidden terminal problems by rendering detection at very low SNRs. With respect
to this motivation, Section 1.4 presents the research objectives and methodologies of this Ph.D.

dissertation.

1.4 Research Objectives and Methodologies

1.4.1 Research Objectives

This Ph.D. dissertation has three objectives that are enumerated below.

1. The investigation and development of robust RFI detection algorithms for satellite and

terrestrial communications.

2. The investigation and development of efficient RFI excision algorithms for satellite and

terrestrial communications.
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3. The investigation and development of advanced low-complexity spectrum sensing tech-

niques.

Regarding the first objective, robustness in RFI detection can be inferred from:
e satisfactory detection performance for the desired FAR even in sample starved settings.
It is to be noted that most of the existing RFI detection algorithms offer satisfactory

detection performance, mainly, for a huge number of available samples.

e ability to detect the unknown RFI irrespective of its statistics or type, i.e., detection
capability of narrowband, wideband (Gaussian or near-Gaussian), continuous wave, and

pulsed RFI.
e ability to detect a feeble RFI.

e sufficient detection performance regardless of a noise power uncertainty.

Concerning the second objective, efficiency in RFI excision can be deduced from an RFI ex-
cision performance close to the average signal-to-interference-plus-noise ratio (SINR) gain
performance of a perfect excision algorithm—an algorithm that relies on a perfect knowledge

of the RFI channel.

With respect to the third objective, advanced low-complexity spectrum sensing techniques can
be deduced from an efficient and robust spectrum sensing which is:

e blind;

e independent of any assumption regarding the noise power;

¢ independent of an assumption about any type of CSI;

e able to overcome hidden terminal problems by rendering excellent detection at very low

SNRs; and

e computationally simple.

Moreover, advanced low-complexity spectrum sensing techniques shall exhibit:

e a minimum number of non-linear operations;
e a minimum number of multiplications; and

e a minimum number of processing cycles.
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1.4.2 Research Methodologies

This Ph.D. dissertation commenced through a detailed research survey regarding the state-of-

the-art. In this initial phase of the doctoral research:

the state-of-the-art RFI detection and excision algorithms proposed for radio astronomy,

microwave radiometry, and SatCom applications were identified and studied;

the limitations of the state-of-the-art RFI detection and excision techniques were delin-

eated;

numerous the state-of-the-art spectrum sensing (narrowband versus wideband and active

versus quiet) techniques were identified and studied; and

the limitations of the state-of-the-art spectrum sensing techniques were also delineated.

After carrying out the above-mentioned initial phase of this doctoral research, we have shifted

our attention toward the realization of the three objectives enumerated in Section 1.4.1. To-

ward this end, this dissertation has employed the underneath mathematical frameworks and

performance analysis tools.

In order to propose robust RFI detection algorithms, we have deployed detection and
estimation theory (binary hypothesis testing as well as binary composite hypothesis test-
ing), statistical signal processing, linear algebra, and tensor (multi-linear) algebra. As to
performance analysis tools, we have exploited the first-order perturbation analysis, the
estimation theory of a population covariance matrix (PCM), probability distributions,

and theories regarding probability, random variables, and stochastic processes.

To propose efficient RFI excision techniques, we have employed the tensor (multi-linear)
algebra framework. To analyze the performance of these excision techniques, we have
deployed a higher-order singular value decomposition (HOSVD) based parameter esti-

mation, the first-order perturbation analysis, and the estimation theory of a PCM.

To propose advanced low-complexity spectrum sensing techniques, we have deployed
the FT, linear algebra, and multi-linear (tensor) algebra frameworks. To pursue the re-

spective performance analyses, we have employed the first-order perturbation analysis,
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tensor-based signal processing, the estimation theory of a PCM, and probability distri-

butions.

For the performance assessment of the proposed algorithms and validation of the derived
closed-form expressions, this dissertation has deployed the MATLAB® software. In order
to assess the performance of the proposed techniques over real-world scenario, we have also
deployed real-time RFI contaminated ADC data received by one of the antennas of the Very
Large Array (VLA) (NRAO, 2017) of the National Radio Astronomy Observatory.

1.5 Thesis Contributions

This Ph.D. dissertation has made contributions in terms of the journal and conference papers
itemized in Appendix 1 and Appendix 2 (under APPENDIX I), respectively. Meanwhile, the
highlight of the respective contributions is noted in Appendix 3 (under APPENDIX I).

1.6 Thesis Organization

For the sake of the systematic reporting of the journal contributions—enumerated in Appendix
1 (under APPENDIX I)—and its coherent organization, this Ph.D. dissertation is organized

into five parts. To highlight each:

e Part I covers the preliminaries, including an introduction to this dissertation as well as its

motivation and research problems —detailed in Chapter 1—of this dissertation.

e Part II details the dissertation contributions to the research sub-field of RFI detection. In
particular, Chapter 2 reports a power-based broadband RF interference detector; Chapter
3 presents the performance analysis of an energy-based RFI detector; Chapter 4 presents
an eigenvalue-based RF interference detector; and Chapter 5 presents linear and multi-

linear RFI detectors.

e Part III introduces tensor-based advanced multi-antenna RFI(s) excision techniques de-

tailed in Chapter 6.
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e Part IV reports the dissertation contributions concerning the research sub-field of spec-
trum sensing. In this respect, Chapter 7 presents simple F—test based multi-antenna

spectrum sensing techniques.

e For better readability of this dissertation, Part V encompasses the appendices of Chapters
1-7 preceded by the discussion of the results highlighted in Chapter 8 which, in turn, is

followed by the conclusion and recommendations of this dissertation.
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Advanced RFI Detection
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COMMUNICATION SYSTEMS

Tilahun M. Getu!-2, Wessam Ajibz, and René Jr. Landry1

! Department of Electrical Engineering, Ecole de Technologie Supérieure,
1100 Notre-Dame West, Montréal, Québec, Canada H3C 1K3
2 Department of Computer Sciences, Université du Québec a Montréal,
201 Av. President-Kennedy, Montréal, Québec, Canada H2X 3Y7
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“You must have long-term goals to keep you from being frustrated by short-term

failures.”—Charles C. Noble

Abstract—As broadband radio frequency interference (RFI) affects various systems operating
radio frequencies, it has to be detected and mitigated. Accordingly, a computationally sim-
ple power-based detector (PD) is investigated. By assuming reception over the Nakagami-m
fading channels, exact closed-form expressions for the probabilities of RFI detection and of
false alarm are derived and validated via simulations. Simulations also demonstrate that PD

outperforms kurtosis detector.

Index Terms—RFI mitigation, RFI detection, power detection.

2.1 Introduction

Radio frequency interference (RFI) is mainly the result of out-of-band emissions by nearby
transmitters and harmonics, jamming, spoofing, and meaconing. These interferences might be
a broadband RFI which affects several systems operating radio frequencies over a large band-
width such as microwave radiometry (Misra et al., 2009), radio astronomy (van der Tol & van
der Veen, 2005), and satellite communications (Newtec and IRG, Sep. 2013). Similarly, a

global navigation satellite system (GNSS) and a very small aperture terminal (VSAT) suffer
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from broadband RFI (Borio et al., 2008). Broadband RFI can also happen in ultra-wideband
communications for wideband interferers (Shi et al., 2007); radar for wideband jammers (De
Maio & Orlando, 2016; Orlando, 2017; Bandiera & Orlando, 2009); and cognitive radios for
an imperfect spectrum sensing (Getu et al., 2015a): neighboring primary users emitting such
interference can constrain the spectrum sensing capability of an energy detector, as analytically
demonstrated in (Boulogeorgos et al., 2016b). To be mitigated efficiently, broadband RFI, thus,

should be detected robustly.

For microwave radiometry and GNSS applications, the state-of-the-art encompasses various
RFI detectors (Misra et al., 2009; De Roo et al., 2007; De Roo & Misra, 2010; Balaei & Demp-
ster, 2009; Dovis et al., 2012). However, these computationally complex detectors are not
widely applicable in various systems operating radio frequencies and kurtosis detector (KD)
fails to detect Gaussian (near-Gaussian) RFI (Misra et al., 2009; Ruf et al., 2006). Mean-
while, a power detector (PD) was employed for an RFI detection in microwave radiometry
(Guner et al., 2007). Similar detectors were deployed in a radiometer (Sonnenschein & Fish-
man, 1992), a multi-channel energy detector (Wang et al., 2010), and the cooperative spectrum
sensing of (Hussain & Fernando, 2014). Despite the several RFI detectors, their exact per-
formance closed-form expressions have not been reported—to the best of our knowledge—to
date. Moreover, due to the lack of a false alarm rate (FAR) expression that is often used to set

a decision threshold, the PD of (Guner et al., 2007) employed a heuristic decision threshold.

Capitalizing on the aforementioned power-based detectors, this paper investigates a power-
based broadband RFI detector by modeling—Ilike (Wildemeersch & Fortuny-Guasch, 2010)—
broadband RFIs as Gaussian processes. Unlike the state-of-the-art literature on RFI detection,
we derive exact closed-form performance expressions for this computationally simple and prac-
tically appealing PD. Having deployed an average power-based test statistic, we, specifically,
derive exact expressions for the probabilities of RFI detection and of false alarm along with the
analytical assessment of the impact of the number of RFIs. Following this introduction, Sec.

2.2 outlines the system model and the investigated detection. Sec. 2.3 presents the performance



33

analysis. Sec. 2.4 highlights the respective practical issues. Sec. 2.5 reports the simulation

results followed by conclusions drawn in Sec. 2.6.

Notation: =, ~, |, n!, E{-}, and Pr{-} stand for equal by definition, distributed as, conditioned
on, n factorial, expectation, and the probability of, respectively; U(-), I'(-,-), 4(-,-), A (-,"),
and /"7 (-, ) denote the unit step function (i.e., U(y > 0) = 1), the (upper) incomplete gamma
function, the gamma distribution, the normal distribution, and the Nakagami-m distribution,

respectively.

2.2 System Model and the Investigated Detection

2.2.1 System Model

Consider the detection of Q independent Gaussian RFIs that might be received along with
the signal of interest (SOI) through Nakagami-m fading channels (Karagiannidis et al., 2007).
Employing the Rician shadowed model (Giunta et al., 2018; Abdi et al., 2003), such a problem
can also be recast as the detection of Q Nakagami-m distributed non-line-of-sight (non-LoS)
components received along with Nakagami-m distributed LoS component. For the received
passband signal downconverted to its baseband equivalent denoted by r(t), a binary hypothesis

test is formulated regarding the detection of the Q RFIs as

0 hs(t) + X gvi(t) +2(t) H, o

hs(t) +z(t) : Hy,

where Hy and H; are hypotheses on the absence and presence of the Q RFlIs, respectively;
s(t) = VPYy_ . sup(t —nT) is the SOI for s,, p(t), and P being the n-th unknown and de-
terministic SOI symbol, a rectangular pulse shape of duration 7', and the power of the SOI,
respectively; h ~ A .o/ (my, hy) is the flat fading SOI channel gain for m| being the SOI fading
severity parameter and iy £ E{h?}; v;(t) = VP X . vjp(t —IT) is the j-th Gaussian RFI
for vj; ~ .47(0,1) and P; denoting the power of the j-th RFI; g; ~ Ao/ (mj1,8;) is the
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channel gain of the j-th RFI for m ;| being the fading severity parameter of the j-th RFI and

8js 2 E{ g%}; and z(t) is a band-limited zero mean additive white Gaussian noise (AWGN) pro-

0

cess. We assume that v;;, {g;};_,

h, and the AWGN are statistically independent; {m j}jgill

are integers; and an estimate of the noise power is available.

N

i t T
Baseband Noise | "(t) Q/O”(”) ()2 Y
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1
input pre-filter N
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n

Figure 2.1 The investigated broadband RFI detector

2.2.2 The Investigated Detection

The PD that can be easily integrated into a baseband receiver is depicted in Fig. 2.1, where the
baseband input is first filtered by a noise pre-filter that serves to limit the noise bandwidth
(Urkowitz, 1967). Sampling in every T—as per the Nyquist rate (Oppenheim & Schafer,
2010)—and squaring then follow. Averaging N squared samples, the mean received power
is approximated to render a decision variable Y.! If ¥ exceeds the decision threshold denoted

by A, H; is detected. Otherwise, Hy is detected.

2.3 Performance Analysis

From Fig. 2.1 and (2.1), denoting r(nT) by r[n] leads to

] = hs[n]+ZjQ:1gjvj[n]+z[n]  Hy 02

hs[n] + z[n] : Ho,

' Having realized that average received power is the average received energy per unit time, it is to be
noted that the investigated power detector can also be posed as an energy detector.
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where s[n] = s(nT), vj[n] = vj(nT), and z[n] = z(nT). The exact mean received power—

Y = E{r?[n]}—is computed as

JE{ Ol + £ gyl +2ln)))

Y (2.3)
E{ (hs[n] + z[n])?} : Hy.
Meanwhile, (2.3) is characterized via the following theorem.
Theorem 1. For 6% = E{z?[n]}, (2.3) simplifies to
2 (& 0 5J .
y — g (%nr‘f’Zj:l %{W‘Fl) -Hl (2.4)

Gz(%nr"‘l) : Ho,

where 7%, and 77/,” are, respectively, the average signal-to-noise ratio (SNR) and the j-th RFI’s

average interference-to-noise ratio (INR) defined via
(Fonrs 7,) = (RsPE{s2} /02,3, 5P/ G%). (2.5)
Proof. Please see Appendix 1 under APPENDIX II.

Under Hy, Y =Y — 62 ~ 4 (my,Q) for h ~ A o/ (my, hy). Hence, its probability density func-
tion (PDF)—fy (v)—is given by (Karagiannidis et al., 2006a, eq. (2)) for Q| = E{V|Hy} =
2. Integrating fy‘ Ho (y) results in the respective cumulative distribution function (CDF)—

i, (v)—equated as (Karagiannidis et al., 2006a, eq. (3))

L(mi, ghy)
(m1 — 1)!

Fy 1, (v) = [1 - ] U(y). (2.6)

Under H, Y is the sum of Q + 1 mutually independent gamma distributed random variables—
Y1 ~ % (m,Q)) and {Yj+1}jQ:1 ~G(mir1,Q41), Qjp1 = o2 'i,.”—which admit the Erlang

distribution (Karagiannidis et al., 2006a) for the integerness of {m j}jgjll. Hence, the PDF—
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fy‘ H (v)—given by (Karagiannidis et al., 2006a, eqs. (2) and (6)) leads to a CDF of Y under
Hi—Fyp, (v)—equated as (Karagiannidis ef al., 2006a, egs. (3) and (9))

Q+1 1
= .. mQ 1 (k,)’/ni)
M- M1

where n; = and . (i,k) is a weight defined through (Karagiannidis ez al., 2006a, eqgs.

77Q+1
(7) and (8)). Heremafter, the probability of RFI detection—denoted by P;—and the probability

of false alarm—denoted by Py—exhibited by PD are derived.

2.3.1 The Probability of RFI Detection
Using Y in (2.4), the exact P, is computed as Py = Pr{Y > A|H,} =Pr{¥ > (A —0?)|H, } =
/)L_Gz fv|m, (v)dy. Thus,

A—o
szl—/_w Friy 0)dy = 1= Fyp, (A — 02). (2.8)

Subsequently, two cases are discussed.

2.3.1.1 The Case of a Single RFI

In this case, ¥ becomes the sum of ¥; and Y5 ~ ¢ (my,Q)—Q, = 627, . Deploying (2.7) in
(2.8) and using {Q;}> | = U(1 = )6 Your + U (i — 2) 62},

mi(A/)62—1)

—mny

2, o S ( k>r<k’ U(1—0)fmr+U (i=2)7, )
D)) et @9
i=1k=1 (k—1)!
where H%”I‘nzz(z k) is a weight defined via (Karagiannidis et al., 2006a, eq. (A-5)).

2.3.1.2 The Case of Multiple RFIs

Substituting (2.7) and, in turn, {Q; }QH U(1—i)6* sy +U(i—2)0?F, ! into (2.8) gives
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—Iny...m . mi(A /-1
0+l m dnf...nQQfl'(l,k)F@, T )

1=) Fonr+U (i-2) 7,
Pd — mr
Py =

(2.10)

Furthermore, P; is characterized via the following lemma.

Lemma 1. P; improves with the number of RFIs.

Proof. Using (2.4), Py = Pr{d2 (%nr + Z,Q:1 )7,],,,) > 7~L} for A = A — o2. For the same desired
FAR, the P} in the presence of Q' > Q RFIs can be equated as P} = Pr{0? (¥, + ngzl }_fl;r) >

(A - ZJQ:QH 7). As {%J?ZQH >0, > (A— ZJQ:QH 7/,,) and hence P} > P;. n
2.3.2 The Probability of False Alarm

The exact Py is obtained as Pf =Pr{Y > A|Ho} =Pr{¥ > (A —6?)|Hy} = /(/1 . fr 1, ().
—O

Accordingly,
B (A—c?) B 5

Deploying (2.6) in (2.11) and, in turn, employing Q| = 6>,

I (my, —m1(1£52—1))

Pr=
f (my — 1)

(2.12)

Remark 1. The single RFI case can be inferred from the multiple RFIs case. Besides, (2.10)
and (2.12) are the special cases of (Boulogeorgos et al., 2016b, eq. (12)) and (Boulogeorgos
et al., 2016b, eq. (13)), respectively.

2.4 Practical Issues

As in Fig. 2.1, PD computes the mean received power to detect RFI. However, (2.12) should
be solved for A should it be set as per the desired FAR. To do so, first, the detector can be
calibrated to estimate the actual noise power with high accuracy (Quan et al., 2009). Thereafter,
the average SNR should be estimated via (2.5). To carry out this estimation, the SOI channel

estimator is required and such an estimator has to be broadband RFI-aware channel estimator,
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as RFI(s) can impinge at any time. Accordingly, the broadband RFI-aware channel estimators
of (Getu et al., 2015a) can be deployed to obtain the estimate of the average SNR via (2.5).
Having performed the aforementioned estimations, the A rendering the desired FAR can finally
be determined through (2.12). Moreover, the inevitable RF impairments such as phase noise,
amplifier non-linearities, and in-phase and quadrature-phase imbalance (Boulogeorgos et al.,
2016a; Gokceoglu et al., 2014) shall be compensated. As a preliminary step, the Gaussianity
of the received signal samples might also be tested (Giannakis & Tsatsanis, 1994; Yuan, 1998;
Sigut et al., 2005).

2.5 Simulation Results

Unless otherwise mentioned, the reported results—generated using the MATLAB® codes in

(Getu, Apr. 2018)—deploy the parameters of Table 2.1.

Table 2.1 Simulation parameters
unless otherwise mentioned

Parameters Assigned value
(m17m27m37Q) (2727271)
(P,P,P>,07) (10,10,10,1) W
(No. of realizations, N) (10%,10%)

Without loss of generality, the subsequent assessments are conducted in the context of a VSAT
communication system under these settings: the LoS reception of a binary phase shift keying
(BPSK) modulated SOI transmitted by a regenerative geostationary earth orbit (GEO) satellite;
one or more independent Gaussian RFIs that might be emitted by a nearby regenerative GEO

satellite(s); and perfectly estimated and identical propagation delays of the SOI and RFI(s).

Having computed A—rendering the desired FAR of 0.1—using (2.12), PD is simulated as
per Fig. 2.1. Approximating expectation via the average of N samples, KD is simulated via
kurtosis (k) computed via (Misra et al., 2009, egs. (1) and (2)) for a factor z determined via the
KD’s FAR expression (Misra et al., 2009, eq. (5)). Thereafter, a no RFI detection interval of
3 —z0Rr0 < K < 34z0Ro (Misra et al., 2009; De Roo et al., 2007) is deployed for ogy = \/%—
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N >5x 104—being the standard deviation of the RFI-free kurtosis (De Roo et al., 2007, Sec.
I1I).

o PD: 7, = —5dB .
02| - % - Closed-form (9): 7,,. = —5dB ]
04| —*—KD [1], [15]: 7., = 5dB
—o- KD [1], [15]: Juy — —3dB

0 2 4 6 8 10
:YZlIH' [dB]

Probability of RFI detection

Figure 2.2 P, versus }751,: Pr=0.land N = 10°. Note that (9)
stands for (2.9), [1] represents (Misra et al., 2009), and [15]
represents (De Roo et al., 2007)

With regards to the desired FAR of 0.1, the P; exhibited by PD and KD is depicted via Fig. 2.2
which showcases—for a broadband RFI—that the former outperforms the latter. The substan-
tial performance gain is attributed to the fact that PD takes the mean received RFI power into
account unlike KD that relies on kurtosis. Specifically, KD relies on the fact that the kurtosis of
a Gaussian signal equals three (Misra et al., 2009; Ruf et al., 2006). If the kurtosis is different
from three, an RFI would, thus, be detected. However, when a Gaussian RFI impinges, the re-
spective kurtosis also becomes three which makes KD fail to detect a Gaussian RFI, as reported
in (Misra et al., 2009) and (Ruf et al., 2006). Despite intercepting the received signal for a much
longer duration, Fig. 2.2 demonstrates that KD fails to detect a Gaussian RFI, especially at high
INRs. Remarkably, the Gaussian RFI superimposes on the AWGN indiscriminately rendering

KD to be an SOI detector operating as per the signal-to-interference-plus-noise ratio (SINR).
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As seen in Fig. 2.2 for higher INRs which result in small SINRs, KD suffers a performance
loss in RFI detection which is the implicit result of a poor SOI detection at small SINRs. For
small INRs leading to relatively larger SINRs, on the other hand, the performance of KD gets
better—for the better detection of the SOI at relatively larger SINRs—though it is still inferior

to PD’s. Furthermore, Fig. 2.2 validates (2.9).

0.4

—o— Monte-Carlo: 7!, =8 dB
0.3| - * — Closed-form (9): 7} =8 dB \
—&— Monte-Carlo: 7}, =10 dB

Probability of RFI detection

02| _ ¢ — Closed-form (9): %) =10 dB |
0.1 Monte-Carlo: 7., =8 dB, 72, =7 dB 1
- —v— Closed-form (10): 4} =8 dB, 5% =7 dB
0, 2 3 4 5 6 7 8 9 10
A

Figure 2.3 P, versus A: ¥, = 0 dB. Note that (9) and (10) stand
for (2.9) and (2.10), respectively

Figs. 2.3 and 2.4, respectively, depict the P; and Py exhibited by PD. As demonstrated via
Fig. 2.3, the numerical results of the exact expressions for P; and the Monte-Carlo simulations
are in a perfect overlap validating (2.9) and (2.10). In addition, Fig. 2.3 demonstrates that the
detection performance of PD improves with the number of RFlIs, as also shown in Lemma 1.
Fig. 2.4 also corroborates an overlap between the numerical results of the exact expression
for Py and the Monte-Carlo simulations irrespective of %;,,. Hence, simulations also validate

2.12).
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—o— Monte-Carlo: 7, =0 dB
— % — Closed-form (12): 7, =0 dB
—&— Monte-Carlo: 7, =5 dB
— & — Closed-form (12): 7,,, =5 dB

0.9
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0.6
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0.3F

Probability of false alarm

0.1F

Figure 2.4 Py versus A. Note that (12) stands for (2.12)

Eventually, the complementary receiver operating characteristics (ROC) of PD is depicted via
Fig. 2.5, where the probability of miss (F,)—simulated as B, = 1 — P;—decreases as Py
increases and vice versa. Thus, such a natural trade-off is demonstrated while validating (2.9)

and (2.12).

2.6 Conclusions

A computationally simple power-based broadband RFI detector is investigated. Contrary to the
prior works, exact closed-form expressions for the probabilities of RFI detection and of false
alarm are derived and validated through simulations. Simulations also corroborate that PD out-
performs KD. Toward an efficient mitigation of broadband RFI(s), this paper finds applications
in radio frequency operating systems that may suffer from broadband RFI(s). Moreover, this

paper inspires further research toward an interference-aware SNR estimation.
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respectively
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“I am not discouraged, because every wrong attempt discarded is another step

forward.”—Thomas Edison

Abstract—As radio frequency interference (RFI) affects many systems operating radio fre-
quencies, RFI detection is essential for excising such RFI efficiently. For this reason, here we
investigate an energy-based RFI detector for wireless communication systems suffering from
RFI. For this detector, its average probability of RFI detection is studied and approximated,
and asymptotic closed-form expressions are derived. Besides, an exact closed-form expres-
sion for its average probability of false alarm is derived. Monte-Carlo simulations validate
the derived analytical expressions and corroborate that the investigated energy detector (ED)
outperforms a kurtosis detector (KD)—even under the scenario that KD intercepts the received
signal for a longer interval—and a generalized likelihood ratio test (GLRT) detector. At last,

the performance of ED is also assessed using real-world RFI contaminated data.

Index Terms—RFI detection and excision, energy detection, performance analysis, GLRT

detector, real-world data.

3.1 Introduction

Radio frequency interference (RFI) can arise from either intentional or unintentional inter-

ferers; for example, out-of-band emissions by nearby transmitters and harmonics, jamming,
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spoofing, and meaconing (Getu et al., 2017, 2016, 2015b; Misra et al., 2009; Jeffs et al., 2005;
Kaplan & Hegarty, 2006). As a result, RFI is becoming increasingly common in microwave
radiometry (Misra et al., 2009), radio astronomy (Jeffs et al., 2005), and satellite commu-
nications (Borio et al., 2008). For instance, global navigation satellite system (GNSS) and
very small aperture terminal (VSAT) are increasingly suffering from RFI. In this respect, it
is attested by (Newtec and IRG, Sep. 2013) that 93% of the satellite industry suffer from in-
terference. Moreover, RFI occurs in ultra-wideband communication systems for narrowband
interferers (Shi et al., 2007); radar systems because of jammers (De Maio & Orlando, 2016);
and cognitive radios for an imperfect spectrum sensing (Getu et al., 2015a) and neighboring
primary users emitting RFI (Boulogeorgos et al., 2016b). Such primary users can constrain the

spectrum sensing capability of an energy detector (Boulogeorgos et al., 2016b).

The state-of-the-art encompasses several RFI detectors proposed for either microwave radiom-
etry or GNSS applications. The RFI detection techniques based on kurtosis (Misra et al., 2009;
Ruf et al., 2006), moment ratio (MR) (De Roo & Misra, 2010), fast Fourier transforms (Bal-
aei & Dempster, 2009), spectrogram and discrete Wigner-Ville distribution (DWVD) (Borio
et al., 2008), and transformed-domain (Dovis et al., 2012) are the main ones. However, these
RFI detectors generally have limited applications and exhibit a lack of sufficient analytical

performance characterizations with respect to (w.r.t.) a decision threshold.

In a mathematical context, while presuming a receiving reference antenna, the RFI detec-
tion problem can be posed as an adaptive radar detection problem tackled in (Ciuonzo et al.,
2016a,b, 2017; Aubry et al., 2014) by exchanging the RFI and the signal of interest (SOI).
As the RFI target vectors are generally unknown, nonetheless, the consideration of known left
and right subspaces corresponding to the signal and/or interference makes the aforementioned
detectors hardly realistic. For the same multi-antenna setting, the RFI detection problem can
also be formulated in terms of the blind adaptation problems of (Scharf & McCloud, 2002)
or the matched subspace detection problems of (Scharf & Friedlander, 1994); a source enu-
meration (Lu & Zoubir, 2015) problem of “two sources” versus “one source”; and a rank-1

signal detection problem (Ramirez et al., 2011). Nevertheless, the blind adaptation techniques
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of (Scharf & McCloud, 2002) require the knowledge of the subspaces spanned by the SOI and
RFI and the matched subspace detectors of (Scharf & Friedlander, 1994) rely on the known
subspaces spanned by the SOI and/or RFI; the two-step test of (Lu & Zoubir, 2015) cannot be
adopted here, as the SOI and RFI are not necessarily Gaussian random processes; and (Ramirez
etal.,2011) can not be applied here for the multi-antenna SOI channel gains are not necessarily
known and the underlying signals are not necessarily Gaussian random processes. Considering
these reasons, further research toward a computationally simple and practically relevant RFI

detector is worth pursuing.

In an energy detector (ED), on the other hand, energy detection is performed by comparing the
incoming signal energy to a given threshold (Herath et al., 2011). It was first used by Urkowitz
(Urkowitz, 1967) for detecting unknown deterministic signals in white Gaussian noise. Re-
cently, ED and its variants were deployed for the detection of unknown signals over fading
channels (Herath et al., 2011; Sofotasios et al., 2016; Digham et al., 2007), spectrum sens-
ing in cognitive radio (Atapattu et al., 2014; Gismalla & Alsusa, 2011; Gokceoglu et al., 2014;
Boulogeorgos et al., 2016a), cooperative spectrum sensing in cognitive radio networks (Tavana
et al.,2017; Quan et al., 2008), the design of ultra-wideband receivers (D’ Amico et al., 2007,
Gishkori & Leus, 2013), and in an integrated information and energy receiver (Zhou et al.,
2013). Despite its widespread applications, the deployment and characterization of ED for RFI
detection pose challenges. First, the distribution of the received signal when an RFI occurs is
unknown for an unknown RFI distribution. Second, determining the average probability of RFI
detection depends on the unknown distribution of the received signal which is directly affected

by several random variables (RVs).

Accordingly, this paper investigates an energy-based RFI detector for wireless communication
systems and assesses its applicability in the context of the Very Large Array (VLA) (NRAO,
2017) also by conducting real-world data based simulations. At first, the detector computes
the received signal energy by exploiting the sampling theorem representation of bandlimited
signals. Thereafter, it passes a decision about the RFI by comparing the computed energy with

a decision threshold. Specifically, the main contributions of this paper are itemized below.
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e We deploy the ED test statistic for the detection of RFI.

e Upon the reception of any kind of RFI, we show that the energy-based decision statistic
admits the noncentral chi-square distribution with 2u degrees of freedom (DoF)—u being
the time-bandwidth product—and a noncentrality parameter that depends on the signal-

to-noise ratio (SNR), the interference-to-noise ratio (INR), the SOI, and the RFI.

e Approximated and asymptotic expressions are derived for the average probability of RFI

detection. For the average probability of false alarm, an exact expression is derived.
e Simulations assess the performance of ED and validate the derived expressions.

e The performance of ED is also assessed using real-world RFI contaminated data.

Following this introduction, Sec. 3.2 describes the system model and the investigated detection.
Sec. 3.3 details the performance analysis. Sec. 3.4 and Sec. 3.5 present the simulation results
and the real-world data based simulations, respectively. Finally, the paper conclusions and

outlooks are composed in Sec. 3.6.

Notation: Upper-case letters, italic letters, lower-case boldface letters, and upper-case boldface
letters denote RVs, the values assigned to RV, vectors, and matrices, respectively; L2 5> ~,
—, and n! denote equal by definition, much greater than, distributed as, approaches to, and n
factorial, respectively; *, %, |, Re{-}, O(-), and x? imply a discrete-time convolution, partial
differentiation w.r.t. x, under, real part, the Landau notation, and chi-square, respectively; E{-},
Pr{-}, U(-), I(-), and Q,(-,-) stand for expectation, the probability of, the unit-step function
defined via U(y > 0) = 1, the nth-order modified Bessel function of the first kind, and the
uth-order generalized Marcum Q-function, respectively; and I'(-), I'(-,-), ¢(-,-), A (-,),
1Fi(+;+;+), and G(-) implicate the gamma function, the (upper) incomplete gamma function,
the gamma distribution, the Nakagami-m distribution, the special case of the generalized hy-
pergeometric function (Gradshteyn & Ryzhik, 2007, eq. (9.14-1)), and the Meijer G-function
(Gradshteyn & Ryzhik, 2007, eq. (9.301)), respectively.
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Baseband Noise r(t) S 2 Y
input pre-filter /th (-)dr

Figure 3.1 The investigated energy-based RFI detector

3.2 System Model and the Investigated Detection

3.2.1 System Model

We consider a received signal downconverted to its baseband equivalent. As shown in Fig.
3.1 that depicts the investigated ED, we assume that the baseband signal is filtered by the
ideal noise pre-filter that has the bandwidth of the SOI. The presumed filter not only limits
the noise bandwidth but also the bandwidth of RFI, if any (Urkowitz, 1967). To overcome
aliasing, this paper assumes that the sampling operations obey the Nyquist sampling criterion
(Oppenheim & Schafer, 2010). Since the Nakagami-m distribution offers the best fit to land-
mobile, indoor-mobile multi-path propagation, and scintillating ionospheric radio links (Abdi
et al., 2003), (Simon & Alouini, 2005, p. 25), it is adopted by this paper to model the SOI and
RFI fading channels. These narrowband channels are assumed to be flat fading channels since
they have a good agreement with the experimental data (Loo, 1985; De Gaudenzi & Giannetti,
1998). Meanwhile, we assume that detection is performed only after the reception phase of

pilot (preamble) symbols, if any.

The considered SOI can exhibit a one- or two-dimensional (2D) modulation schemes. For
2D schemes, ED can be integrated into the in-phase and/or quadrature component of a ded-
icated receiver (Proakis & Salehi, 2008). Specifically, we consider the SOI being the base-

band equivalent of a deterministic passband signal—denoted by §(z)—given as §(¢) € {sk(t) =
, M

Re{Akp(z)eﬂ”fcf}}k 1 (Proakis & Salehi, 2008, eq. (3.2-45)) for p(t), f., and M being a

rectangular pulse of duration T, carrier frequency, and the modulation order, respectively;

Ay =2k—1—M, Ay = /=1 and A, = Al + jAkQ for M-ary pulse amplitude modulation
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(PAM), M-ary phase shift keying (PSK), and M-ary quadrature amplitude modulation (QAM),
respectively. To continue, a noise pre-filtered received baseband signal—denoted by r(f)—is

expressed via a binary hypothesis test as

) = hs(t)+gv(t) +z(t) :H; A

hs(t) +z(t) : Ho,

where Hy and H; are hypotheses regarding the absence and presence of the RFI, respectively;
s(t) and v(¢) denote the aforementioned SOI and an RFI assumed unknown and deterministic,
respectively; h ~ .4 .o/ (my,hy) is the SOI channel gain for m; being the SOI fading severity
parameter and iy 2 E{h?}; g ~ .4 o/ (ma, gs) is the RFI channel gain for m, being the RFI fad-
ing severity parameter and g; = E{g?}; and z(¢) is a zero mean additive white Gaussian noise

(AWGN) process with a known power spectral density of No W/Hz. For analytical tractability,

these assumptions are considered: m| and my are integers; & and g are linearly independent.

3.2.2 The Investigated Detection

The investigated ED is diagrammed in Fig. 3.1, where the baseband input is, first, filtered by
an ideal noise pre-filter. Second, squaring followed by a finite time integration produces the
energy over T of the input signal (Urkowitz, 1967). Third, the energy is multiplied by 2/N
to generate a decision variable Y. At Last, H; is detected when Y is greater than a decision

threshold A. Otherwise, H; is detected.

3.3 Performance Analysis

Hereinafter, the performance of the energy-based RFI detector is analyzed. In particular, ap-
proximated and asymptotic closed-form expressions are derived for the average probability of
RFI detection. To do so, the probability density function (PDF) and the cumulative distribu-
tion function (CDF) of the ED test statistic are derived when an unknown RFI impinges on the
receiver. Having employed the ED test statistic’s PDF and CDF corresponding to the signal

present hypothesis in the spectrum sensing (Atapattu et al., 2014; Gismalla & Alsusa, 2011;
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Gokceoglu et al., 2014; Boulogeorgos et al., 2016a) and unknown signal detection problems
(Herath et al., 2011; Sofotasios et al., 2016; Digham et al., 2007), the average probability of

false alarm is also derived.

3.3.1 Distribution of the ED Test Statistic

From Fig. 3.1, the decision variable is equated as

2 t
Yy & N /t 7T P (t)dr. (3.2)

t
Let Ex = /t_T s2(t)dt be the SOI energy; Yo = hzlEvg be the SNR; and fy|y, (y) be the PDF of
Y |Hp. Having been derived using the sampling theorem representation for bandlimited signals,
Ty |H, (y) admits the noncentral % >—distribution with 2 DoF and a noncentrality parameter 27,

(Herath et al., 2011; Urkowitz, 1967; Digham et al., 2007). Thus,
1 % _ 2¥snrty
Ty, () = §<y/2%nr> e 2 Li1(\2Ymr)- (3.3)
The CDF under Hy—Fyg, (¥ =Pr{Y <y|Ho} = / Jy|m, (y)dy—simplifies to

Fyia, () = 1= Qu(/2%snr, v/Y)- (3.4)

Meanwhile, the distribution of Y|H| is characterized by the following theorem.

Theorem 2. Let E, = / t)dt be the RFI energy. For any type of RFI, Y|H; admits the

noncentral y?—distribution with 2u DoF and a noncentrality parameter p given by

P = 2(Ysnr + Yinr) + o2 Z a]ﬁ]? (3.5)

where W is the bandwidth of the SOI, u = TW, ¥, = gz]]f,—g defines the INR, a; = s(j/2W),
and B; = v(j/2W).
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Proof. Please refer to Appendix 1 under APPENDIX III.

Employing Theorem 2, the PDF of Y |H, is given by fy |y, (v) = fy|#, (V) |2y —p Thus, the CDF

of Y|H| is given by

Fy, (v) = Pr{Y <y[Hi} = 1- 0u(v/P. /3 (3.6)

3.3.2 Average Probability of RFI Detection

The probability of detection P; = Pr{Y > A |H1} =1- Pr{Y <A |H1} simplifies via (3.6) as

Py=1—=Fy, (A) = Qu(v/P, V). (3.7)

Meanwhile, the P; given by (3.7) satisfies the underneath theorem.

Theorem 3. Suppose P and P, denote the SOI power and the RFI power, respectively. For the
SOI and RFI, respectively, given by s(t) = /P Yoo _syp(t —nTy) and v(t) = /P, Yo vap(t —
nTS‘)’

Py > 0u(\/2(Yonr + Yinr), VA), (3.8)

if and only if (iff) Z?il sjv; > 0 and both signals experience non-deep fading channels.

Proof. Employing (3.5) in (3.7) and considering two cases—Z?il sjv;=0and Z?il sivi>0—

via (Sun et al., 2010, eq. (24)), the inequality in (3.8) follows. ]
For the SOI and RFI as in Theorem 3, an approximated expression is derived in the sequel.

3.3.2.1 Approximated Expression

Note that the P; given by (3.7) depends on the distribution of p which, in turn, depends on the
joint distribution of several RVs. As detailed in Appendix 2 (under APPENDIX III), deriving
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the PDF of p is either mathematically intractable or too complex. Consequently, we derive the

approximated PDF of p which is stated below.

Theorem 4. Let Z7'17 (i, k) be a weight defined in (Karagiannidis ez al., 2006a, eq. (A-5));
Yonr be the average SNR; and ¥, be the average INR. For Pc(c;) = Pr{s;}Pr{v;}—c; =s,v},
(str ymr) _ (ilsPsZ%u1E{S§} gst):.?LE{V%} and

(nlv 772) my ’ my 2mNogW 0 2mpNoW ’

Py, (r) = Pe(r)xPe(r)x---xPc(r) , r=X3" sv), (3.9)

TV
2u—1 fold discrete-time convolution

the approximated PDF of p is given by (3.10).

Proof. Please see Appendix 2 under APPENDIX III.

2

2.0
2Py, (r) Goz <4mpnzr2

Z Z v—nmlmz pk_leizimPth <0> + Z mip,my
i1 k= "‘Thnz (zni)k<k_ 1)! re.#\{0} p(ml - 1) (m2 - 1)

Remark 2. The right-hand side (RHS) of (3.10) is a valid PDF.
Proof. Please refer to Appendix 3 under APPENDIX III.

Using Theorem 4, the average probability of RFI detection—denoted by P;—can be approxi-

mated as
Pax [ Pufr(pdp~ | 0u(VPVE) frlp)dp, 3.11)
Meanwhile, the approximated expression is stated below.

Theorem 5. For [];;2 = (m; — 1)!(my —1)!, the approximated average probability of RFI de-

tection is given by (3.12).
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Proof. Please refer to Appendix 4 under APPENDIX III.

oo oo l’—
i [ A g

2 m;
LYY Y i

n=ul=0i=1k=1

Py, (0)(1+k— 1)1
20+ ) k- D)

11 2-1
Py (r) 22 4 |27

+ - G5 . (3.12)
rgiﬂz\{o} \/E m? 272 nln2r2 my,my

—e

From (3.12), li_r)n P; — 1. Thus, the detection of RFI is certain on average when T gets larger.
U—roo

As (N1,M2) — (0,0), (Ysnrs Finr) — (0,00). Similarly, as (11,12) — (,0), (%snr, Yinr) — (2,0).

Therefore, employing (Karagiannidis et al., 2006a, eq. (A-5)) and (3.12), " hgn Lo, )Pd =
YonrsYinr b

lim P;—1, as Gg g( -) approaches zero when
(7?}1)‘7’}_/['7!7')_)(00 0)
ED detects RFI certainly whenever there is a big difference between the strength of the SOI

approaches co. This implies that
and RFI.

3.3.2.2 Asymptotic Expression

The expression for P; whenever Y, >> Yspr is derived subsequently. In this case, (3.5) simpli-

fies to p ~ 2%, which is plugged into (3.7) to give

Py~ Qu(\/2Yinr V). (3.13)

In (3.13), Yinr ~ 4G (M2, Yiny) for g ~ N o/ (ma, gs). Thus, P; demands averaging over the gamma

— Yinr
PDF fy (Yinrsm2,M2) = ;’f’n”{)r( )e 2 U(Ymr) (Karagiannidis et al., 2006a, eq. (2)) which is

employed in (3.11) to render

myy

5 Qu \/_7 \/_) M2 e Tinr dy

<’}_/mr 2F m2 y y:ymr‘

Py~ (3.14)
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Using (Simon & Alouini, 2005, eq. (4.63)), (3.14) simplifies to

A my oo ) m
Pﬂl‘;(nf)(mz) Y (/) [T Ry () Gas)
2 0

%nr n=u Y=Yinr

Following (Herath et al., 2011, eqs. (4) and (5)), the asymptotic average probability of RFI

detection is given by

o)

Piml—e 5™ Y (n) " (A/2)" Fi (masn+ 15 A0/2), (3.16)
n=u
where k = %niﬂjmz and |t = % From (3.16), %gr_r:w P; — 1. Thus, as the RFI gets stronger,

ED detects it with certainty.

Remark 3. Note that (3.16) coincides with the average probability of a deterministic signal

detection over the Nakagami-m fading channel exhibited by ED (Herath et al., 2011, eq. (5)).

It is to be noted that the aforementioned analyses also encompass the scenario that the SOI and
RFI are non-overlapping after the initial filtering. In this scenario, the filtered RFI would have
a bandwidth less than the bandwidth of the SOI. Consequently, the intercepted RFI energy
becomes smaller by the virtue of Parseval’s theorem (Proakis & Salehi, 2008); so does the

average INR. Therefore, this is similar to the overlapping case with a reduced average INR.

3.3.3 Average Probability of False Alarm

As the RFI absent hypothesis—in the RFI detection problem—is the signal present hypothesis
in the spectrum sensing and unknown signal detection problems (Herath ez al., 2011; Sofotasios
et al., 2016; Digham et al., 2007; Atapattu et al., 2014; Gismalla & Alsusa, 2011; Gokceoglu
et al., 2014; Boulogeorgos et al., 2016a), (3.3) and (3.4) can be used to derive the average
probability of false alarm—denoted by P.—for a given A. Using (3.4), the probability of false
alarm Py = Pr{Y > A|Hy} = 1 —Pr{Y < A|Hy} becomes

Pf:I_FY\H()()'):Qu(\/z’)/snra\/X)- (3.17)
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For a given h, Py is given by (3.17). Thus, Py is obtained by averaging (3.17) over fy (Ysnr;mi,M1) =
1y (Yinrsma, nz)|(%nr,mz,nz):(yw,ml.,m)' Doing so by following (3.14)-(3.16),

Pr=1—c¢5km Z () (A/2)" 1 Fi (min+ AR/2), (3.18)
where K = - T and [l = y‘j_’ml Employing (3.18), Ml;rBMPf — 1. Thus, as the SOI gets

stronger, ED would exhibit the maximum false alarm rate (FAR) for it would confuse the SOI

for the RFI.

Remark 4. For the matching of hypotheses, (3.18) is identical with the average probability of

a deterministic signal detection over the Nakagami-m fading channel (Herath et al., 2011, eq.

5.

Summarizing the overall performance analysis, (3.12) implies that the average detection per-
formance of ED depends on the relative strength of the SOI w.r.t. the RFI and vice versa. Since
(3.12) is valid—by the virtue of Theorem 2—irrespective of the type of RFI, the aforemen-
tioned dependence is valid regardless of the type of RFI. Similarly, it is inferred from (3.18)
that the exhibited average FAR increases with the average strength of the SOI. Most impor-
tant, because only the signal energy matters; not its form, ED can be applied for the detection
of any deterministic signal (Urkowitz, 1967, Sec. I). Therefore, once the received signal is
downconverted to its baseband equivalent, ED can be applied in both satellite (see Fig. 3.2)
and terrestrial (for instance, see (Proakis & Salehi, 2008, Figs. 5.1-1 and 5.1-2)) commu-
nications regardless of their difference in the pre-baseband signal processing. Talking about
practical applicability, however, ED requires an accurate noise power estimator, as it relies on

the knowledge of the noise power.

3.4 Simulation Results

Without loss of generality, ED is applied in the context of a VSAT communication system. For

a VSAT receiver located in a rural area free from scattering, the reception of a binary PSK
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Figure 3.2 The simulated VSAT (Maral, 2003) scenario

(BPSK) modulated SOI transmitted by a regenerative geostationary earth orbit (GEO) satellite,

a BPSK modulated RFI possibly emitted by a regenerative GEO satellite, and a line-of-sight

reception are assumed. Moreover, the channel models and assumptions outlined in Sec. 3.2.1

are deployed.

Table 3.1 Simulation parameters
unless otherwise mentioned
Parameters Assigned value
(ml ) mZ) (27 2)
(62,P,P,) (1W,10W,10W)
No. of realizations 10°

Table 3.2 Complexity comparison in terms of the
number (No.) of multiplications and additions

Detectors | No. of multiplications | No. of additions
ED 2u+1 2u—1
KD 12u+35 8u—4

The simulated VSAT scenario is depicted in Fig. 3.2, where the received baseband signal af-

ter noise pre-filtering is modeled based on the GNSS received signal model in (Borio, 2008,

eq. (2.2)). As seen in Fig. 3.2, ED can be cascaded to the VSAT receiver so as to detect

RFI. Regarding the SOI and RFI propagation delays, perfect and identical estimates are as-

sumed rendering a model consistent with (3.1). Having defined the average SNR and INR as

in Theorem 4, simulations with parameters of Table 3.1—unless otherwise mentioned—are

conducted.
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Four results are given to assess the exhibited P,. First, a Monte-Carlo simulation named “‘sim-
ulation 1” is conducted via the binarization of (A III-4) w.r.t. A—while employing (A III-
8b)—followed by averaging. Second, (3.12) is implemented by approximating the infinite
summations w.r.t. n and [/ through the first 50 — u and 50 terms, respectively. Third, “simula-
tion 2” is conducted by averaging (3.7). Fourth, (3.16) is implemented via the approximation
of the infinite summation w.r.t. n by the first 50 — u terms. Three results are presented to as-
sess the exhibited Pf. First, a Monte-Carlo simulation named ‘“simulation 3 is conducted via
the binarization of (A III-4) w.r.t. A—while employing (A III-8b) and no RFI—followed by
averaging. Second, (3.18) is implemented by approximating the infinite summation by the first

50 — u terms. Third, a simulation named “simulation 4 is conducted by averaging (3.17).
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Figure 3.3  Comparison in Py: (¥snr, Yinr) = (—5 dB,5 dB). Note
that [4] represents (Misra et al., 2009)
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Average probability of RFI detection
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Figure 3.4 Comparison in P;: (%, A) = (3 dB,2). Note that
[4] represents (Misra et al., 2009)

3.4.1 Performance Comparison with the State-of-the-art

Amongst the state-of-the-art algorithms (Misra et al., 2009; Borio et al., 2008; Ruf et al., 2006;
Balaei & Dempster, 2009; De Roo & Misra, 2010; Dovis et al., 2012), we opt for a performance
comparison with a kurtosis detector (KD). The choice is motivated by the fact that KD is a
statistical algorithm—Ilike ED—and the remaining ones are sub-optimal techniques that tend
to exhibit some heuristics (cf. Appendix 5 under APPENDIX III). To continue, we assume a
received baseband signal sampled at 7; = 1 /2W apart and conduct a Monte-Carlo simulation
for KD (Misra et al., 2009; Ruf et al., 2006). Using this assumption which leads to (A III-
8b), the kurtosis (k) is computed through expectation-based operations in (Misra et al., 2009,
egs. (1) and (2)). As computing expectation requires infinite samples, we update the RFI-free
detection threshold stated in (Misra et al., 2009) to our simulation setting. In this regard, we
employ a threshold of 3 — 1 < k<34+_—L1___ for the detection of no RFI and

Finr In(u2 /1) Ve In(u2 /1)
perform averaging over 107 channel realizations.
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Figs. 3.3 and 3.4 depict the P; exhibited by ED and KD. Note that the performance of ED is
simulated as per “simulation 1”. Although ED intercepts the received signal for the 1/50th
duration of KD’s, Fig. 3.3 corroborates that ED outperforms KD regardless of A for a given
(Ysnr VYinr)- Fig. 3.4 also demonstrates that ED outperforms KD regardless of ¥, for a given
(%snr, A ). These superior performance gains are due to the fact that ED takes the energy of RFI
into account to detect RFI unlike KD which relies merely on the kurtosis. Interestingly, such a
gain is also guaranteed at a smaller computational complexity, as attested by Table 3.2 which
tabulates the complexity comparison of ED and KD based on the test statistics in (A III-4) and

(Misra et al., 2009, egs. (1) and (2)), respectively.

0.1p———6—%—9| —o— GLRT [50], [51]: u =10
—4*— MCED: u =10

0 5 10 15 20 25 30 35
’?im‘

Average probability of RFI detection

Figure 3.5 Comparison in £;: (Pf, ¥snr) = (0.1,0 dB) and
Ng = 5. Note that [50] and [51] represent (Wang ef al., 2010) and
(Taherpour et al., 2010), respectively

3.4.2 Performance Comparison with GLRT

For a received baseband signal sampled at 7y = 1/2W apart and a single-input multiple-output

system, a generalized likelihood ratio test (GLRT) detector (Wang et al., 2010; Taherpour et al.,
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Figure 3.6  Comparison in P;: (Ysnr, Yinr) = (—5 dB,0 dB). Note
that (12) and (16) stand for (3.12) and (3.16), respectively

2010)—a multi-antenna technique—is compared with the ED extended—similar to (Wang
etal., 2010, eq. (3))—to a multi-channel ED (MCED). In order to apply GLRT to the RFI de-
tection problem at hand, we assume a perfect knowledge of the multi-antenna SOI channel gain
h and project orthogonal to the SOI subspace using a projection matrix P = Iy, — h(hH h)_th .
Thereafter, we apply the GLRT statistic (Wang et al., 2010, eq. (13)), (Taherpour et al., 2010,
eq. (39)) and conduct an RFI detection via comparison with a test threshold rendering the target
average FAR of 0.1. To continue, MCED is simulated by applying ED per a receive antenna

and adding the output of every ED. By doing so, the overall intercepted energy is compared

with a test threshold resulting in the target average FAR of 0.1.

Having deployed the aforementioned simulation settings, the detection performance compari-
son of MCED and GLRT is depicted via Fig. 3.5. Although GLRT assumes a perfect knowl-
edge of the multi-antenna SOI channel gains, MCED outperforms GLRT by around 20 dB.

Although MCED assumes the knowledge of the noise power, such a significant performance
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Figure 3.7 Comparison in P;: (%, A) = (1 dB,3). Note that
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gain interestingly comes with a low-computational complexity—see Table 3.2—unlike GLRT
which first computes a singular value decomposition which is computationally complex—i.e.,
o (NI%) multiplications and additions (Zeng & Liang, 2009b)—for large-scale multi-antenna

systems.

3.4.3 Validation of the Derived Analytical Expressions

Figs. 3.6 and 3.7 compare the P; for different (A,u) and (f;,,u), respectively. As shown,
simulation 1, simulation 2, and (3.12) are in agreement. In addition, Figs. 3.6 and 3.7 reveal
that the asymptotic curves suffer from a performance loss as A gets larger for (s, Yinr, 1) =
(—5dB,0dB,3) and for small values of ¥, estimated with u = 3, respectively. Meanwhile,
Figs. 3.6 and 3.7 demonstrate that the performance of ED and the accuracy of (3.16) improve

with u implying that a larger intercepted energy results in a better P;.
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Figs. 3.8 and 3.9 compare the P, for different (A, %, ) and (%sur, ¥inr ), respectively. As depicted,
the increment of ¥,, results in a better P;. As 7., increases, it is observed in Fig. 3.8 that
the asymptotic curve gets close to the approximated curve. Fig. 3.9 also corroborates that
P, improves not only with 7%, but also with %, as the increment in %;,, (implicating the
average SOI energy) is perceived by ED as the presence of an RFI rendering an increase in the

intercepted energy.

Figs. 3.10-3.12 depict the exhibited Py. As it is evident from Figs. 3.10 and 3.12, the increment
of u increases Pf since ED can be misled by the increment of the respective intercepted energy.
Similarly, Figs. 3.11 and 3.12 display an increment in Py when %, increases for the same
reason mentioned before. For the exhibited Pf which varies w.r.t. ¥, these plots also corrob-
orate that ED is not a constant FAR (CFAR) detector. Such a non-CFARness is directly related

to the fact that ED is non-robust to noise uncertainty (Wang et al., 2010; Huang & Chung,
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2013a). Moreover, Figs. 3.10-3.12 showcase that simulation 3, simulation 4, and (3.18) are in

an overlap.

3.4.4 Assessment of the Receiver Operating Characteristics

To assess the complementary receiver operating characteristics (CROC) (Digham et al., 2007)
of ED, Fig. 3.13 depicts the average probability of miss (B,)—simulated as B, = 1 — Pj—
versus Py. As displayed, the natural trade-off between P, and Py is corroborated; the CROC
curves move inward when ¥, increases; and the Monte-Carlo simulations validate (3.12) and

(3.18).

3.5 Real-World Data Based Simulations

We assess the performance of ED using real-world RFI contaminated data received by one of

the antennas of the VLA (NRAO, 2017). For this VLA data sampled at a sampling frequency
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Figure 3.14 The extracted SOI and RFI

of 2048 MHz, (Getu et al., 2017, Fig. 15) depicts its fast Fourier transforms (FFT) whose lower

frequency component is diagrammed in (Getu et al., 2017, Fig. 16).

3.5.1 Simulation Setup

As seen in (Getu et al., 2017, Fig. 16), there are four impinging RFIs in four different subbands:
102.8-107.2 MHz, 110.7-115 MHz, 115.2-118.8 MHz, and 123.9-127.5 MHz. In order to sim-
ulate the performance of ED w.r.t. the specified average FAR, the respective decision threshold
should be computed from the “signal+noise” hypothesis (Hp). To compute this decision thresh-
old, the four impinging RFIs have to be filtered out and removed from the received signal. To
extract the RFI-free signal, the four bandpass filters designed using the near-optimal Kaiser
windows (Oppenheim & Schafer, 2010; Mitra, 2001) and reported through (Getu et al., 2018d,
Figs. 3 and 4) are deployed. Using these filters, the four RFIs are extracted and superimposed
as manifested through their FFT plotted in Fig. 3.14. These superimposed RFIs—denoted by

v—are used as an RFI in the subsequent simulations. As depicted through an FFT operation
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diagrammed in Fig. 3.14, the superimposed RFIs are then subtracted from the VLA data so as
to obtain the RFI-free data which are, hereinafter, considered as the extracted SOI—denoted

by s.

To simulate the performance of ED for the ranges of average SNR and INR, the extracted
SOI is contaminated by an AWGN of power ¢2. It is to be noted that the noise power is
adjusted w.r.t. the average SNR and INR defined, respectively, as ¥, = ||s||>/N;0? and 7, =
@||v||?/N; o for N; being the number of samples in the VLA data and ¢ being a constant used
to adjust the power of the extracted RFI w.r.t. the desired INR. To simulate the exhibited Py, the
AWGN contaminated extracted SOI samples are employed as per (A III-4)—while employing
no RFI—and compared with A so as to pass a decision. On the other hand, the exhibited
P is simulated by adding the extracted RFI—whose power was adjusted using /¢—to the
extracted SOI contaminated by an AWGN. Thereafter, these samples are deployed in (A 11I-4)
and compared with A. Having repeated such comparisons N, /2u times followed by averaging,

the respective Monte-Carlo simulation results are plotted.

3.5.2 Results

The exhibited P; and Py assessed using the VLA data are depicted in Figs. 3.15 and 3.16.
As expected, Fig. 3.15 demonstrates that P; improves with %, and u. At the same time, the
increment in # and hence the respective increment in the intercepted energy can mislead the

detector and cause an undesired increment in Pf, as demonstrated via Fig. 3.16.

3.6 Conclusions and Outlooks

3.6.1 Conclusions

As RFI is affecting many systems operating radio frequencies, it should be properly detected
so as to be efficiently excised. In this respect, an energy-based RFI detector is investigated for

wireless systems suffering from RFI. Having exploited the sampling theorem representation
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of bandlimited signals, ED computes the intercepted energy which is employed to make a
decision upon the RFI. In order to quantify the performance of ED, we derive novel closed-
form expressions by determining the distribution of the received signal and the associated RV's
whenever an RFI—which usually exhibits an unknown distribution—impinges on the receiving
antenna. Assuming the Nakagami-m fading channels, approximated and asymptotic closed-
form expressions are derived for the average probability of RFI detection, and an exact closed-
form expression is derived for the average probability of false alarm. Simulations validate
these expressions and corroborate that ED outperforms KD—even under the scenario that KD
intercepts the received signal for a much longer interval—and a GLRT detector. Moreover, the

performance of ED is also simulated and assessed using real-world RFI contaminated data.

3.6.2 Outlooks

Since the mixture of Gaussian (MoG) distribution exhibits a universal approximation property

(Selim et al., 2016), as it can be proved using the Wiener’s theorem of approximation (Pla-
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taniotis & Hatzinakos, 2001), it can approximate any non-Gaussian distribution such as the
Nakagami-m distribution. Hence, the MoG distribution has been deployed for channel mod-
eling in wireless sensor networks (Salvo Rossi et al., 2016, 2015b,a) and approximation of
the envelope, and SNR distributions in several wireless fading channels (Selim et al., 2016;

Alhussein, 2015).

Following the MoG distribution’s easiness in analytical tractability and high accuracy (Salvo
Rossi et al., 2016), we hereby approximate Nakagami-m distributed SOI channel’s envelope
with the MoG distribution. Bayesian information criterion (BIC) (Stoica & Selen, 2004; Se-
lim et al., 2016) is used to determine the number of mixture components C required for an
approximation whose accuracy is assessed using the mean square error (MSE) between PDFs.
To estimate parameters of the approximating MoG distribution, the expectation-maximization

(EM) algorithm (Mengersen et al., 2011, Ch. 1), (Bishop, 2006, Ch. 9) is deployed.
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To demonstrate the aforementioned universal approximation property using simulations, we
adapt the MATLAB® code in (Alhussein, 2015, Appendix B) which implements a BIC as-
sisted EM algorithm using N independent and identically distributed Nakagami-m random
samples. For the reception of a BPSK modulated SOI over the Nakagami-m fading chan-
nel, the MoG-based PDF and the empirical PDF corresponding to the received signal’s en-
velope are depicted in Figs. 3.17 and 3.18. As plotted, the MoG distribution approximates
Nakagami-m distributed envelope with high accuracy. Accordingly, the performance analysis
of an energy-based RFI detector using the MoG distributed fading channels has become our

future undertaking.

Acknowledgments

The authors acknowledge the funding provided by AVIO-601 Project; Alan Erickson and Dr.
Omar A. Yeste-Ojeda of the National Radio Astronomy Observatory for facilitating the RFI
data; and the Editor and the anonymous reviewers for helping them improve the scope, clarity,

and readability of this manuscript.



CHAPTER 4

EIGENVALUE-BASED RF INTERFERENCE DETECTOR FOR MULTI-ANTENNA
WIRELESS COMMUNICATIONS

Tilahun M. Getu!-2, Wessam Ajibz, and René Jr. Landry1

! Department of Electrical Engineering, Ecole de Technologie Supérieure,
1100 Notre-Dame West, Montréal, Québec, Canada H3C 1K3
2 Department of Computer Sciences, Université du Québec a Montréal,
201 Av. President-Kennedy, Montréal, Québec, Canada H2X 3Y7

This article was revised and submitted to Elsevier Signal Processing as of March 2019
(Getu et al., 2019, submitted).
“Mathematics is a language plus reasoning; it is like a language plus logic. Mathematics is a

tool for reasoning.”—Richard P. Feynman

Abstract—Radio frequency interference (RFI) is occurring in both satellite and terrestrial
communication systems. In order to mitigate RFI efficiently, it has to be detected robustly.
Toward this end, through the computation of an eigenvalue-based test statistic, an eigenvalue-
based blind RFI detector is proposed for single-input multiple-output systems that may suffer
from RFI. Valid for infinitely huge samples, performance closed-form expressions are derived
through the derivation of the distribution of the equivalent test statistic and signified through
simulations. For medium to large interference-to-noise ratio (INR) regimes and sample starved
settings, simulations also corroborate that the proposed blind detector manifests a comparable
detection performance with a generalized likelihood ratio test (GLRT) detector fed with the
knowledge of the signal of interest (SOI) channel, and a matched subspace detector fed with
the knowledge of the SOI and RFI channels. Such performance underscores the applicability

of the proposed RFI detector for real-time applications.

Index Terms—RFI excision, RFI detection, eigenvalue detector, blind detector, GLRT detec-

tor, matched subspace detector.
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4.1 Introduction

4.1.1 Related Works

Due to out-of-band emissions by nearby transmitters and harmonics, jammers, spoofers, and
meaconers, radio frequency interference (RFI) is being increasingly common in microwave ra-
diometry (Guner et al., 2007), radio astronomy (RA) (van der Tol & van der Veen, 2005), and
satellite communications (SatCom) (Nguyen et al., 2015; Getu et al., 2017). Regarding Sat-
Com, 93% of the industrial applications suffer from interference—as reported in (Newtec and
IRG, Sep. 2013)—and RFI is a potential threat to global navigation satellite system (Wilde-
meersch & Fortuny-Guasch, 2010). RFI also happens in cognitive radio systems for imperfect
spectrum sensing (Getu et al., 2015a) (as also analytically implicated through (Boulogeorgos
et al., 2016b)); ultra-wideband communications due to the prevalent narrowband interferers
(Shi et al., 2007); and radar because of the inevitable jammers (De Maio & Orlando, 2016). As
such a widely occurring RFI must be first detected so as to be excised efficiently, researchers

have paid attention, throughout the years, to the research sub-field of RFI detection.

In the aforementioned regard, the state-of-the-art encompasses a considerable number of RFI
detectors. Mentioning the main ones, the RFI detector in asynchronous pulse blanking (John-
son & Ellingson, 2005), kurtosis detector (KD) (Misra et al., 2009), fast Fourier transforms-
based RFI detector (Balaei & Dempster, 2009), a precorrelation-based RFI detector (Borio
et al., 2008), and transformed-domain detectors (Dovis et al., 2012). In general, these RFI
detectors deployed frameworks that did not lead to analytical performance characterizations,
which are often missing. On the other hand, the performance characterization of a given RFI
detector is not a straightforward undertaking, as the distribution and parameters of the im-
pinging RFI are generally unknown. Such a lack of knowledge makes the existing hypothesis
testing frameworks (Kay, 1998; Scharf, 1991) hardly useful with regard to the aforementioned
undertaking. Highlighting the latest research advancements pertaining to this research sub-
field, meanwhile, a power-based broadband RFI detector and an energy-based RFI detector are

investigated in (Getu et al., 2018c) and (Getu et al., 2018b), respectively. However, these RFI
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detectors rely on the knowledge of the noise power and they are detectors proposed, mainly, for
single-antenna systems. Thus, it is of an academic and practical significance to develop robust

multi-antenna RFI detectors whose performance characterizations shall also be pursued.

Mathematically, the multi-antenna RFI detection problem can be related to the adaptive radar
detection problem—considered in (Ciuonzo et al., 2016a,b, 2017; Aubry et al., 2014)—by
exchanging the underlying RFI and the signal of interest (SOI) while presuming a receiving
reference antenna. For the adaptive signal detection in homogeneous Gaussian disturbance
and structured interference, (Ciuonzo et al., 2016b) has derived several theoretically founded
detectors which are proved to be the function of the maximal invariant statistic (MIS) corrobo-
rating their constant false alarm rate (CFAR) property. Following (De Maio & Orlando, 2016),
(Ciuonzo et al., 2017) exploits the principle of invariance to surmount the problem of adap-
tive vector subspace signal detection in a partially homogeneous Gaussian disturbance plus
structured interference. In particular, (Ciuonzo et al., 2017) derives an MIS which is shown
to coincide with the adaptive normalized matched filter (Conte et al., 1996) (adaptive coher-
ence estimator (Scharf & McWhorter, 1996)) in a complementary subspace of the structured
interference. Thereafter, several well-known test statistics are derived and shown to be statisti-
cally equivalent to the MIS. Similarly, (Aubry et al., 2014) deals with the adaptive detection of
point-like targets in a possibly heterogeneous environment. In a mathematical sense, some of
the electronic counter-countermeasures (ECCM) techniques (Orlando, 2017; Bandiera et al.,

2010; Melvin & Scheer, 2013) are also related to the problem of multi-antenna RFI detection.

4.1.2 Motivation

Despite the mathematical resemblance, the detection techniques of (Ciuonzo et al., 2016a,b,
2017; Aubry et al., 2014) cannot be adopted as robust multi-antenna RFI detection techniques.
The presumption of known left and right subspaces for the signal and interference makes the
unifying framework of (Ciuonzo et al., 2016b) hardly practical for multi-antenna RFI detec-
tion. Similarly, the assumptions that a target signature and a structured interference belong to

known subspaces make (Ciuonzo et al., 2017) unattractive for multi-antenna RFI detection.
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Because of the assumption regarding a known subspace spanned by the interference steer-
ing vectors, (Aubry et al., 2014) is also unattractive. Meanwhile, adapting the techniques
of (Bandiera & Orlando, 2009) devised for a mismatched signal model is either challeng-
ing or complex, as the RFI target vectors are generally unknown and time-variant. Further-
more, as the impinging RFI may not be Gaussian and its distribution is generally unknown,
adapting the ECCM related techniques—such as (Orlando, 2017), (Bandiera et al., 2010), and
(Melvin & Scheer, 2013, Ch. 12)—as robust multi-antenna RFI detection techniques would be

hardly realistic.

Because it requires identifying the type of RFI which could be narrowband, broadband, con-
tinuous wave, or pulsed RFI (Nguyen et al., 2015; Wildemeersch & Fortuny-Guasch, 2010),
the development of a robust multi-antenna RFI detector is challenging. In this regard, an RFI
detector should robustly detect any kind of RFI unlike KD which fails to detect Gaussian (near
Gaussian) RFI(s) (Misra et al., 2009). To be attractive for real-time applications, an RFI de-
tector should not also rely on a large number of samples. Moreover, an RFI detector shall also
be able to detect very weak RFI, as several such RFIs can make the communication (system)
unreliable, especially in SatCom and RA which manifest a received signal whose strength is

usually under the noise floor (van der Tol & van der Veen, 2005).

In another regard, eigenvalue-based detectors (Kortun et al., 2012; Zeng & Liang, 2009b;
Bianchi et al., 2011) have been proposed for spectrum sensing in the context of cognitive
radios. These detectors exhibit an attractive detection performance and their blindness makes
them practically appealing. They do not also rely on the power spectral density of the noise
unlike conventional energy detectors (Digham et al., 2007; D’ Amico et al., 2007; Herath et al.,
2011; Boulogeorgos et al., 2016a; Sofotasios et al., 2013). Meanwhile, eigenvalues in the
Karhunen-Loeve transform domain were deployed to detect RFI, as detailed in (Maccone,
2010). Nonetheless, time-domain eigenvalue detection had not been investigated until recently.
In line with this specific motivation, (Getu et al., 2018, accepted) has disseminated a prelimi-

nary study regarding an eigenvalue-based multi-antenna RFI detection.



75

4.1.3 Contributions

Based on the lead of (Getu et al., 2018, accepted), this article presents a full-fledged investiga-
tion on eigenvalue-based RFI detector and its performance analyses. As a consequence of the

conducted investigation, the respective contributions are itemized beneath.

e For single-input multiple-output (SIMO) systems that may suffer from RFI, an eigenvalue-

based RFI detector is studied and assessed.

e The distribution—valid for infinitely huge samples—of the equivalent test statistic is

derived.

e Deploying the derived distribution, performance closed-form expressions—valid for in-
finitely large samples—regarding the probability of RFI detection and the probability of

false alarm are derived.

e The performance of the investigated RFI detector is assessed through Monte-Carlo sim-

ulations which also signify the derived performance closed-form expressions.

Following this introduction, Sec. 4.2 describes the considered system model. Sec. 4.3 presents
the problem formulation and the proposed detection followed by the performance analysis
detailed in Sec. 4.4. Sec. 4.5 reports the simulation results succeeded by the paper conclusions

and outlooks presented in Sec. 4.6.

4.1.4 Notation

Italic letters, lower-case boldface letters, and upper-case boldface letters denote scalars, vec-
tors, and matrices, respectively; CNr CN*M and HINE*NR are the sets of Ng—dimensional vec-
tors of complex numbers, of N x M complex matrices, and of Ng x Ng Hermitian matrices,
respectively; —, ~, |, £, o, (-)~!, (-)7, and (-) denote approaches to, distributed as, con-
ditioned on (under), equal by definition, statistically equivalent, inverse, transpose, and Her-

mitian, respectively; €, =, >>, —, lim, A(:,i), A(:,i: j), and diag(-) implicate element of
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(belongs to), is equivalent to, much greater than, approaches to, limit, the i-th column of A, the
columns of A between its i-th and j-th columns including its i-th and j-th columns, and diago-
nal (block diagonal) matrices, respectively; ()7, || - ||, Pr{-}, E{-}, tr(+), In,, and Oy denote
the Moore-Penrose inverse, Euclidean norm, the probability of, expectation, trace, an Ng X Ng
identity matrix, and an N x M zero matrix, respectively; Re{-}, Im{-}, Var{-}, Cov{:,-},
g (+,-), and € Ay, (1, X) stand for real part, imaginary part, variance, covariance, the mul-
tivariate normal distribution of dimension Ng (Nr > 2), and the circularly symmetric com-
plex multivariate normal distribution with mean g € C"k and covariance matrix £ € HMx*N
(Ng > 2), respectively; x2, x'2(A), Fy, vy, Fy, v, (A1), and Fy' \, (A1,A2) represent the central
chi-square distribution with v degrees of freedom (DoF), the noncentral chi-square distribu-
tion with v DoF and noncentrality parameter (NCP) A, the central F—distribution with (v, v,)
DoF, the singly noncentral F—distribution with (v, v;) DoF and NCP A, and the doubly non-
central F—distribution with (vi,v2) DoF and NCPs (A;,A;), respectively; and F(A;vy,Vv,),
F'(A;vi,v2|A1), and F”(A; vy, v2|A1,A2) denote the cumulative distribution function (CDF)

pertaining to Fy, v,, the CDF pertaining to Fy, , (1), and the CDF attributed to Fy, ,, (A1,42),

1,V2

respectively, evaluated at A.

4.2 System Model

First, we assume that the received passband signal is downconverted to its baseband equivalent
and sampled at the Nyquist rate. In line with this assumption, we consider a SIMO system that
may suffer from an RFI as depicted in Fig. 4.1. Along with the reception of the transmitted SOI,
an RFI emitted by a nearby single-antenna source might also be received by the Ng antennas.
For this scenario, the received multi-antenna signal contaminated by a noise and an impinging

RFI is expressed as

y[k] = hs[k] + gv[k] + z[k] € Ck, 4.1)

where y[k] € CM is the k-th sample of the received multi-antenna signal; k = [h1,hy, ..., hy,]T

€ CMr is the flat fading SOI channel gain vector assumed constant during the RFI detection
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interval; s[k] is the k-th unknown and deterministic symbol of the SOI; g = [g1,82,---,8n:]! €
CNr is the flat fading RFI channel gain vector assumed constant during the RFI detection inter-
val; v[k] is the k-th unknown and deterministic symbol of the RFI; and z[k] ~ € A, (0, 621y, )
is—with an unknown power of 62—a zero mean circularly symmetric complex additive white

Gaussian noise (AWGN) vector, which manifests a spatially uncorrelated noise.

Inferring from (4.1), the RFI-free received multi-antenna signal is equated as
y[k] = hs[k] +z[k] € C%. (4.2)

The remainder of this manuscript presumes that h, g, and z[k| are independent with each other.

Figure 4.1 A baseband schematic of a SIMO
system suffering from an RFI
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4.3 Problem Formulation and Proposed Detection

4.3.1 Problem Formulation

A binary hypothesis test is formulated from (4.1) and (4.2) as

Sl = hs[k|+ gv[k] +z[k] :H; 43)
hs[k] + z[k] : Hp,

where {Hy, H, } are, respectively, hypotheses regarding the absence and presence of the RFI and
1 <k <N for N being the number of intercepted per-antenna samples. Stacking the observation

vectors of N sampling intervals,

Hs+Gv+z :H;
y= (4.4)
Hs+z : Hy,

where y = [y [1],y7[2],...,y" [N]] " € CMN s the stacked multi-antenna received signal sam-
ples, H =diag(h,h, ..., h) € CNeN*N ig the SOI channel matrix, G = diag(g. g, ... ,g) € CNeN*N
is the RFI channel matrix, s = [s[1],s[2],...,s[N]] "€ CV is the stacked symbols of the SOI,
v=[v[1],v[2],...,v[N]] " € CVN is the stacked RFI symbols, and z= [z [1],27[2],...,2z" [N]] Te
CNeN C Nnpn (0, o2l NgN ) 1s the stacked multi-antenna noise vector. If H and G were known
in the matched subspace detection problem stated via (Scharf & Friedlander, 1994, eq. (2.4)),
(4.4) and (Scharf & Friedlander, 1994, eq. (2.4)) would be equivalent problems for S = H,
¢=s;andpu=1,H=G,and 6 =v.!

The problem formulated in (4.4) can also be related to the adaptive radar signal detection prob-
lems of (Ciuonzo et al., 2016a,b, 2017; Aubry et al., 2014). However, adopting these tech-
niques is challenging, since they rely on known subspace(s). The problem can also be posed

as a source enumeration problem (Lu & Zoubir, 2015; Wax & Kailath, 1985; Stoica & Selen,

' Referring to (Scharf & Friedlander, 1994), please note that £HO and S¢ denote an information-
bearing signal and an interference, respectively.
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2004): “two sources” versus “one source”. Nonetheless, the technique of (Lu & Zoubir, 2015)
cannot be adopted here, as {s[k],v[k]} are not necessarily Gaussian random variables (RVs).
Besides, the information criterion rules (Wax & Kailath, 1985; Stoica & Selen, 2004) are com-
putationally complex, as they rely on the minimization of highly non-linear functions made of
several maximum-likelihood estimates (Proakis & Salehi, 2008). For known h and Gaussian
{s[k],v[k]}, it is worth mentioning that the problem can also be recast in terms of a unified gen-
eralized likelihood ratio test (GLRT) based spectrum sensing framework of (Axell & Larsson,

2011).

4.3.2 Proposed Detection

At first, the proposed eigenvalue-based RFI detector computes the sample covariance matrix
(SCM) as

=— Y ylkly"[k] = ]lVYYH e HV&XNr (4.5)

where ¥ = [y[1],y[2],...,y[N]] € C’**N_ Hereinafter, we assume that N > Ng to ensure that
all eigenvalues of the SCM are positive with probability one. Computing the singular value

decomposition (SVD) of (4.5),
R, =ULV" = (U, Uy, |2V 2 UL0", (4.6)

where Uy = U(:,1), Upn, = U(:,2 : Ng), and £ = diag(61,63,...,6n,) for {65}5.\2?1 being
the singular values—in decreasing order—of the SCM, and (a) emanates from the fact that an

SCM is both a positive semi-definite and Hermitian matrix.

It shall be recalled that {6; ﬁ.v_fz and {6; év:,% are the noise eigenvalues under Hy and H1, respec-
tively. Under Hy, if the interference-to-noise ratio (INR) is greater than the signal-to-noise ratio
(SNR), 6, is contributed by the signal and the noise; whereas 6, is contributed by the interfer-

ence and the noise provided that the SNR is greater than the INR. Employing this intuition, the
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test statistic—that can flag the impinging RFI—is defined as

A

(9}

Ne =~
Y55 6

T . 4.7)

For A being the decision threshold often set as per the desired false alarm rate (FAR), a decision

rule follows as

H,
>

T = A 4.8)
Hy

Remark 5. Once the trace of the SCM is obtained, (4.7) can be computed via the first two

dominant eigenvalues obtained efficiently using the power method (Golub & Van Loan, 2013,

Chs. 7 and 8).

4.3.3 Equivalent Test Statistic

To derive an equivalent test statistic, we define a projection matrix P,. N and a projected SCM

k(p)

yy as

N A A b) A ~ H
Pong = Doy Uy L O U5, (4.92)

N
Ry’y’ = Py Ry Py, (4.9b)

(p)

where (b) follows from the orthonormal columns of &. Computing the SVD of IAQyI;

b

RY —0sv" = [0, Uy, JEV", (4.10)

where U = U (:,1), Uy, = U(:,2: Ng), and V = U. Substituting (4.6) and (4.9a) into (4.9b),
o A & ~ H
R)(71;) - U23NR225NRU2:NR> 4.11)

where 22:NR = diag(6,, 63, ...,6n,). From (4.10) and (4.11), these relations can be concluded:

U=0 2Ng = V and £ = 223NR' A new projection matrix P, can then be computed using
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Py = Uan (5, DOy, (1) =0 (:,2)0" (:,2). (4.12)

Realizing that tr(IA’glAix)) =6y and tr((In, — Pz)ﬁgj)) = 2&3 6;, the proposed test statistic can
also be expressed as
u(P,RY)

(I — P2)RY))

T = (4.13)

Considering (v1,Vv2) = (2N,2N(Ng —2)) which are shown, in Appendix 1 (under APPENDIX
IV), to be the DoF of the numerator and denominator of the right-hand side (RHS) of (4.13),

(4.14)

» P
T T 1'% tr(PzRyy )
Tl Ty, TN
1 tr((INR — Pz)Ryy )
Meanwhile, through the derivation of the distribution of T¢q, the performance analysis of the

proposed detector is pursued subsequently.

4.4 Performance Analysis

The exact performance analysis of an eigenvalue-based detector is a complex undertaking.
In this regard, the existing investigations resort to the asymptotic analysis of the underlying
eigenvalue-based detectors (Zeng & Liang, 2009b; Bianchi et al., 2011; Kritchman & Nadler,
2009; Nadakuditi & Edelman, 2008) by employing random matrix theory (Couillet & Debbah,
2011). While such analyses intuitively capture the asymptotic performance of the investigated
detectors, it is demonstrated in (Kortun et al., 2012) that their asymptotic threshold differs con-
siderably from the exact value for finite sensors and samples. In (Kortun ez al., 2012), mean-
while, the probability density function (PDF) and CDF of the ratio of the largest eigenvalue
to the trace of complex Wishart matrices were derived. Nevertheless, as we are not dealing

with a noise only hypothesis and because we are operating a different test statistic, the exact
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closed-form expressions of (Kortun et al., 2012) cannot be adapted for our detection problem

at hand.

Valid for any sample size N, obtaining exact closed-form expressions pertaining to the PDF and
the CDF of the eigenvalue-based test statistic given by (4.7) is mathematically intractable. For
our underlying hypotheses, specifically, the intractability tends to be significant since the type
of the impinging RFI and its distribution are often unknown. Accordingly, through the deriva-
tion of the PDF of the equivalent test statistic defined in (4.14), performance characterizations—

valid for infinitely large samples—are attempted subsequently.

4.4.1 The Distribution of T

For infinitely huge samples, the distribution of T¢q is characterized below.

Theorem 6. Suppose (Vi,V2) = (2N,2N(Ng—2)); h~C N N (0,1,) and g ~ € N N, (0,1 )

E{s?[k]} = P, and E{v?[k]} = P, quantify the transmitted SOI and RFI powers, respectively;
2 2

L lmslE e
snr NNRC72 inr NNRG2

NR)O™ (32 Ne). For (A" 457) = 2 Ly (| Pathslk] + gv[k]) | [Py (hslk] + gv[k]) )
and (A0 31%0) = LY (||Pohs[k] HZ, | P3.nhs[K] HZ), the distribution of T, is characterized

be the SNR and INR, respectively; and P3;NR -0 (:,3:

as follows:

o if (%nra%m’) = (070)’ A%EQOTCq ~ FVI,VQ;
e if %, = 0 and 7, > 0, z\lzlirioTeq ~ Fy (A7, 4,°); or

o if Yinr > 0 and Yy, > 0, lim Teq ~ F) (A 5.
Proof. Please see Appendix 1 under APPENDIX IV.

When infinitely large samples are available, Theorem 6 attests that Tq admits the central F—
distribution whenever no SOI and RFI are received. Under Hy and Hj, T¢q is characterized

through the noncentral F—distribution with NCPs that, respectively, depend on the SNR, and
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both the SNR and the INR provided that infinitely huge samples are available. If the received
RFI and SOI are very weak, the effect of the NCPs would vanish rendering Teq to admit the
central F—distribution. As highlighted below for different values of N, meanwhile, the PDF of

T¢q 1s assessed analytically and using simulations.
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Figure 4.2 The PDF of Teq: N = 106, Nr=5,0=1W,
(Ysnr, Yinr) = (0,0), and 10 realizations

Employing a PDF estimation technique highlighted in (Kay, 2006, p. 20-21) and the MATLAB®
function dubbed fpdf(-, -, -) scripted to compute the PDF of the central F'—distribution analyti-
cally, the PDF of T is depicted in Figs. 4.2 and 4.3. As seeninFig. 4.2 for N = 10°, the central
F—distribution approximates the estimated PDF accurately except for T.q € [0.996,1.006]. As
N is increased to 107, the approximation through the central F—distribution becomes accurate
except for the interval Toq € [0.998,1.002]. Since increasing N is rendering in a better approx-

imation, this is in line with the first case of Theorem 6.



84

4000 T T T T T T

x  Simulation
— — — Analytical

T

3500

T

3000 .
2500 q
o

5 2000 | 1

1500 4
A

1000 - 1 .
500 - I 1

Iy x

U

0 SO —— O S S e

0.99 0.992 0.994 0.996 0.998 1 1.002 1.004 1.006 1.008 1.01

Figure 4.3 The PDFof Toq: N=10", Ny =5,0=1W,
(Ysnr Yinr) = (0,0), and 10 realizations

4.4.2 Performance Closed-Form Expressions

The probability of RFI detection and the probability of false alarm exhibited by the proposed

detector are characterized beneath.

Proposition 1. For a given realization, let P; = Pr{7T > A|H,} and Py = Pr{T > A|Hp}, re-
spectively, define the probability of RFI detection and the probability of false alarm manifested

by the proposed detector. When the preconditions of Theorem 6 are satisfied,

lim Py = 1= F"(vod/vizvi,valaf" . 2,") (4.15)

—»00

lim Pr=1-F"(vaA/vivi, val A, 1,°). (4.16)
—>00

Proof. Please refer to Appendix 2 under APPENDIX IV.
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Proposition 1 offers a generic characterization of the performance of the proposed detector. In
addition, it inspires the underneath lemma which elucidates the performance of the proposed

detector valid for the high SNR and INR regimes.

Lemma 2. Let 4,4, = é YV, llgvik]||> and Ay = # Yo, ||hs[k]||?. If the proposed detector is

operating in the high SNR and INR regimes, and

o if Ysnr == Yinrs

lim Py =1—F'(wA/vi; Aov); 4.17
dim Py (VoA /Vis Vi, Vol Agy)s (4.17)
o if Yinr >> Ysnrs
lim Py =1—F' (VoA /vi;vi, Vol Ay). (4.18)
N—oo

Moreover, when the detector is operating in the high SNR regimes, then we obtain
lim Pr=1—F(vA /vy, . 4.19
ngio f (V2 /V1 Vi, V2) ( )
Proof. Please refer to Appendix 3 under APPENDIX IV.

Meanwhile, since the function that computes the CDF of the doubly noncentral F'—distribution
is unavailable in MATLAB®, we resort to its approximation via the central F—distribution.
To do so, the noncentral y?—distributions—that constitute the noncentral F—distribution—are
approximated by the central y?—distributions that lead to the central F—distribution (Johnson
et al., 1995). Using (Johnson et al., 1995, eq. (30.54)), in this regard,

1+ v

Fyv, 4.20
T+ 20wy ! v,V (4.20)

Fy v, (A1, 0) =

where v = (v +41)2(v; +2A1) "L and v/ = (v 4+ A2)%(v2 +24,) . Using (4.20) and the CDF
relation in (Bertsekas & Tsitsiklis, 2008, p. 206),

F"(mA/visvi, v A A1) =~ F (A0 B B, (4.21)
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Hy -1
where A1 = I (M) = (vi+ A2 (v +241) 71 and Byt = (Vo + 4572 (va +

1+7LIHI v

21;1 ! )_l. Similarly, adopting the aforementioned approximations also leads to the relation
F" (oA fvizvi, va| A0, 257) = F (A5 B, B1), (4.22)

Hy —1

where 2% = Shpv (L), B0 — (v A1) (vy +24%) 1, and B0 = (va+23)% (v2 +
1 1

215 0)=!, It is to be noted that (4.21) and (4.22) can be used for an approximated numerical as-

sessment. In addition, (4.20) implies that the approximation through the central F—distribution

becomes more accurate as (A1,4;) — (0,0).

4.5 Simulation Results

Evaluated for a SIMO system, this section reports the simulation results regarding the perfor-
mance of the proposed RFI detector, matched subspace detector (MSD) (Scharf & Friedlander,
1994), and multi-antenna detectors (Huang & Chung, 2013a; Taherpour et al., 2010; Wang
et al., 2010). Unless otherwise mentioned, the conducted simulations employ the parameters

of Table 4.1.

Table 4.1 Simulation parameters

if unmentioned
Parameters Assigned value
Ng 5
Yenr 0dB
Py 10 W
No. of realizations 10°

Without loss of generality and similar to (Ramirez et al., 2010; Getu et al., 2018a), the in-
dependently distributed complex channel gains pertaining to the SOI and RFI—unless stated
differently—are modeled by a Rayleigh fading as in Theorem 6. Unless otherwise mentioned
and without loss of generality, we consider a quadrature phase shift keying (QPSK) modu-
lated SOI and RFL i.e, s[k] = \/Py/2[s, + js2] and v[k] = \/P,/2[v} + jv?] for {s},s2} €
(1,1} x {~1,1} and {v} v¢} € {~1,1} x {~1,1}.
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The subsequent Monte-Carlo simulations of the proposed detector deploy the test statistic
equated in (4.7) and the decision rule expressed in (4.8). These simulations consider the SNR
and INR definitions stated in Theorem 6. Having adjusted the power of the received SOI and the
received RFI, respectively, as per the SNR and INR definitions stated in Theorem 6, the Monte-
Carlo simulations regarding exhibited P;—by any considered detector—assume the reception
of H; per a realization and average over the number of assumed realizations. Along with the
simulation of P, the probability of miss-detection (P,,) exhibited by any considered detector is
simulated as P,, = 1 — P;. On the other hand, the simulations concerning the FAR—manifested
by any detector—assumes a per-realization reception of Hy, whose SOI component is adjusted
as per the SNR definition stated in Theorem 6, and average over the number of presumed
realizations. Meanwhile, fixed for the detection performance assessment of the considered
detectors, the decision thresholds rendering the desired FARs are obtained via Monte-Carlo
simulations that average over 10° independent realizations under Hy. Regarding the proposed
eigenvalue-based RFI detector, hereinafter, performance comparison with MSD; performance
comparison with multi-antenna detectors; validation of the derived closed-form expressions;
and assessment of the manifested FAR and complementary receiver operating characteristics

(CROC) are reported.

4.5.1 Performance Comparison with MSD

To compare the proposed detector and an MSD (Scharf & Friedlander, 1994) which assumes
real-valued signals, we emulate the transmission of a binary phase shift keying (BPSK) mod-
ulated SOI and BPSK modulated RFI over real-valued Rayleigh fading channels, i.e., h ~
g (0,1n,) and g8 ~ A, (0,1y,). With respect to the desired FAR of 0.01, we detect the
presence of RFI using the proposed detector and the MSD derived for a subspace signal detec-
tion in subspace interference and noise of unknown level (Scharf & Friedlander, 1994, Sec.
VIII). For a given realization, the performance of MSD is assessed via the Pp expression
given by (Scharf & Friedlander, 1994, eq. (8.10)) and its respective FAR threshold is ob-
tained via the Pr4 expression, also, equated in (Scharf & Friedlander, 1994, eq. (8.10)). As
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the NCP (Scharf & Friedlander, 1994, eq. (8.7)) that comprises the closed-form detection ex-
pression (Scharf & Friedlander, 1994, eq. (8.10)) varies for every realization, we average the
per-realization detection performance of MSD over 10° realizations. Similarly, the detection
performance of the proposed RFI detector is assessed through Monte-Carlo simulations that
also average over 10° realizations. Whereas for the respective F,, simulations, averaging over

10° realizations is considered.
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Figure 4.4 P, versus ¥,: Pr=0.01

With respect to the aforementioned simulation settings, Figs. 4.4 and 4.5, respectively, depict
the P; and P, exhibited by the proposed RFI detector and MSD. As seen in Fig. 4.4 for ¥, > 5
dB, the proposed RFI detector has a comparable detection performance with MSD fed with the
knowledge of H and G though the proposed detector is a blind one. Concerning Fig. 4.5, even
though it is outperformed—in the low INR regimes—by MSD fed with the knowledge of H
and G, the proposed blind detector also enjoys a considerably small P, especially in the high

INR regimes, manifested even for a sample starved setting as small as N = 50.
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4.5.2 Performance Comparison with Multi-Antenna Detectors

We compare the performance of the proposed eigenvalue detector with multi-antenna detectors
(Huang & Chung, 2013a; Taherpour et al., 2010; Wang et al., 2010) proposed for spectrum
sensing in the context of cognitive radios (Axell et al., 2012). To simulate the RFI detection
performance of these detectors (Huang & Chung, 2013a; Taherpour ef al., 2010; Wang et al.,
2010), we first assume the availability of the knowledge of h and execute projection orthogonal
to the SOI subspace using a projection matrix P = I, — h(hH h)_th . Thereafter, along with
the proposed blind detector, we simulate the F—test based detector (Huang & Chung, 2013a,
eqgs. (4) and (5)), blind GLRT (Taherpour et al., 2010, eq. (39)), multi-channel energy de-
tection (MCED) (Wang et al., 2010, eq. (2)), and multi-channel energy detection with noise
uncertainty (MCED-U) (Wang et al., 2010, eq. (3)).

To simulate the detection performance of the F—test based detector (Huang & Chung, 2013a),

the test statistic in (Huang & Chung, 2013a, eq. (5)) is computed via a projection matrix
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P =1y, —g(g""g) g, by also assuming the knowledge of g, after projecting orthogonal to
the SOI using P. Having projected orthogonal to the SOI subspace, blind GLRT is simulated
via (Taherpour et al., 2010, eq. (39)). Note that such a GLRT statistic was also reported in
(Wang et al., 2010, eq. (13)). After also projecting orthogonal to the SOI subspace, MCED
and MCED-U are, respectively, simulated via (Wang et al., 2010, eq. (2)) and (Wang et al.,
2010, eq. (3)). To simulate the detection performance of MCED-U, we employ a constant noise
uncertainty factor &,, = 10log; Mn, which is valid when the observation time is short (Wang
et al., 2010). Following the lead of (Tugnait, 2012), we assume that MCED-U overestimates
o by a factor of uncertainty denoted by 1, i.e., 6> = 1,02, and compute its respective
threshold rendering the considered desired FAR. Nevertheless, the detection performance of

MCED-U is simulated using data with the exact noise variance 2.

Observing at Fig. 4.6, the proposed blind RFI detector has a comparable detection performance
with a GLRT fed with a perfect estimate of the SOI channel for the medium to high INR

regimes. For the small INR regimes, the proposed detector outperforms the F-test detector
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(Huang & Chung, 2013a, eqgs. (4) and (5)), MCED (Wang et al., 2010, eq. (2)), and MCED-
U (Wang et al., 2010, eq. (3)) with &,, = 1 dB though the latter detectors are fed with the
knowledge of the SOI channel. Such a performance manifested for a sample starved setting—
as few as N = 50—implicates the applicability of the proposed blind detector for real-time

detection of weak RFI(s) which usually occurs in SatCom and RA.

In order to offer further insight, we simulate the P, versus %;,, performance curves as depicted
in Fig. 4.7. For the small INR regimes, the proposed blind detector manifests a comparable
miss-detection performance with GLRT fed with the knowledge of the SOI channel. As the
strength of the received RFI increases, MCED and MCED-U fed with both the knowledge of
the SOI channel and the noise power—as ED requires the knowledge of the noise power—
outperforms the proposed RFI detector. It is visible in Fig. 4.7 that the performance gains
of MCED and MCED-U are evident with a significantly small P, for a given INR. Summa-

rizing the observations, however, from practicality and real-time processing perspectives, the
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proposed blind detector is attractive as manifested through its detection and miss-detection

performance for both the small and the high INR regimes.
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4.5.3 Validation of the Derived Closed-Form Expressions

Hereinafter, the accuracy of the derived performance closed-form expressions—given by (4.15)
and (4.16)—is assessed. Since there is no any, in its latest edition, MATLAB® function
that implements the CDF of the doubly noncentral F—distribution, we evaluate (4.15) and
(4.16) numerically using (4.21) and (4.22), respectively. As the NCPs—stated in Theorem
6—characterizing (4.15) and (4.16) depend on RVs that vary per a realization, the numerical
evaluations of (4.15) and (4.16) are, thus, averaged over the considered number of realizations.
With these simulation settings, Figs. 4.8 and 4.9 showcase the accuracy of (4.15); whereas

Figs. 4.10 and 4.11 demonstrate how accurate (4.16) is.
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Figs. 4.8 and 4.9 corroborate that the accuracy of (4.15) increases as N gets larger. On the
other hand, Fig. 4.9 implicates that the accuracy of (4.15) also depends on the magnitude of
the INR. Specifically, when the INR increases, it is observed in Fig. 4.8 that the accuracy of
(4.15) gets worse, which is a manifestation of the approximation in (4.20) getting poorer as

(7LIH l,lf 1) gets larger.

Figs. 4.10 and 4.11 assess the FAR exhibited by the proposed detector and the accuracy of
(4.16). As seen in these plots and in line with Proposition 1, the accuracy of (4.16), with

respect to the Monte-Carlo simulations, increases as N gets larger and larger.

4.5.4 Assessment of the Manifested FAR and CROC

The impact of the number of received signal samples on the manifested FAR is assessed
through Fig. 4.12. As depicted, the probability of false alarm becomes infinitesimally small

as N gets larger. It is also demonstrated that the CFAR constraint is not satisfied in the fi-
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Figure 4.10 Py versus A: Ysnr = —4 dB and 103 realizations

nite length regime if the threshold is set using asymptotic false alarm probability—Iike GLRT
(Taherpour et al., 2010; Wang et al., 2010). As originally addressed by (Scharf & Lytle, 1971),
the proposed detector also exhibits difficulties to satisfy the FAR constraint exactly like com-

plex detectors.

At last, the simulation assessments are culminated by the assessment of the CROC exhibited
by the proposed RFI detector. In order to depict the underlying CROC, the P, versus Py curves
are depicted for different Nk and 7;,, that comprise Fig. 4.13. As corroborated via Fig. 4.13,
since the increment in INR or N provides an improvement in an RFI detection and hence a
smaller likelihood of missing the impinging RFI, the CROC curves shift inward with respect

to ¥inr and Ng. In addition, Fig. 4.13 demonstrates the natural trade-off between B, and Py.
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Figure 4.11 Py versus A: ¥, = —4 dB and 103 realizations

4.6 Conclusions and Outlooks

4.6.1 Conclusions

An eigenvalue-based blind RFI detector is proposed and studied for SIMO systems that may
suffer from RFI. Through the derivation of the distribution of the equivalent test statistic, per-
formance closed-form expressions of the probability of RFI detection and probability of false
alarm are derived for infinitely large samples. Meanwhile, the accuracy of the derived closed-
form expressions is demonstrated through Monte-Carlo simulations. For sample starved set-
tings and medium to large INR regimes, the conducted simulations also corroborate that the
proposed detector exhibits a comparable detection performance with a GLRT detector fed with
the knowledge of the SOI channel, and an MSD fed with the knowledge of the SOI and RFI
channels. Such a performance reveals the attractiveness of the proposed RFI detector for real-

time applications.
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Figure 4.12  Impact of N on Py: 10* realizations

4.6.2 Outlooks

If the values of h are known and {s[k],v[k]} are Gaussian RVs, the underlying RFI detection
problem can also be reformulated as the detection of rank-1 signals, which is a special case
of the hypothesis test in (Ramirez et al., 2011, eq. (3)). With respect to (Ramirez et al.,
2011) which considers the detection of rank-R (R > 1) signals with uncalibrated multiple
antennas, the proposed eigenvalue detector can also be extended to the detection of rank-R
(R > 1) RFI(s). To practically realize such an extension, the channel order of the SOI and
the RFI(s) are required and hence source enumeration techniques (Lu & Zoubir, 2015; Sto-
ica & Selen, 2004; Nadakuditi & Edelman, 2008) would be, preliminarily, needed. In addition
to the aforementioned extension, the extension of the proposed RFI detector to the multiple-
input multiple-output (MIMO) and massive MIMO systems (Miiller et al., 2014; Yin et al.,
2016)—that might also consider a rank-R (R > 1) RFI(s)—is worth addressing. Moreover,
accounting for the inevitable calibration uncertainties of the Nk antenna frontends similar to

(Tugnait, 2012; Ramirez et al., 2011; Leshem & van der Veen, 2001), consideration of inde-
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Figure 4.13 Complementary ROC: N = 100

pendent and non-identically distributed (1.ni.d.) noise samples is also worth investigating for

SIMO, MIMO, and massive MIMO systems.
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“The function of education is to teach one to think intensively and to think critically.

Intelligence plus character - that is the goal of true education.”—Martin Luther King, Jr.

Abstract—Radio frequency interference (RFI) is affecting various radio frequency operat-
ing systems. In practical wireless channels, RFI can be received through a multi-path fading
channel. In such a scenario, robust detection of RFI can be challenging since the signal of
interest can also be received through a multi-path fading channel. Hence, while introducing a
tensor-based hypothesis testing framework, this paper proposes matrix- and tensor-based multi-
antenna RFI detection techniques for an RFI that might be received through a multi-path fading
channel. To characterize the performance of the proposed detectors, performance analyses that
led to insightful asymptotic characterizations have been pursued. Simulations assess the per-

formance of the proposed detectors and validate the derived asymptotic characterizations.

Index Terms—RFI detection, matrix-based detector, tensor-based detector, tensor-based hy-

pothesis testing.
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5.1 Introduction

5.1.1 Related Works

Radio frequency interference (RFI) is caused by intentional interferers—such as jammers,
spoofers, and meaconers—and unintentional interferers—for instance, nearby transmitters and
harmonics manifesting out-of-band emissions. Because of these interferers, RFI is becoming
common in many radio frequency (RF) operating systems as diverse as microwave radiometry,
radio astronomy, satellite communications, ultra-wideband communications, radar, and cogni-
tive radios (van der Tol & van der Veen, 2005; Getu et al., 2015b; Misra et al., 2009; Borio
et al., 2008; Getu et al., 2017; Ciuonzo et al., 2016a; Bandiera & Orlando, 2009; Getu et al.,
2016; Boulogeorgos et al., 2016b). To detect a widely occurring RFI that is also affecting 93%
of the satellite industry (Newtec and IRG, Sep. 2013), the state-of-the-art encompasses sev-
eral RFI detection techniques: for example, statistical (Misra et al., 2009; Ruf et al., 2006; De
Roo & Misra, 2010; Balaei & Dempster, 2009; Getu et al., 2018c,b) and transformed domain-
based (Dovis et al., 2012; Borio et al., 2008) techniques.

Despite the considered assumptions regarding the type of the signal of interest (SOI), the type
of RFI, the SOI channel, and/or the RFI channel, the multi-antenna RFI detection problem
can be posed as an adaptive radar detection problem tackled in (Ciuonzo et al., 2016a,b, 2017,
Aubry et al., 2014); the blind adaptation problems of (Scharf & McCloud, 2002) or the matched
subspace detection problems of (Scharf & Friedlander, 1994); and the source enumeration
problem of (Lu & Zoubir, 2015). However, an RFI can be emitted by different sources at
different times and the assumption on the type of RFI cannot render a robust RFI detection. In
addition, as transmitted signals usually traverse through a multi-path fading channel in practice
(Simon & Alouini, 2005; Proakis & Salehi, 2008), RFI detectors can be sensitive to the errors
pertaining to the inevitably inaccurate estimation of the SOI and RFI channels. As a result,

further research toward a robust RFI detection would be of importance.
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5.1.2 Motivation

Despite the fact that an RFI can traverse through a multi-path fading channel, robust detection
techniques that are specifically designed for such an RFI has not been addressed to date. In such
a setting, RFI detection can be challenging, as both the RFI channel and the SOI channel can be
frequency selective which is a manifestation of a multi-path fading channel often encountered

in practice (Simon & Alouini, 2005; Proakis & Salehi, 2008).

Concerning the detection of an RFI received through a multi-path fading channel, one of the
viable research strategies would be the robust estimation of the subspace spanned by the re-
ceived RFL. In this regard, the RFI detection problem boils down to the accurate estimation
of the RFI parameter such as RFI subspace. Regarding a parameter estimation such as the
RFI subspace estimation, the recent advancements in tensor-based signal processing (Haardt
et al., 2008; Roemer & Haardt, 2010; Roemer et al., 2014; Getu et al., 2017, 2018d) have
revealed that tensor-based parameter estimators outperform their matrix-based counterparts.
In line with these advancements, tensors have been investigated for several applications such
as parameter/channel estimation (Haardt et al., 2008; Song et al., 2010a; Roemer & Haardt,
2010; Roemer et al., 2014; Getu et al., 2015a), single- and multi-interferer RFI excision (Getu
et al., 2015b, 2016, 2017, 2018d), source enumeration (da Costa et al., 2011), blind recovery
of signals and blind identification of mixtures (Lim & Comon, 2014), brain-source imaging
(Becker et al., 2014, 2015), and time-varying graph topology identification as well as tracking
of dynamic networks (Shen et al., 2017; Giannakis et al., 2018). In spite of such broad appli-
cations, improved parameter estimation, and significant advancements in tensor-based signal

processing, it is to be noted that tensors have not been employed for the detection of an RFI(s).

5.1.3 Contributions

Regarding the aforementioned motivation, this paper introduces a tensor-based hypothesis test-
ing framework which can find several applications in communication systems and signal pro-

cessing. This framework is introduced with respect to a tensor-based multi-antenna detection—
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along with the matrix-based detection—of RFI received over a multi-path fading channel. In a

nutshell, the contributions of this paper are itemized beneath.

e We introduce a tensor-based hypothesis testing framework whose application is tailored

for the multi-antenna detection of RFI.

e For a reception through a multi-path fading channel and single-input multiple-output
(SIMO) systems, we propose a matrix-based RFI detector (MB-RD) and a tensor-based
RFI detector (TB-RD).

e The asymptotic performance of the proposed detectors is analytically characterized and

assessed via Monte-Carlo simulations.

Following this introduction, Sec. 5.2 describes the considered system model. Sec. 5.3 presents
the matrix-based detection and the MB-RD algorithm. Sec. 5.4 details the tensor-based detec-
tion which leads to the TB-RD algorithm. Sec. 5.5 follows with the performance analyses of
TB-RD along with its performance comparison with MB-RD. Sec. 5.6 reports the correspond-

ing simulation results and conclusions are drawn in Sec. 5.7.

5.1.4 Notation

Scalars, vectors, matrices, and tensors are denoted by italic letters, lower-case boldface letters,

NrW x
7CR r?

upper-case boldface letters, and boldface calligraphic letters, respectively; CN?W and

HNWXNeW: represent the sets of NgW—dimensional vectors of complex numbers, of NgW x r
complex matrices, and of NgW x NgW Hermitian matrices, respectively; ~, lim, o<, = A(:0),
and A(:,i: j) mean distributed as, limit, statistically equivalent, equal by definition, the i-th
column of A, and the columns of A between its i-th and j-th columns including its i-th and
j-th columns, respectively; Opxy, diag(-), (-)7, (-), and (-)* stand for an M x N zero ma-
trix, diagonal (block diagonal) matrix, transpose, Hermitian, and the Moore-Penrose inverse,

respectively; —, min(-,-), max(-,-), Pr{-}, tr(-), and €A n,w(K,X) denote approaches to,

minimum, maximum, the probability of, trace, and the circularly symmetric complex multi-

variate normal distribution with mean g € CMW>1 and covariance matrix £ € HVeW>NeW _
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W > 1 (NgW > 2), respectively; and >>, (-)*1, ®, and Iy (I NRW) implicate much greater than,

inverse, Kronecker product, and a W x W (NRW X NRW) identity matrix, respectively.

The tensor % € Cli*1XxIr jg an R-way array of size I, along its r-th mode. The r-mode
unfolding of % is denoted by [# ](,) € Clr¥IrerIrh--Ir-1 apd defined to be consistent with
(Haardt et al., 2008). The r-mode product of % and U, € C/~*I" is denoted as 2" = % x,
U, and defined through [27](,) = U,[#](, (Haardt et al., 2008; Getu et al., 2017). The r-
mode product of % and a tensor € € C/1>/2%->Jrx--XJk i5 denoted by and defined through

(Vasilescu & Terzopoulos, 2007; Getu et al., 2017)
@:@chg@[@](r):[%]r[g](r)v (5.1

where 2 € ClV¢ XXXl Xk and [, = J1Jo ... J,—1Jry1 ... Jg. Applying (5.1) recursively,
the 7-mode product among three tensors %, ¢, and o7 € CK1*Kax..xK>x.. XK g denoted by

and defined through
D =Y x,C %, I = [D]y) = [Z[Cl: [ ](r) (5.2)

where J, =K1K ... K,_1Kvi1 ... Kp, L =J1Js .. . Jr_1Jpp1 ... Jg, and @ € CI¥< XD X KXy XIR

For the set of N subsequent time snapshots in a measurement tensor % € C/1>*/2>-XIkxN “the

(CI] XD X..xXIgxIiIp...Ip

sample covariance tensor (SCT) @yy € is defined as

N

Ry = ]%, [@ XR1 @H}, (5.3)

where %! is the Hermitian of a tensor % defined with respect to (w.r.t.) its (R + 1)-mode
unfolding as [# " ] (R41) = ([#] (R +1))H. At last, the addition and subtraction between two

comformable tensors 2" and ¢ are denoted by and defined through

2 +% < [%:l:g/](r) = [:%-](r) + [@](r) 5.4)
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Figure 5.1 A baseband schematic depicting the /-th multi-path component of a
SIMO system suffering from RFI

5.2 System Model

Consider a SIMO system over a multi-path fading channel that may also suffer from an RFI as
depicted in Fig. 5.1. An SOI is transmitted by a single-antenna transmitter whose traversing
channel—w.r.t. the Ny receive antennas—is modeled by a finite-duration impulse response
filter (FIR) with L+ 1 taps. An RFI emitted by a nearby single-antenna transmitter that might
have also been received by the Ng antennas is considered. The corresponding RFI channel is
modeled by an FIR filter with L; + 1 taps. Meanwhile, we need to detect if an RFI impinges
on the SIMO reception of the SOI.

Concerning the aforementioned scenario, the RFI detection problem can be posed as a binary

hypothesis test given by

ih,s[k—z]+zlg,v[k—1]+z[k]  H
y[k] = ¢ =0 1=0

L (5.5)
Y hyslk— 1]+ z[K] : Ho,
=0
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where Hj and H; are hypotheses on the RFI absence and presence, respectively; y[k] € CMz
is the k-th sample multi-antenna received signal vector; s[k] is the k-th unknown and deter-
ministic symbol of the SOI; v[k] is the k-th unknown and deterministic symbol of the RFI;
h; = [hy,hyy, ... ,hNRl]T € CMr is the SOI channel gain vector for the /-th multi-path com-
ponent; g, = (817,825 gNRl]T € CM is the RFI channel gain vector for the /-th multi-path
component; and z[k] ~ €4 n,(0,621y,) is a zero mean circularly symmetric complex additive
white Gaussian noise (AWGN) for 62 being the unknown noise power. Moreover, we assume

that h;, g;, and z[k| are independent with each other.

5.3 Matrix-Based RFI Detection

5.3.1 Problem Formulation

Adopting the preliminary processing of (Getu et al., 2015b) and (Getu et al., 2017), we stack
the observations of the Nr antennas and W data windows into a highly structured vector w.r.t.

the m-th short-term interval (STI). Doing so by employing (5.5),

Y= (5.6)
Hs,, + 7z, : Hy,

where y,, € CN&V s, = [s[mW],s[mW —1],...,s[mW —W —L+1]]" e CW+L) v, = [v[mW],
vimW —1],... ,v[mW —W — L; +1]] TecW+L) H e CVeW = (W+L) g the SOT filtering matrix
defined through (Song et al., 2010a, eqs. (3) and (5)), and z,, ~ €A new (0,6 Inw) is the

W+Ly)

stacked multi-antenna noise vector. Moreover, G € CNrW x( is the RFI filtering matrix

structured as

T
G= [GIT,G?...,GK,R , (5.7)
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where G; € CW>*W+L1) is a banded Toeplitz matrix, made of the j-th antenna’s RFI impulse

AN T .
response g; = [gjo,---,&)L,] - given by

80 -+ &jL; 0 0
0 0 .- ; 0o ... O
e I (5.8)
_0 0 gjo - gle_
The horizontal concatenation of N STIs leads to a binary hypothesis test given by
HS+GV+Z :H
Y= (5.9

HS+Z 1H0,

where ¥ = [y(,y,,...,yy] € CVEWVXN S — s 55, ...,sy] € CWHLN YV = [y; vy, ... wp] €
CWHLOXN ‘and Z = (21,22, - .. ,zn] € CMeW >N Based on the hypothesis testing stated through

(5.9), the proposed MB-RD is discussed beneath.

5.3.2 Proposed Detection

Using (5.6), the sample covariance matrix (SCM) is computed as
R L& H 1 H NrW X NgW
Ry =5 ) vy =YY" €H . (5.10)
m=1

In order to proceed further, we consider these assumptions: i) the SCM has full rank, i.e., N >
max(W + L,W + L,); (ii) H and G have full column rank, i.e., NgW > max(W +L,W +L;);
and (iii) the window length is greater than both the SOI and RFI channel orders, i.e., W >
max(L,L;). Having employed these assumptions, MB-RD comprises the signal processing

described subsequently.
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First, the singular value decomposition (SVD) of Y is computed as
Y =UZLV", (5.11)

where r=W +Land £ = diag(ilzr,ir+1;NRW) forE., = diag(61,62,...,6,) and 2r+1:NRW =
diag(6y+1,6r12,--.,0n,w). Using (5.11), the SVD of the SCM—equated as fiyy S 753} /A

expressed as
U

N (XN ~ - Py Yo H
Ryy:U(W> UH: Ui, Ur+1:NRW]ZV s (5.12)

—

where U =0 =V, )i‘.:i‘.z/N, U, =00G1:7)cCY T and U, 1 nw = U, r+1:NgW) €
CNeWx(NeW=7) are the subspaces spanned by the eigenvectors corresponding to the largest r
eigenvalues and the smallest N¢W — r eigenvalues, respectively, and s = diag(f‘.l;r,ﬁrﬂ;NRw)
for £1., = diag(61,62,...,6,), £, 1:nvw = diag(6,11,6,12,...,6nw), and &1 > 6, > ... >

Snw- It shall be noted that ¥ and R,, span identical column space.

A projection matrix P,; which projects the received signal vector orthogonally onto the sub-
space spanned by the singular vectors corresponding to the r largest singular values is then

computed from U 1.7 as
2 N ~ At
Pu=Ingw —Ur, Uy, =UpngwU, v (5.13)

As U ., offers orthonormal columns, ﬁﬁrljl;r =1, and hence IAJT:V = (ﬁﬁrﬁl;r)’lflﬁr = IAJIK,.
Thus, f’nd = Inyw — U 1;,(7{2 can be used instead for the sake of low computational burden.
Using (5.13), the SCM projected orthogonal onto the subspace spanned by the singular vectors

corresponding to the r largest singular values is obtained as

A

1Y . .
RY = N Zl Poay(Puaym)"! = PraRyyPyy. (5.14)
m—=
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Computing the SVD of (5.14),

N

RV =0V =[O, U, 1w ]EVE, (5.15)

where rj =W +L,4, l}L” = l:](:7 1:r1) € CNeW>71 ig the subspace spanned by the singular vec-

tors corresponding to the largest r; singular values of ﬁg) , ﬁ i+ 1:NgW = ﬁ (:,r1+1:NgW), and

A A

Y= diag(Z‘.l;,l,E,lH;NRW) for 21;,»1 = diag(él s 62, ey 6r1), 2r1+1:NRW = diag(6,1+1 s 6,1+2, ey

5NRW), and 61 > 67> ... > 5NRW- Using U.,,, a projection matrix P is obtained as

P,=0,,U{, =007, . (5.16)

Having performed the aforementioned computations, it is now time to define the MB-RD test
statistic which is able to discriminate the RFI presence instance from the RFI absence instance.
To motivate the MB-RD test statistic, it shall be realized that (5.15) comprises a subspace
spanned by the non-dominant NgW — r singular vectors computed using (5.12). Concerning
this subspace, projection onto the subspace spanned by the r; dominant singular vectors is

performed via (5.16). Employing (5.14) and (5.16), the MB-RD test statistic is formulated as

TMB 2 V2 (P dkx))
Vi tr((INRW — pd)k)()l;))

: (5.17)

where (v1 , v2) = (2N ri,2N(NgW — ry )) are the degrees of freedom of the numerator and de-
nominator, respectively. By using (5.17), a decision rule is then formulated as
H,
™8 =1, (5.18)
Hy
where A is a decision threshold. Whenever TMB > A, H is detected, as also implied by the
linearity between the received signal samples and the joint CSI of the SOI and RFI. Otherwise,

Hj is detected. Meanwhile, MB-RD algorithm is summarized in Algorithm 5.1.
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Algorithm 5.1 MB-RD Algorithm

Input: {ym}lrzzl, A, r, r, vy, and Vo

Output: H; or Hy
1 Compute f(yy and its SVD using (5.10) and (5.12)
2 Compute f’nd using (5.13)

Compute R\ and its SVD using (5.14) and (5.15)
Compute Py using (5.16)

Compute TMB using (5.17)

if TMB > 2 detect H,;

else, detect Hy

N N R W

5.3.3 Equivalent Test Statistic

While recalling the Hermitianness and positive semi-definiteness of the SCM, i.e., U =V,

deploying (5.12) and (5.13) in (5.14)

. . . ~H
Ril;) =UrringwEr 18w U 1 ovew - (5.19)

From the positive semi-definiteness and Hermitianness of IAig), ﬁ = ‘Xf Thus, (5.15) leads to

I’é)()l;) = [ﬁlirl 0f1+15NRW]2[IA]1:r1 0r1+1:NRW]H- (5.20)
Equating (5.19) and (5.20),
ﬁl:rl :ﬁr—}—]:NRW(:)l :rl) (5213)
£ =diag(L1., Err1vew) = S rnew (5.21b)
0r1+1:NRW :0r+1:NRW(:7r1+1 :d), (5.21¢)

where d = NgW — r. From (5.21c), an additional assumption can be inferred, i.e., N¢W —r >

r1 + 1 or equivalently, N¢eW > r+r 4+ 1 =2W+L+L; + 1.
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To continue, substituting (5.21a) into (5.16),

2 N ~H
Pd:Ur+1:NRW(:71 :rl)Ur—i—l:NRW(:?l :rl). (522)

While deploying (5.21a)-(5.21c), substituting (5.20) and (5.22) into (5.17) leads to the equiva-
lence in (5.23).

A A

tr<ﬁr+1;NRw(l,l : rl)errl:NRW(l : r1,1 : rl)UH—]:NRW(:?l : r1)>

TMB .
- - ~H
tI‘<Ur+1;NRw(Z,I”1 +1: d)zr+1;NRw(r1 +1:d,r;+1: d)Ur+1:NRW(:7r1 +1: d))
(5.23)
Applying the property of trace and the orthonormal property of U, (5.23) simplifies to
r+r A
ZNRW 6 : '
i=r+r+1 -1

To minimize computational complexity, it is worth noting that MB-RD can be implemented

through (5.24).

5.4 Tensor-Based RFI Detection

5.4.1 Problem Formulation

To pursue a tensor-based formulation of the problem in (5.9), we assume that the received
multi-antenna signal samples are arranged in a tensor % diagrammed in Fig. 5.2—similar to
the arrangement of (Getu et al., 2015b). To continue, should [@ } (T3) be equal to Y expressed

in (5.9), the multi-linear equivalent of (5.9) is given by

%X3ST+gX3VT—|—ff :H;
agY — (5.25)

%X3ST+Q€ :H()a
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where 7, ¥, and 2 are the SOI filtering tensor, the RFI filtering tensor, and the noise tensor,
respectively. Note that .77 and ¢ are, respectively, constructed by aligning the banded Toeplitz

matrices {Hj}];’il and {Gj}l;fil as in Fig. 5.2, i.e., [%ﬂ}é) =H and |¥] (T3) =G.

e /e

% = " + @ G + P

Ng ' . Nk o Ng Nk

Figure 5.2 A multi-linear formulation from (5.9) under H; (Getu et al., 2015b)

In the subsequent algorithm development, we adopted the assumptions of Sec. 5.3.2 and Sec.
5.3.3. To define an equivalent tensor for the matrix ¥, = P,,Y, we define a projection tensor

@W] via its 3-mode unfolding as

~lnd T
{32[” q —P (5.26)
()

Using f@[nd}, a tensor whose 3-mode unfolding transpose spans the subspace spanned by the
singular vectors that correspond to the non-largest NgW — r singular values—computed in
(5.12)—is defined as

@, =" . (5.27)

Employing the definition in (5.1) and the equality in (5.26),

T o] T T e T R
v, =\ | =\ Y=»P,Y. (5.28)
(3) 3) 3) (3)
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Deploying (5.27), the respective SCT is computed as

~p) 1
Ry = N {@p X3 @l’;’] : (5.29)

To obtain the subspace spanned by the eigenvectors corresponding to the dominant eigenvalues

of [@ p} (T3) which is also spanned by the eigenvectors corresponding to the dominant eigenval-
ues of [@g)}é), the truncated higher-order SVD (HOSVD) of (5.27) is given by (Roemer

et al., 2014; Getu et al., 2017)
W, ~ I Ol G ol s ol (5.30)

where .11 € CN*2x7s ig the truncated core tensor—#; = min (NR, L+ 1) , 7, =min(W, NNg),
and 73 = min(N, rj)—and UL € ©/7n is a unitary matrix of the dominant singular vectors
of %yl n € {1,2,3} and [f1, /2, f3] = [Ng,W,N] (Getu et al., 2017, 2015b). Thus, since

N>r,ih=Wandr; =r.

The respective tensor-based (TB) estimator for the subspace spanned by the r| singular vectors
corresponding to the ry largest singular values—obtained in (5.15)—is defined as (Roemer

etal., 2014, eq. (17))

x

g;/[lzr]] _ y[l:rl] X f][llzrl] Xzﬁ[zlzrl} X3§'iil7 (5.31)

where f‘.l;rl = ):.‘.,H;NRW(l :r1,1:rp) is a normalization factor which has no impact on the
subspace estimation accuracy (Roemer et al., 2014). Underneath, being the result of the sim-
plification of (5.31), the relationship between TB and matrix-based (MB) subspace estimators
is stated.

1 L ]H

Proposition 2. For T, =o!ipl and ¢ € {1,2}, the TB and MB subspace estimators

are related as

e
S

~ T ~
|:?A/[1:V1}:| = (Tl (24 2) Liry - (5.32)
(3)
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Proof. Following the lines of (Roemer et al., 2014, Appendix A), Proposition 2 can be proved
for R = 2 by replacing [OZA/ M; [5{] é);ﬁls} with [02:/[11”]; [@p] (T3);§‘.1;r1]. A similar proof is

also reported in (Getu et al., 2015a, Appendix A). U

5.4.2 Proposed Detection

Note that TB and MB subspace estimators offer identical performance for Ng < (L; +1). When
Ng > (L; + 1), the TB estimator stated via (5.32) offers an improved estimate for the noise
is better filtered in its three modes rendering an improved noise suppression, unlike the MB
subspace estimator (Haardt et al., 2008, Appendix I). This better filtering is achieved through

the Kronecker projection matrix—f’l ® Tz—which would characterize a tensor 97172 as

N T - - -
{91,2} =T10T, =T, 1y, (5.33)

}H

where i’z = ﬁ [21:”][:] [21:” = Iy for 7/, = W all the time. To leverage the aforementioned

performance enhancement, we define a projection tensor P2l ¢ CNexWXNeW gefined via

B T - ~ ~
|:<A@[d]:| = (Tl ®IW)UI:V1 l’\]{—lr : (534)

We are now ready to define the TB-RD test statistic. Using (5.29) and (5.34), the TB-RD test

statistic is defined as

([P M@“)T )

™ a V2 Y1)
Y % X 1d] ~NT N\ (35
tr([(‘@m_ 7 > X3 Ay ](3))
The corresponding decision rule is then given by
H,
T 2. (5.36)
Hy
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Regarding (5.36), TB-RD decides in favor of H; provided that TTB > 4. Otherwise, it detects

Hyp. Meanwhile, TB-RD algorithm is summarized in Algorithm 5.2.

Algorithm 5.2 TB-RD Algorithm

Input: {ym}fzzl, A, r, i, vy, and vy
Output: H; or H,

) using (5.28) and (5.29)

2 Compute @1,2 using (5.33)
Compute U] using (5.34)
Compute T8 using (5.35)

if 778 > A, detect H,

else, detect Hy

1 Compute R

(= WY B )

In order to get further intuition about TB-RD, (5.35) is simplified and its result is stated in the

underneath lemma.

Lemma 3. The TB-RD statistic given by (5.35) simplifies to (5.37) and (5.38).

AT pp)
FB_ V2 tr([@ J3) yy) (5.37)
2 1T Z1d1 T\ pp) '
ia(([212]G) - [P9]1)RY)

A A

= A H
tr((Tl ®IW)U}”+12NRW<:71 : r1)2r+1;NRw(1 : 1’1,1 : rl)Ur—i-l:NRW(:?l : I’]))

X A A ~ H :
tl‘((Tl ®IW)Ur+1:NRW<:;rl +1 Id)zr+1;NRw(F1 +1:d,r1+1 :d)UrJrl:NRW(:,I’] +1 :d))

(5.38)

TTB

o<

Proof. Please refer to Appendix 1 under APPENDIX V.

Note that (5.38) can be deployed to implement the low-complexity version of TB-RD.
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5.5 Performance Analyses

In this section, the performance analyses of TB-RD and MB-RD are pursued. As the per-
formance of TB-RD and MB-RD, respectively, depends solely on (5.35) and (5.17), the re-
spective distributions are needed so as to derive the exact performance expressions. However,
such distributions tend to be mathematically intractable, especially for the test statistics ac-
commodating an impinging RFI with unknown distribution and highly time-variant channel.
To overcome such a possible intractability, we analyze the probability of RFI detection exhib-
ited by TB-RD and MB-RD for high signal-to-noise ratio (SNR) and interference-to-noise ratio
(INR) regimes. In other words, the corresponding detection performance is analyzed when the
perturbations get infinitesimally small. Moreover, the detection performance of TB-RD and

MB-RD is analytically compared for different scenarios.

5.5.1 Performance Analyses for the High SNR and INR Regimes

The high SNR and INR regimes are the manifestations of infinitesimally small perturbations.
For such perturbations, the first-order perturbation analysis is often a tool which is deployed to
assess the asymptotic performance of subspace-based algorithms (Ciuonzo et al., 2015; Roe-
mer et al., 2014; Liu et al., 2008). As TB-RD and MB-RD are also subspace-based algorithms,
the first-order perturbation analysis can also be employed so as to characterize their asymptotic
performance, especially for the high SNR and INR regimes. In the subsequent analyses, to

continue, quantization error is neglected so as to facilitate mathematical tractability.

To highlight the first-order perturbation analysis, we begin with the noiseless version ¥ =

[571,5:2, . ,S’N} whose SVD is computed as
Y =Uuzv” (5.39)

where U = [Uy; Uspinvgw], for F=r+r =2W +L+Ly, Uz =U(:;,1: F) € CNEW>*T de-
notes the true subspace jointly spanned by the SOI and the RFI (if any), Uy 1.y,w = U (:, 7+ 1:

NrW) € CNrW x (NgW =) represents the true noise subspace, and £ = diag(Zi.,,Z,41.n,w) for
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Y., = diag(oy,02,...,0:), Zrii:ngw = diag(0y41,0r42,...,070,0,...,0), and o] > 0y >
...> oz Note that Uy, =U(:,1:7) and U,p.nw = U(:,r+1: NgW) are the true sub-
space spanned by the r strongest signal and the true subspace jointly spanned by the remaining
signals and noise, respectively. When an AWGN contaminates each y,, Y is decomposed as in
(5.11) forU = [U, I~J;+1;NRW] = [lA]h; IAJ;H:NRW] and the corresponding parameters in (5.39)

are replaced by their respective estimates.

Comparing (5.39) and (5.11) via (Ciuonzo et al., 2015, eqgs. (18) and (20)) and noting that

A

U=U,

Ui;=U;+AU,; (5.40a)

A

Urii:ngw = Urp 1w + AUz 13w (5.40b)
where AU | .; = U;+1;NRWU‘;IH:NRWZVWZE;, for Vi =V(,1:F)and X =X(1:71:7),is
the perturbations in the joint SOI and RFI subspace, and AU 7 1.n,w = —U 1:7X. ;V{{FZH Uiii:ngw

is the perturbations in the noise subspace. Similarly,

A

Uriingw = Urprngw +AU 18w (5.41)

where AU 4 1:y,w = [AU 15,7+ 1 : 7), AUt 1:n,w] is the perturbations in the joint subspace
of the second r; strongest signals and noise. Observing (5.40a) and (5.40b), both AU ;.7 and
AU 1.N,w approach 0 as Z — 0. In other words, AU,y 1.ny,w — 0 as Z — 0. With these

analyses, the subsequent characterizations follow.

Theorem 7. Suppose P; = Pr{T"™® > A|H; } be the probability of RFI detection exhibited by

TB-RD. For A < o and 0 denoting Oy « (vgw—r)» lim P;=1.

AUy 1:npw—0

Proof. Please refer to Appendix 2 under APPENDIX V.
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Theorem 7 implicates that TB-RD perfectly detects an RFI whenever the perturbations become
infinitesimally small—correspondingly, when the SNR and INR are very high. Besides, it

inspires the underneath corollary.

Corollary 1. Suppose the probability of RFI detection manifested by MB-RD is given by
PPt =pPr{T™B > A|H }. For A <e, lim P/ =1.

AU 4 1:npw—0

Proof. From (5.23) and (5.38), TMB = 7TB| _ . Thus, replacing i"] @ Iw by In,w and
T\ @lw=Inyw

following the lines of Appendix 2 (under APPENDIX V), the result follows immediately. [

5.5.2 Comparison Between TB-RD and MB-RD

A comparison between the detection performance of MB-RD and TB-RD is stated beneath.

Theorem 8. For P, and P that are, respectively, exhibited by TB-RD and MB-RD,
o if Np < (Ll + 1), P, = P;lnat;

e if the received SOI or RFI, respectively, corresponds to the very high SNR and INR

regimes, P; = PI"™'; and

o if Np >> (Li + 1), NtW >> r+rq, and the exhibited SNR as well as INR are very
low—i.e., (Yonr, Yinr) = (0, 0), Py >> P,

Proof. Please see Appendix 3 under APPENDIX V.

It can be concluded from Theorem 8 that TB-RD offers no benefit in terms of performance
improvement whenever Ng < (L; + 1) which is in line with the fact that TB subspace estimators
offer no improvement w.r.t. their MB counterparts for Ng < (L; +1). For Ng >> (L; + 1) and
NgW >> r+ry, the TB subspace estimator offers significant performance improvement for
the low SNR and INR regimes, and sample starved settings. Such a performance improvement
gets significant when the number of receive antennas increases. Leveraging this improvement,

TB-RD renders a significant performance improvement for the low INR and SNR regimes
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whenever Ng >> (L; + 1) and NgW >> r+ry. For the high SNR and INR regimes, both the
TB and MB subspace estimators offer parameter estimates with high accuracy. Accordingly,
the improvement in detection performance provided by TB-RD vanishes and both detectors

manifest identical asymptotic performance, as characterized in Theorem 7 and Corollary 1.

Table 5.1 Simulation parameters
unless otherwise mentioned

Parameters Assigned value
(L,Ly,Py) (1,1,10W)
(NR; Yonr) (10,0dB)
(W,N) (10,24)
Number of realizations 10°

5.6 Simulation Results

This section assesses the performance of MB-RD and TB-RD using Monte-Carlo simulations.
Unless otherwise mentioned, these simulations use the parameters of Table 5.1. For a recep-
tion through a multi-path fading channel, the simulations consider the reception of a quadrature
phase shift keying (QPSK) modulated SOI which might be interfered also by a QPSK mod-
ulated RFI. Specifically, for {s},s¢} € {~1,1} x {—1,1} and {v},v¢} € {~1,1} x {~1,1},
we simulate the SOI and RFI as sk] = \/Py/2[s} + js2] and v[k] = \/P,/2[VL + jv€] for
P; and P, being the transmitted power of the SOI and RFI, respectively. Similar to (Getu
et al., 2018a) and without loss of generality, the SOI and RFI multi-path fading channels

are modeled by a zero mean complex AWGN with unit variance, i.e., [{hl}leo, { 8 120} ~

2
Hs
C N Np(0,In,). Moreover, the SNR and INR are defined—w.r.t. an STI—as ¥y, = %
R
2
and Y, = Newo? respectively.

MB-RD is simulated by comparing (5.17) with a decision threshold. Implemented on the basis
of Algorithm 5.2, TB-RD is simulated by comparing (5.37) with a decision threshold. While
computing (5.37), the corresponding matricization and tensorization operations are performed

using Tensorlab (Sorber et al., Jan. 2014). Throughout this section, the decision threshold ren-
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dering a false alarm rate (FAR) of 0.1 is obtained via Monte-Carlo simulations which average
over 10° independent channel realizations. To simulate the P; exhibited by different detectors,
we assume the reception of an SOI and an RFI over multi-path fading channels, as modeled
above, and their contamination by a complex AWGN. Whereas the simulation of Py mani-

fested by different detectors is conducted by assuming the reception of the SOI contaminated

by a complex AWGN.

Probability of RFI detection

01T —A— MB-RD: N =24, v,,, = 0dB
| —*— TB-RD: N =24, 7,,, =0dB
_010 -5 0 5 10
Yinr [dB]

Figure 5.3 P, versus ¥;,: Py =0.1 and 10* realizations

5.6.1 TB-RD versus MB-RD

Regarding the exhibited P, Figs. 5.3-5.5 showcase the performance comparison between TB-
RD and MB-RD. As seen in these plots, TB-RD visibly improves MB-RD, especially in the
detection of a weak RFI. The performance improvement is attributed to the fact that TB-RD
deploys a TB subspace estimator which filters the noise in three modes rendering an improved

noise suppression than its MB counterpart provided that Ng > L; + 1.
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Probability of RFI detection

01T —A_MB-RD: N =24, 7,,, — 2dB
| —+— TB-RD: N =24, +,, =2dB
S0 5 0 5 10
Yinr [dB]

Figure 5.4 P, versus ¥,: Pr=0.1 and 10* realizations

Comparing Figs. 5.3 and 5.4, it is demonstrated that the performance of TB-RD improves
w.r.t. Ysmr. This improvement is because of the fact that the quality of the RFI subspace es-
timation increases with the increment of 7, which, in turn, implicates the better excision of
the SOI executed through the first projection matrix. Moreover, Figs. 5.3-5.5 demonstrate that
the RFI detection performance of TB-RD and MB-RD increases w.r.t. Ng since the increment
in N improves the quality of the RFI subspace estimates and the tensor-based subspace es-
timator improves its matrix-based counterpart, respectively. Thus, it is corroborated via the
aforementioned plots that TB-RD significantly improves MB-RD, especially for the low INR
regimes. Such an improved detection of a weak RFI over multi-path fading channel is an
important phenomenon in mobile satellite communication systems (Arapoglou et al., 2011;
Maral & Bousquet, 2009). For high INR regimes, Figs. 5.3-5.5 corroborate that MB-RD and
TB-RD exhibit an identical performance—validating the second case of Theorem 8 proved in

Appendix 3 (under APPENDIX V).
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Figure 5.5 P, versus ¥,: Pr=0.1 and 10* realizations

5.6.2 Comparison with a Multi-Antenna Detector

Generalized likelihood ratio test (GLRT) is a popular multi-antenna blind detection technique
(Wang et al., 2010; Taherpour et al., 2010). To deploy it for an RFI detection and compare it
with the proposed TB-RD, we, first, assume the availability of H and project the received signal
toward the subspace orthogonal to the SOI subspace using the projection matrix P = In,w —
H(H"H)~'H". Second, we compute the projected SCM using the projected received signal.
Third, we compute the singular values of the projected SCM—which is both a Hermitian and
positive semi-definite matrix—that are also the eigenvalues of the SCM, as the SVD and the
EVD of a Hermitian matrix are identical. Fourth, using the computed eigenvalues, the blind
GLRT statistic (Wang et al., 2010, eq. (13)), (Taherpour et al., 2010, eq. (39)) is computed and

compared with a test threshold resulting in the desired FAR of 0.1.

Employing the aforementioned simulation setup for GLRT and the described simulation setup

of TB-RD, Fig. 5.6 depicts the RFI detection performance comparison of GLRT and TB-
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Probability of RFI detection

0.2
—&5— TB-RD: Ny =10, N =35, (L, L;) = (0, 0)
01p
—%— GLRT: Ny =10, N =35, (L, L) = (0, 0)
0
-10 -5 0 5 10

Yinr [dB]

Figure 5.6 P, versus ¥ur: Ysnr = 0dB, Py = 0.1, and 10*
realizations

RD. As observed for ¥, € {—10,—7} dB, TB-RD outperforms GLRT even though GLRT
assumes the perfect knowledge of H. Hence, regarding the detection of a weak RFI, TB-RD
also manifests an appealing detection performance which is important for an RFI excision in
radio astronomy and satellite communications, where the received line-of-sight signal often

happens to be under the noise floor (van der Tol & van der Veen, 2005).

5.6.3 FAR and Complementary Receiver Operating Characteristics (CROC) Curves

5.6.3.1 FAR Curves

The FAR exhibited by MB-RD is depicted through Figs. 5.7 and 5.8. As seen, the FAR
manifested by MB-RD increases with ¥;,,—regardless of the number of receive antennas—for

the increment in SNR is going to put the detector at a more ambiguity concerning the reception



123

—v— Monte-Carlo: N =24, v, =0dB
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Figure 5.7 Py versus A manifested by MB-RD

of an RFI. Moreover, w.r.t. a given A, the FAR exhibited by MB-RD also increases with Ng, as

larger Ng results in a larger value of the MB-RD test statistic.

Similarly, Figs. 5.9 and 5.10 showcase the FAR exhibited by TB-RD. Like MB-RD, the FAR
manifested by TB-RD increases with ¥, irrespective of the number of receive antennas. This
undesirable increment is because of the fact that the increment in SNR evokes more ambiguity
to TB-RD so that the additional SOI energy would be miss-detected as the reception of an
RFI. The value of the TB-RD test statistic in (5.37) increases with Ng rendering an increment
in the exhibited FAR w.r.t. a given A and an increase in Ng. At last, because Figs. 5.7-5.10
demonstrate a different FAR for a different SNR, neither MB-RD nor TB-RD is a constant
FAR (CFAR) detector w.r.t. Y-
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Figure 5.8 Py versus A manifested by MB-RD

5.6.3.2 CROC Curves

The CROC exhibited by MB-RD and TB-RD is showcased by Fig. 5.11, where a plot regarding
the probability of miss (P, )—simulated as P, = 1 — P;—versus Py is depicted. As seen in Fig.
5.11, TB-RD exhibits a smaller P,,—for a given Ps—than MB-RD for Ng € {5,10}. As Ng
increases from 5 to 10, it is also visible in Fig. 5.11 that the P, exhibited by TB-RD is much
smaller than the P, exhibited by MB-RD. In other words, for Ng = 10, the P; exhibited by TB-
RD is much greater than the P; exhibited by MB-RD. Accordingly, the third case of Theorem
8 is corroborated. Furthermore, the natural trade-off between B, and Py is demonstrated via

Fig. 5.11.

5.7 Conclusions

RFI is occurring in various RF operating systems as diverse as radio astronomy, microwave

radiometry, satellite communications, cognitive radios, ultra-wideband communications, and
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Figure 5.9 Py versus A exhibited by TB-RD

radar. The efficient excision of an RFI relies on an RFI detector which should also have a ro-
bust RFI detection capability for the detection of an RFI that might also be received through a
multi-path fading channel. Toward this end, having been inspired by the recent advancements
in tensor-based signal processing, this paper introduces the tensor-based RFI detection frame-
work to the research sub-field of RFI detection. In particular, this paper proposes matrix- and
tensor-based RFI detection algorithms for multi-antenna communications through a multi-path
fading channel. For the proposed algorithms, insightful asymptotic performance analyses—
that characterize the asymptotic behavior of the proposed detectors—have been reported. Sim-
ulations showcase the performance of the proposed detectors and validate the derived asymp-

totic characterizations of the proposed detectors.
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“If you dream it, you can do it.”—Walt Disney

Abstract—Radio frequency interference (RFI) is causing performance loss in microwave ra-
diometry, radio astronomy, and satellite communications. As the number of interferers in-
creases, the performance loss gets more severe and RFI excision becomes more difficult. In
this regard, this paper introduces the multi-linear algebra framework to the multi-interferer RFI
(MI-RFI) excision research by proposing a multi-linear subspace estimation and projection
(MLSEP) algorithm for single-input multiple-output (SIMO) systems suffering from MI-RFI.
Having employed smoothed observation windows, a smoothed MLSEP (s-MLSEP) algorithm,
which enhances MLSEP, is also proposed. MLSEP and s-MLSEP require the knowledge of
the number of interferers and their respective channel order. Accordingly, a novel smoothed
matrix-based joint number of interferers and channel order enumerator is proposed. Perfor-
mance analyses corroborate that both MLSEP and s-MLSEP can excise all interferers when
the perturbations get infinitesimally small. For such perturbations, the analyses also attest that
s-MLSEP exhibits a faster convergence to a zero excision error than MLSEP which, in turn,
converges faster than a subspace projection algorithm. Despite its slight complexity, simula-

tions and performance assessment on real-world data demonstrate that MLSEP outperforms
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projection-based RFI excision algorithms. Simulations also corroborate that s-MLSEP outper-

forms MLSEP as the smoothing factor gets smaller.

Index Terms—RFI excision, multi-linear subspace estimation, multi-linear projection, joint

enumeration, perturbation analysis.

6.1 Introduction

Radio frequency interference (RFI) is generally caused by out-of-band emissions by nearby
transmitters and harmonics, jammers, spoofers, and meaconers. For these emitters, RFI is
being prevalent in radio astronomy (van der Tol & van der Veen, 2005; Jeffs er al., 2005),
microwave radiometry (Guner et al., 2007; Misra et al., 2009), and global navigation satellite
systems (GNSS) (Borio et al., 2008). Moreover, RFI is evident in cognitive radio systems
for imperfect spectrum sensing (Getu et al., 2015a). Accordingly, the inevitable detection
and excision of RFI have inspired the development of spectral (Guner et al., 2007), tempo-
ral (Johnson & Ellingson, 2005), spectral-temporal (Borio et al., 2008), transformed domain-
based (Dovis et al., 2012), statistical (Ruf et al., 2006; Arribas et al., 2013a,b), and spatial
filtering-based (van der Tol & van der Veen, 2005; Jeffs et al., 2005) RFI detection and exci-

sion algorithms.

Spectral detection and excision algorithms such as cross-frequency blanking (Guner et al.,
2007) and the mitigation algorithm in (Chen et al., 2010) are proposed for microwave ra-
diometry applications. These algorithms typically deploy fast Fourier transforms (FFT) and
reconstructed interference, respectively, to mitigate RFI. Nevertheless, cross-frequency blank-
ing requires detection thresholds that, if set incorrectly, can degrade performance and (Chen
et al., 2010) is not suitable for wideband RFI mitigation. To continue to the temporal algo-
rithms, the popular asynchronous pulse blanking blanks the portion where the amplitude of the
signal exceeds a threshold with respect to (w.r.t.) the noise. However, its performance suffers

from the exploited heuristic threshold.



131

In many cases, an interfering signal may appear for a limited time and present a variable behav-
ior in frequency (Dovis et al., 2012). In such cases, a time-frequency representation such as a
spectrogram or Gabor expansion can make the RFI easier to identify and remove (Borio ef al.,
2008). In (Dovis et al., 2012), the RFI is estimated in the time-frequency domain and then sub-
tracted from the signal. Similarly, transformed domain-based algorithms employing Wavelet
and Karhunen—Loe¢ve transform, and bordered autocorrelation method are detailed in (Dovis
etal.,2012) and (Maccone, 2010), respectively. However, the algorithms in (Dovis et al., 2012)
are computationally complex and (Maccone, 2010) is not capable of unambiguously detecting

wideband signals, as reported in (Szumski, 2010).

Despite their benefits, both time-frequency and transformed-domain based algorithms suffer
from computational complexity and hence one may resort to statistical algorithms such as kur-
tosis detection (Ruf ez al., 2006). Kurtosis detection, which is compared with pulse detection
algorithm in (Misra et al., 2009), assumes non-Gaussian RFI. On the other hand, statistical
approaches which assume RFI with unknown statistics are proposed in (Arribas et al., 2013a)
and (Arribas et al., 2013b). In (Arribas et al., 2013a), the Neyman-Pearson detection theory
and the generalized likelihood ratio test are deployed to obtain a new GNSS detection algo-
rithm. Nonetheless, statistical detection and excision algorithms suffer from a computational

complexity resulting from non-linear operations.

The previously highlighted approaches are not only computationally complex but also prone to
RFI misdetection. At last, the signal processing practitioner may opt for spatial filtering tech-
niques such as subspace projection (SP) (van der Tol & van der Veen, 2005) and cross subspace
projection (CSP) (Jeffs et al., 2005). SP and CSP rely on the eigenvalue decomposition (EVD)
of the space-time autocorrelation matrix and the singular value decomposition (SVD) of the
space-time crosscorrelation matrix, respectively. These algorithms are the state-of-the-art for
excising RFI emitted by a relatively stationary interferer, especially for radio astronomy appli-
cations. Moreover, oblique projection beamforming (Hellbourg et al., 2012) is proposed for

cyclostationary RFI mitigation. Recently, a polynomial-augmented subspace projection (Lan-
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don et al., 2012) addressed low interference-to-noise ratio (INR), relatively rapid interference

motion, and correlated noise scenarios.

Recent advances have corroborated that tensor-based parameter estimators which deploy trun-
cated higher-order SVD (HOSVD) have outperformed their matrix-based counterparts (Roe-
mer, 2012; Roemer et al., 2014). Meanwhile, the congestion of licensed spectrum in both
satellite and terrestrial communications calls for efficient signal processing algorithms that
render efficient RFI excision. However, there is a lack of tensor-based efficient algorithms
for the excision of multi-interferer RFI (MI-RFI). Hence, this paper tackles this issue via the

enumerated contributions.

e The multi-linear subspace estimation and projection (MLSEP) algorithm is proposed for

efficient MI-RFI excision in single-input multiple-output (SIMO) systems.

e We study smoothed observation windows to enhance the performance of MLSEP at the

expense of computational complexity.

e Smoothed matrix-based joint number of interferers and channel order enumerator (SMB-

JoNICOE) is proposed.

e Novel asymptotic performance and convergence analyses are presented for MLSEP,

smoothed MLSEP (s-MLSEP), and SP.

e The complexity analysis of MLSEP, s-MLSEP, SP, and CSP is presented.

Following this introduction, Section 6.2 presents the notation and system model. Section 6.3
details the MLSEP followed by Section 6.4 which presents the s-MLSEP. Section 6.5 then
presents SMB-JoNICOE followed by performance and complexity analyses of Section 6.6.
Thereafter, simulation results and performance assessment on real-world data are reported in

Section 6.7 and Section 6.8, respectively. Finally, conclusions are drawn in Section 6.9.
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6.2 Notation and System Model

6.2.1 Notation

Throughout the paper, scalars, vectors, matrices, and tensors are denoted by italic letters, lower-
case boldface letters, uppercase boldface letters, and boldface calligraphic letters, respectively.
The notation ~, =, (3,4), [-,-], ||-|lr. ()T, (- ), Iz, Oprsens O, @, ()71, ()T, and (-)*" imply
distributed as, equivalence, the i-th column of a matrix, horizontal concatenation, Frobenius
norm, transposition, Hermitian transposition, an R X R identity matrix, an M x N zero matrix, a
zero tensor, Kronecker product, inverse, Moore-Penrose inverse, and the r-mode pseudoinverse
of a tensor, respectively. Moreover, vec(- ), unvec(- ), diag(- ), min(-,-), max(-,-), lim, E{-},
€N (-,), and U(-) denote vectorization, unvectorization, diagonal matrix, minimum, max-
imum, limit, expectation, complex (multivariate) normal distribution, and unit step function,

respectively.

The tensor o7 € Ch>2%*Ir j5 an R-way array of size I, along the r-th mode which is con-
sistent with (Lathauwer er al., 2000). The r-mode unfolding of </ is denoted by [</] (r) €
Cl-xlr1-Igli-lr—1 and defined as in (Lathauwer et al., 2000) and (Haardt ez al., 2008). More-
over, the r-rank of &/ is defined as the rank of [¢/],). The r-mode product of &/ and U, €
C/r*Iris denoted as % = o7 x .U, and defined through [#],) = U ,[</](,) (Haardt et al., 2008).

Similarly, the 7-mode product of .7 and a tensor ¢ € C/1>/2%--*Jrx--XJk i5 denoted by 2 =
A X, € € Clhox<xlr1xJrxlriix X1k and defined through (D))= €: (] for L =102 .. . T
Jri1...Jg (Vasilescu & Terzopoulos, 2007). Accordingly, the r-mode identity tensor .%, €
CIrJax xR ag well as the r-mode pseudoinverse tensor <7 7" are both defined to satisfy

(Vasilescu & Terzopoulos, 2007)
(;zfx,%“) 5, = and I, %, o = o, 6.1)

where [ ]y =[] ). [y = L=i 1 dpdray 1) Ir =Tt R ey, and T =

Ly Igly...1_.
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Atlast, diag(-), min(-), length(-), and zeros(-,-) are the MATLAB® functions.

Signal

nterference

YN
®

Figure 6.1 A baseband schematic depicting the /-th multi-path
component of a SIMO system suffering from interference emitted by Q
interferers

6.2.2 System Model

We consider a SIMO system with Ng receive antennas suffering from severe MI-RFI emitted
by Q independent single-antenna interferers as shown in Fig. 6.1. The signal of interest (SOI)
channel between the transmitter and each receive antenna pair is modeled as a finite-duration
impulse response (FIR) filter with L+ 1 taps. The SOI channel is assumed to be time-invariant
for a long-term interval (LTI). Similarly, the RFI channel between the i-th RFI transmitter and
each receive antenna pair is modeled as an FIR filter with L; + 1 taps. Meanwhile, the MI-
RFI channel is assumed to have a coherence time of Ngop + 1 times the coherence time of the
SOI—Ng0p being an arbitrary constant. The received baseband signal at time # is then given

b
Y L 0 L;
Zths@—lHZZs, filn—1)+z(n), 6.2)
[=0 i=11=0
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where {h;, gl(l)} € CMr are, respectively, the coefficients of the channel impulse responses cor-
responding to the /-th SOI and the i-th RFI’s /-th channel taps, s(n) denotes the unknown and
deterministic symbol emitted by the SOI transmitter at time n, f;(n) is the sampled i-th broad-
band RFI which is usually modeled as a zero mean circularly symmetric complex additive
white Gaussian noise (AWGN), and z(n) ~ €4 (0,06%Iy,) is a sampled circularly symmet-
ric complex AWGN. Furthermore, we assume that the O Gaussian RFIs and the AWGN are

independent.

6.3 MLSEP

MLSEP for MI-RFI excision comprises two phases. In the first phase, no SOI is transmitted
for a duration of one LTI—similar to (Subbaram & Abend, 1993)—in order to estimate the
projection tensor. One LTI is made of N short-term intervals (STIs). An STI has a duration
of WT, where T denotes the symbol duration. During each STI, W samples from every Ng
antennas are stacked. The horizontal concatenation of N stacked STIs forms a matrix. The
multi-linear equivalent of such a matrix is deployed to estimate the MI-RFI subspace tensor
using truncated HOSVD. Thereafter, the multi-linear projector is derived from the estimated

MI-RFI subspace tensor.

In the second phase, an SOI is transmitted from the second LTI onwards for Ngor LTIs and a

per LTI MI-RFI excision is executed.

6.3.1 Problem Setup

Stacking the observation vectors of the N receive antennas and W data windows into one

highly structured vector of size NgW x 1 w.r.t. the m-th STI gives

0
Ym=Hsu+ Y Gifp+2me CY, (6.3)
i=1
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where s, = [s(mW),...,s(mW —W — L+ 1)]T eCWHD) f. = [fi(mW),.... fi(mW —W —
L;+ 1)] T S C(W+Li), and z,, are the sampled SOI, i-th RFI, and a zero mean AWGN, respec-
tively. H € CNeWx(WHL) jg the SOI filtering matrix defined through (Song et al., 2010a, egs.
3) & (5). Gi=[G],...,Gly]" € CVNeWx(W+Li) s the i-th RFI filtering matrix for G;; €
CW*(W+Li) peing a banded Toeplitz matrix associated with the i-th RFI and the j-th receive
antenna’s impulse response g;;. g;; is defined as g;; e [g?j, e ,giLﬂT = [gij(to), . 8ij(to +

Lﬂ}ﬂ T, where £ is the time-of-arrival, and

L;

g?j e 8i 0O ... ... 0

0 g% ... gf 0 ... 0
Gy=| o (6.4)

0 Li

_O P 8ij - 8ij]

Meanwhile, expressing the summation in (6.3) as a matrix product gives

Y = Hsy+Gf,,+ 2z, € CNFV, (6.5)

where G = [G,G»,...,Gg| € CNRWXLE, (W) represents the MI-RFI filtering matrix and
F=[flm s Fom) T ¢ CEZ1(W+Li) denotes the MI-RFI vector. The horizontal concatenation
of (6.5) then renders

Y =HS+GF +Z  C"*W>¥, (6.6)

where § = [s1,...,8y], F = [FIT,...,F@T for F; = [fy,...,fiy] € CWHLN and Z =

[z1,...,2zn]. In the first LTI, no SOl is transmitted and the received signal becomes

Y, =GF+Z. 6.7)

In (6.7), GF and G span identical column space (Strang, 2003). However, the AWGN perturbs

the singular vectors that span the MI-RFI subspace. The estimated MI-RFI subspace denoted
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byU; e (CNRWX):igzl W+L) for NgW > Zinl (W 4+ L;), can be obtained from the SVD of (6.7) as

H L Opv_n
0d><r zn

v V.2, (6.8)

where r = Zinl (W—+L;),d=NgW —r, 3 = diag(61,...,6,), and 3, = diag(6r+1,- .., ONgw)-

W+ L%
Gy

Goy
G&3

Wil WLy :
ovR
W H, i Gy -
= + Gn ’ +
4 Nr Hs || Mr Gi3 | VR

Ging

Figure 6.2 Multi-linear formulation from (6.6)

6.3.2 Problem Formulation

If we obtain W samples from all antennas positioned vertically while presuming that the tem-
poral dimension moves horizontally, we will get an Ng x W matrix of samples per STI. During
an LTI, we will then have N such matrices. Should we align the number of STIs in the third
dimension, a three-way tensor of Ng x W x N samples has resulted during an LTI. This arrange-
ment maintains the inherent structure of the measurement data and inspires % € CNeXW*N o

model the received signal similar to (Song et al., 2010a). Should [?3/ ] (T3) be equal to Y in (6.6),
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the multi-linear equivalent of (6.6) becomes
Y =H 38 +9 <3 FT + 7, (6.9)

where # € CNe>XWx(W+L) ¢z ¢ CNexWxr and % are the SOI filtering tensor, the MI-RFI
filtering tensor, and the noise tensor, respectively. .7 and ¢ are constructed by aligning the
banded Toeplitz matrices H ; and G;; as in Fig. 6.2, i.e., [%]é) = H and [%](Tg)) = G. To ensure
the identifiability of the SOI and the MI-RFI subspaces (Getu et al., 2015b), S, F, [ ](3), and
(4] 3 are assumed to have a full row rank and W > max(L, L;). More precisely, N > (W + L),

N >r,NgW > W + L, and NgW > r.

6.3.2.1 MI-RFI Subspace Estimation

The subspace estimation is performed similarly to (Song et al., 2010a). In the first LTI, no SOI
transmission occurs and hence the truncated HOSVD of the received signal % ; =% x3 F Uy
would be (Roemer et al., 2014, eq. (16))

2~ 5", 00 <, 05 <3 07, (6.10)

] 1]

n

the dominant singular vectors of [#//],)—n € {1,2,3} and [d},d2,d3] = [Ng,W,N| (Roemer

where .7"" € C"1*"2%73 is the truncated core tensor and U,,’ € C4*"n is a unitary matrix of
et al.,2014). Similar to the considerations of (Getu et al., 2015b), r; = min(Ng, Y2 (Li+ 1)),
rp = min(W, NNg), and r3 = min (N , r). Accordingly, r, = W and r3 = r, since N > r. From
(6.10), the estimated MI-RFI subspace tensor w g

2014)

€ CNexWxr i defined as (Roemer ef al.,

A

" = s ol ol a8, 6.11)

. - o a—1 .
Here it is worth mentioning that the normalization factor ¥; —included for the sake of mathe-
matical analysis—has no impact on the MI-RFI subspace estimation accuracy. The columns of

T
l@ [I]] € CNeWX73 span the estimated MI-RFI subspace and inspire the underneath theorem.
(3)
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. 1T
Theorem 9. The tensor-based MI-RFI subspace estimator [% [1}] - and the matrix-based MI-

RFI subspace estimator U; are related by

T
{%m} = (T 1,)0, (6.12)
3

where TC = IA][ U

e

,ce{1,2}.
Proof. Following (Roemer et al., 2014, Theorem 1), Theorem 9 can be proved for R =2. [

If Ng < Y2 (Li+1), 1 = min(Ng, £, (Li+1)) = Ng, T1 = Iny, and To = Iy, for ry = W.
Asaresult, T 1® Tz = Iy, w renders identical estimates for the tensor- and the matrix-based MI-
RFI estimators. If Ng > Z,‘Q:1(Li +1), r; = min(Ng, ):inl(Li +1)) = Q"‘Z,Q:1Li~ In this case,
4 2 filters out the noise in its three different modes rendering an improved noise suppression,
unlike U; (Haardt et al., 2008, Appendix I). Accordingly, the tensor-based estimator offers a

better estimate than its matrix-based counterpart.

6.3.2.2 Multi-Linear Projection

]

5 1 - . .
For a perfect % [ , the multi-linear projector is stated below.

Theorem 10. For a perfect %/ "1 the multi-linear projector &2 € CNe*W>NeW \hich results in

a perfect excision of the MI-RFI is given by

+3
P =g5— %", (@m) , (6.13)

. — s [\ 13 . .
where .73 € CNeXW>XNeW g the 3-mode identity tensor, (% [ ]> is the 3-mode pseudoinverse
+

~ 3 ~
tensor, [ﬂﬂ 3) = In,w, and [(% U]>+ } = {%m} .
(3) (3)

Proof. ctf. Appendix 1 under APPENDIX VI.
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A .. S . .
However, % ] is imperfect and a perfect excision is impossible. To measure the resulting
excision error, we make use of a performance parameter named root mean square excision

error (RMSEE) which quantizes the root mean square MI-RFI excision error for an LTI as

RMSEE:\/E{H[Q 9]0y |7} (6.14)

We note that (6.14) is inspired by the fact that H [32 X3 ] (T3) H 7 = O under perfect excision.

The MLSEP routines which require the assumptions given at Section 6.3.2 are highlighted in
Algorithm 6.1. Once the MI-RFI excision is conducted for Ngoy LTIs, the overall algorithm

will be repeated for the subsequent MI-RFI excisions.

Algorithm 6.1 MLSEP Algorithm

Input: Y., Y, Ng, W, N, O, {L}2 |, Nsor

Output: RFI excised Y

r=Y2 (W+HL),ri =min(Ng, Y2 (Li+ 1)), n=W,n=1
% 1 =the tensorization of [Q/ 1} (3)= Y IT

Computation of %% g using (6.12)
Computation of & using (6.13)
repeat

% —=the tensorization of [@ } 3 = Y’
return [ x3 % | ’

3)
n<n+1
until n < Ngor;

N =

2

=]

-]

6.4 s-MLSEP

Smoothed observation windows are deployed to improve the performance of the proposed
channel estimation algorithm in (Song ef al., 2010a). The improvement is for smoothed obser-
vation windows result in an improved estimate of the signal subspace. Similarly, we exploit

smoothed observation windows exhibiting a smoothing factor 7 which denotes the number of



141

new samples in the next observed data window (Song ef al., 2010a). Consequently, we propose

the s-MLSEP algorithm.

6.4.1 Problem Setup

If n new samples are included in the subsequent STIs, the observation windows will overlap for
1 <n < W. To propose s-MLSEP, such overlapping windows are deployed for every antenna
as in (Song et al., 2010a, Fig. 6). For 1 <n < W and N* overlapping windows, the smoothed

version of (6.6) becomes
Y$ = HS* + GF* +Z° € CNeW>xNV", (6.15)

where 8° = [s},...,8)] for s}, = [s(W+ (m—1)n),....s(W+(m—1)n —W — L+ 1)]T €
CWHD, Fs=[F] ... ,FL T for Fis=[f,.... fiys] and £, = [fi(W+(m—1)n),.... f;(W+
(m—1)n —W—Li—f—l)}T € CW+L) and Z* is the smoothed AWGN.

Likewise, no SOI is transmitted in the first LTI. Thus, the smoothed received signal becomes
A S EAS SH
Y;=GF’'+Z°=UYYV (6.16)

where U’ = L4 ; U ,i] is the smoothed version of U, U }v € CNeWXr ig the estimated smoothed
MI-RFI subspace for NgW > r, V' = [V; V;] is the smoothed equivalent of V, and &’ =
diag(£,£,) is the smoothed equivalent of £.

6.4.2 Problem Formulation
Similar to the formulation of Section 6.3.2, the multi-linear equivalent of (6.15) is
WS = H x38T +G x3 FT + 5 e CNW>N°, (6.17)

The assumptions of Section 6.3.2 are then adopted to ensure the identifiability of subspaces.
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6.4.2.1 Smoothed MI-RFI Subspace Estimation

In the first LTI, the truncated HOSVD of the received signal tensor #; = ¥ x3 F sT 1 %5 can
be given as

5w W 3, U310 s o3, (6.18)

where .75l € C"1*73%73 is the truncated core tensor and U3 € €47 is a unitary matrix of
the dominant singular vectors of [#/7],,)—n € {1,2,3} and [d\,d,d3] = [Ng, W, N*]. Similar to
(Getu et al., 2015b), r} = min(Ng, Z,Q:1 (Li+1)),rs =W, and r§ = r for N* > r. The estimated

smoothed MI-RFI subspace tensor sl € CNexWxr is then defined as (Roemer et al., 2014)
WU = W5 O3 s, O3 < 2570 (6.19)

. T
Similar to Theorem 9, the smoothed tensor-based MI-RFI subspace estimator [02/ “m] ) €
CNeW>73 and the smoothed matrix-based MI-RFI subspace estimator U ; are related by

T
{@S[’]} = (T o130, (6.20)

A A A H . .
where Ti =U imU 2[1} , ¢ € {1,2}. Like the tensor-based MI-RFI subspace estimator, the
smoothed version offers a better estimate than its smoothed matrix-based counterpart whenever

Ng > Zinl (L; + 1). Otherwise, both provide identical estimates.

6.4.2.2 Smoothed Multi-Linear Projection

By extending Theorem 10 for a perfect W the smoothed multi-linear projector & €

CNrxWXNeW that renders a perfect excision is given by

+3
P = 75— sl g (@SV]) : 6.21)
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+

+3
whete [73] ) = Ingw and K@SM) }(3) - Pﬂm] 3)

Nonetheless, %5/ cannot be perfect and the resulting RMSEE is quantified by

T |12
s-RMSEE = \/IE{H 9] |} (6.22)
G)HF
Deploying smoothed equivalents in Algorithm 6.1, s-MLSEP routines can easily be adapted.

6.5 SMB-JoNICOE

To execute MLSEP and s-MLSEP as per Algorithm 6.1, r and r; should be initialized. As a
result, both the number of interferers and their respective channel order are required. Although
source enumeration (Lu & Zoubir, 2015) and channel order estimation (Via et al., 2006) are old
problems, joint estimation of the number of interferers and their respective channel order has
not been addressed. Meanwhile, the algorithm proposed in (Kotoulas et al., 2006) estimates the
number of sources of a multiple-input multiple-output system via the number of subsystems
that attain each channel order. However, it can’t identify the respective channel order of each

source and is complex in terms of the number of required SVDs.

Accordingly, we propose SMB-JoNICOE which employs the eigenvalues (EVs) of the smoothed
sample covariance matrix (s-SCM). SMB-JoNICOE merely deploys a single SVD and esti-
mates both the number of interferers and their respective channel order during the first LTI. To
do so, it executes iterative eigenvalue difference test and iterative eigenvalue comparison test

with adaptive thresholds.
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6.5.1 Problem Formulation

The population covariance matrix (PCM) is obtained by transmitting no SOI in the first LTI as
(Lu & Zoubir, 2015, eq. (2))

H
Ry =E{yy5, } = GRps nG™ + 6% Iy, (6.23)

where y;, is the smoothed version of y,, and Rpsps = E{f}, ff: } is the smoothed MI-RFI PCM
given by
Rysps = diag(clz,...,clz,azz, . .,022, . .,Gé,...,Gé), (6.24)

-~

W+L, terms W+L, terms WLy terms

where Giz is the power of the i-th broadband RFI and it is assumed that o1 > 0> > ... > 0p.
Employing (6.24) into (6.23), the first W + L; EVs are likely to be close to each other, so
do the second W + L, EVs, and so on. From theses numbers, we can estimate {L,-}iQ:1 and
Q. However, we can’t obtain the PCM, as infinite samples are required, and we resort to the

estimation of the s-SCM obtained as (Lu & Zoubir, 2015, eq. (5))

H H

P

A 1 ﬁYﬁSﬁs U

Ry = ]WYfY}H - o, (6.25)

1
N’
~ ~c Al
where A’ =328’ JN*, 11 > 1 >...>1.>...> Iyw are the distinct EVs of the s-SCM—when
N > NgW—and NrW — r of them are contributed by the AWGN. Using these EVs, the noise
EVs and the EVs of each interferer can be identified for the joint enumeration. Toward this

end, the SMB-JoNICOE algorithm is devised.

6.5.2 SMB-JoNICOE Algorithm

Detailed in Algorithm 6.2, this algorithm computes the SVD of Y; to obtain a vector A that
comprises the EVs of Y7 (lines 1-2). Having employed A, SMB-JoNICOE executes iterative
eigenvalue difference test which subtracts the minimum eigenvalue (EV) [;, from a given EV

so as to determine the noise EVs (lines 5-7). When the aforementioned test generates a value
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Algorithm 6.2 SMB-JoNICOE Algorithm

Input: Y;, Nz, W, N
Output: {L.(0 — i)}lQ:_Ol, 0

1 Set values for A, &; decomposition of Y7 as in (6.16)
- sast ~

2 A= diag(ESEs )/Ns; Iin = min(A)

3 repeat

4 A< EA; k= length(A)

5 repeat

6 | Fekkek—1

7 | until A(k) — Inin > IninA;

8 m+—k—W;c+0

9 repeat

10 if 7+ ¢ > length(A), then break

1 I < A(P+¢); O+ 0; L < zeros(1,100); k< F—1;m— k—W
12 repeat

13 =0

14 repeat

15 | T l+ 1k k-1

16 until A(k) > A(m) +1p & k> 1;
17 0+ 0+1

18 ifi—w > W, then break

19 LO)=T-W:m—m—W—-L(0)
20 until m < 1;

21 if m < 0, then break

22 c+—c+1

23 until m < 0;

24 if m < 0, then break

25 E+—E+1

26 until EA > 2;
27 return L(Q), L(Q—1), ..., L(2), L(1), 0

greater than the product of the initialized threshold A and /,;, (line 7), the algorithm would
preliminarily identify the noise EVs. Hereinafter, it considers the remaining EV's as the MI-RFI
EVs and conducts iterative eigenvalue comparison test so as to render a joint enumeration. In
this regard, the algorithm employs the EV that is immediately greater than the largest estimated

noise EV as a preliminary comparison threshold /iy, (line 11 for ¢ = 0).

SMB-JoNICOE commences an iterative eigenvalue comparison test by comparing the MI-RFI

EVs with an adaptive threshold. The adaptive threshold is preliminarily set to /y, plus the value
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of the W-th largest EV w.r.t. the smallest MI-RFI EV (lines 11 and 16 for ¢ = 0). Then, the
channel order of the first interferer would be estimated and the eigenvalue comparison test
would resume for the remaining interferes (lines 12-20 for ¢ = 0) provided that each estimated
channel order is less than W (line 18). If not, the loop would break and go for the smaller
comparison threshold by resetting all the estimated channel orders (lines 10-11 for ¢ > 0). By
the virtue of our assumptions, line 18 ensures that the estimated channel orders are less than W.
If the loop doesn’t break, the number of interferers will be estimated whenever there is a viable
channel order estimate for every interferer (lines 17 and 27). Whenever the iterative eigenvalue
comparison test resumes by descending W plus the estimated channel order values through A
(line 19), SMB-JoNICOE will make sure that the last largest EV under test is the closest to the
maximum EV (lines 21-24).

When iterative eigenvalue difference and iterative eigenvalue comparison tests satisfy all the
loop controls, the algorithm returns the number of interferers and their respective channel order

(line 27).

6.6 Performance and Complexity Analyses

This section presents the asymptotic performance and complexity analysis of MLSEP and s-

MLSEP, and the asymptotic convergence analysis of SP, MLSEP, and s-MLSEP.

6.6.1 Asymptotic Performance Analysis

This performance analysis makes use of the first-order perturbation analysis detailed in (Li
et al., 1993). To facilitate mathematical tractability, quantization error is neglected. Besides,
the contribution of the MI-RFI subspace to the perturbation of the singular vectors that span
the MI-RFI subspace is discarded unlike (Liu et al., 2008), since MLSEP relies on the overall

MI-RFI subspace rather than on individual basis vectors.
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To motivate perturbation analysis, we begin with Yo = GF decomposed as

L O0np

Yo=[U;U,] \ 740 (6.26)

Od><r 0d><(N7r)

Comparing (6.8) and (6.26), and exploiting the first-order perturbation expansion (Roemer

etal., 2014, eq. (20)), it is possible to deduce that
U =U;+AU;, AU =U,UZV,E !, (6.27)

where AU is the perturbations in the singular vectors that span the MI-RFI subspace. For

A ~ ~ H
N <¥2 (Li+1), T =070 =1y, and

[@m} = (INR®Iw)01:INRwlA]]:f]1. (6.28)
A3)
Inserting (6.27) into (6.28) then gives

T

T
[@ m] U+ [A@ [”] — U, +AU,. (6.29)
3) 3)

When Ny > Zinl(Li +1), T, + Iy, and (6.12) is simplified to

i1 AN PN ;
{% } :(U1 0 ®IW)U,. (6.30)

Following the perturbation analysis extended to the HOSVD-based subspace estimate in (Roe-
mer et al., 2014)
o) v +aull, (6.31)

1 _ gy Nyl .
where AU =U'U" [Z]\V{'E]"  (Roemer et al., 2014, eq. (23)). Substituting (6.31)

and (6.27) into (6.30), and omitting second-order terms afterward give (6.32).

Having exploited these analyses, the underneath theorem follows.
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T T T
[@ [’]] —U,+ [M} [’q , [Aﬁf/ m] AU+ UAU" @1y U+ (a0 o1y U,
3) (3) 3)
(6.32)
Theorem 11. RMSEE exhibited by MLSEP satisfies the condition
lim RMSEE = 0. (6.33)

AU;—0

Proof. ctf. Appendix 2 under APPENDIX VI

Theorem 11 has important implications though it is an asymptotic result. First, it implies that
the RMSEE = 0 axis is a tight lower bound at high INR. Second, it implies that MLSEP can
excise all interferers when the perturbations get infinitesimally small. Using the smoothed
versions of (6.28) and (6.32) in (6.22), and following Appendix 2 (under APPENDIX VI)
render

lim s-RMSEE = 0, (6.34)
AU—0

where AU is the smoothed version of AU;. Accordingly, s-MLSEP can also excise all inter-

ferers when the perturbations get infinitesimally small.

6.6.2 Asymptotic Convergence Analysis

Using the aforementioned analyses, the asymptotic convergence of SP and MLSEP is charac-

terized beneath.

Theorem 12. When Np > Zinl (Li+1), A(ljimoRMSEE converges to 0 for MLSEP faster than
I—
for SP.

Proof. ct. Appendix 3 under APPENDIX VI.
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Adopting similar derivations, Corollary 2 has resulted.

Corollary 2. Whenever 1 <n <W, Alljim o s-RMSEE converges to 0 faster than lim RMSEE.
=

AUI—)O

Proof. ct. Appendix 4 under APPENDIX VI.

Table 6.1 Comparison of the number of multiplications
of an MI-RFI excision using different algorithms and Ny
auxiliary antennas

Algorithms No. of required multiplications

SP (van der Tol & van der Veen, 2005) | N3r3 [2N + Ngr> + (1 + k;)r3]

CSP (Jeffs et al., 2005) NpNr3 [2N +kers + T — e + N

MLSEP kiraNgN (r1 +r2413) + Njr3(14+r3+N)
+Ngrar3(2rs + Nfrz + Ngr?) +N1%r1 + r%

s-MLSEP kiraNRN® (r1 + 2+ 1r3) +Ngrs (1 +r3 +N°)

=1 +Ngrars(2rs + Nfrz + Ngr?) +N1%r1 + rg

Table 6.2 Sample comparison of the number of
multiplications of an MI-RFI excision using different
algorithms and N auxiliary antennas

Algorithms No. of multiplications for N = 8, Nj = 6,
kk=10,N=60r =4,rn=5,and r3 = 18
SP (van der Tol & van der Veen, 2005) | 572800

CSP (Jefts et al., 2005) 475200
MLSEP 835333
s-MLSEP (n =1) 3761733

6.6.3 Complexity Analyses

In the sequel, the complexity of MLSEP, s-MLSEP, SP, and CSP is analyzed by assuming the
knowledge of ry, r;, and r3. In this analysis, orthogonal iteration (Golub & Van Loan, 2013)—
being an efficient SVD implementation—is exploited to implement SVD and EVD, i.e., the
EVD of A is analyzed as the SVD of A2,
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For an M x N matrix A truncated to rank r, computation of its SVD demands k,MNr multiplica-
tions for k; being a constant that depends on the design of the algorithm (Haardt et al., 2008).
Besides, MNK multiplications are carried out during the multiplication of A and an N x K
matrix B. Meanwhile, MLSEP requires the efficient implementation of three SVDs and addi-
tional multiplications as per (6.12). On top of that, extra multiplications are required for the
computation of the projection tensor given by (6.13) and the eventual MI-RFI excision. In the
computation of (6.13), the inverse operation is assumed to be implemented via a Gauss-Jordan

elimination.

Having resorted to the aforementioned computations, the complexity analysis of MLSEP, SP
(van der Tol & van der Veen, 2005), and CSP (Jeffs et al., 2005) is tabulated in Tables 6.1
and 6.2. Besides, the complexity of s-MLSEP is tabulated for a given 1 and hence N° =
Niot/N —W /N + 1, for Ny being the number of observed symbols per LTI. According to Tables
6.1 and 6.2, MLSEP and s-MLSEP entail a slightly higher complexity. However, significant

performance gain is leveraged by employing them, as demonstrated in Section 6.7.

Table 6.3 Simulation parameters
unless otherwise mentioned

Simulation parameters Assigned value
(L,L1,Lr,L3) (1,1,1,1)
(A B,E) (0.05,0.5,1)
Pre-excision SINR 0dB

Iy 0.17;
(N;elyNSOl) (6, 200 LTIS)
No. of channel realizations 1000

6.7 Simulation Results

The performance of the MI-RFI subspace estimators, SMB-JoNICOE, MLSEP, and s-MLSEP
is assessed via simulations which deploy the succeeding setup and simulation parameters of

Table 6.3, unless otherwise mentioned.
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During the first LTI and subsequent 200 LTIs, Q zero mean circularly symmetric complex
white Gaussian signals—as a broadband MI-RFI—and Gray-coded 4-QAM symbols—as an
SOIl—contaminated by Q zero mean circularly symmetric complex white Gaussian signals
are, respectively, transmitted over multi-path fading channels. To simulate the SOI and the i-th
RFI multi-path fading channels, (L+ 1)- and (L; 4 1)-ray multi-path continuous-time channels
are constructed synchronously using the raised cosine pulse shaping filter p,.(z,) exhibit-
ing a roll-off factor B as hj(t) = lL:()hlerc(t —IT;,B) and g;;(t) = Zf;ogfjp,c(t — Ty, B),
for {hi-,gfj} ~ €A (0,1), respectively (Song et al., 2010a). For H and {Gi}inl normalized
to a Frobenius norm of v/W, signal-to-interference-plus-noise ratio (SINR) in dB denoted as

Ysinr(P) for a projection matrix P and INR [dB] denoted as 7;,, are, respectively, defined for Q

interferers with identical power as

oy E{|[PHS|;}
Ysinr(P) = 10log g 3 5 (6.35a)
E{||PGF |} +E{||PZ|}
Ed||GF|*
Yinr = 1010g10{H—”F} (635b)

e{lizl;}

Average SINR gain [dB] is defined as zﬁ ZNSOI (}/Sin,(P) — Ysinr(1 NRW))- To assess the perfor-

n=1

mance of the MI-RFI subspace estimators, root mean square error (RMSE) is defined through

a per column subspace estimation error as in (Liu et al., 2008) and (Roemer et al., 2009).

RMSE = /E{||AU|[%}, (6.36)
H

2 0" (k) U (2, k

where AU (:,k) = U(:,k IA]H( KU (k)
T .
performance of SMB-JoNICOE is assessed via joint RMSE (J-RMSE) defined in (6.37), for

Specifically,

—U(:,k) and U is the true estimate. Similarly, the

AQ =0 —Q, AL; = L(i) — L;, and U (-) being a unit step function.

Implementation of Algorithm 6.1 simulates MLSEP whose average RMSEE is assessed by av-
eraging (6.14) over 200 LTIs. Having deployed the equivalent smoothed matrices and tensors,

s-MLSEP is simulated by adapting the aforementioned definitions and Algorithm 6.1. There-
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[N

(AL +(80) } +U (AQ)E{

(AL)2 + (AQ)Z}. (6.37)
i=1 i

e

J-RMSE = U(—AQ)IE{
1

after, its average RMSEE is assessed by averaging (6.22) over 200 LTIs. Meanwhile, Tensorlab
(Sorber et al., Jan. 2014) is deployed for our matricization and tensorization operations, and

all the performance assessments are reported subsequently.

RMSE

10| —e— TB-MSE: Np =4, Q =2
— 4 MB-MSE: Ny =4, Q=2
—46—TB-MSE: Np =8, Q =2
—=— MB-MSE: Nz =8, Q =2
—+— TB-MSE: Ny =12, Q =2
—v— MB-MSE: Np =12, Q =2 ‘ ‘ ‘
0 5 10 15 20 25 30 35 40
INR [dB]

107

Figure 6.3 RMSE for TB-MSE and MB-MSE: N, = 160,
W =28,N=20,and (01,0,) = (1,1) W

6.7.1 Performance Assessment of the MI-RFI Subspace Estimators

Monte-Carlo simulations for the tensor-based MI-RFI subspace estimator (TB-MSE) and the
T

matrix-based MI-RFI subspace estimator (MB-MSE) are conducted by employing {0?/ [1]}
(3)

and U, respectively, in (6.36) and deploying the aforementioned simulation setup. As cor-

roborated by Fig. 6.3, TB-MSE and MB-MSE have identical RMSE performance when Ng <
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SMB-MSE: N =12, Q=2,n=1
—— STB-MSE: Np =12, Q =2, n=5
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Figure 6.4 RMSE for TB-MSE, MB-MSE, STB-MSE, and
SMB-MSE: Nyt =250, W = 10, and (01,02) = (1,1) W

Zinl(Li + 1). Otherwise, TB-MSE outperforms MB-MSE, especially as Ng gets larger, for

A [ . . . . . .
w 2 renders an improved noise suppression by filtering the noise in three different modes.

Similarly, Monte-Carlo simulations for the smoothed tensor-based MI-RFI subspace estima-

tor (STB-MSE) and the smoothed matrix-based MI-RFI subspace estimator (SMB-MSE) are
T

performed as per the aforementioned simulation setup while employing [0?/ SU]] and U ;,
respectively, in (6.36). As demonstrated by Fig. 6.4, STB-MSE significantly imprg\)/es SMB-
MSE, especially for smaller values of 1. As expected, STB-MSE and SMB-MSE, respectively,
improve TB-MSE and MB-MSE whenever 11 < W. The smaller estimation errors are attributed
to the smoothing which provides more observation windows. For n = W, STB-MSE and SMB-

MSE overlap with TB-MSE and MB-MSE, respectively.
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Figure 6.5 J-RMSE for SMB-JoNICOE over 5000 iterations:
W =Nr= 8, n= 1, and (61,62) = (1,1) w

6.7.2 Performance Assessment of SMB-JoNICOE

Having deployed the aforementioned simulation setup and (6.37), the J-RMSE performance
of SMB-JoNICOE is simulated through Algorithm 6.2. As demonstrated by Figs. 6.5 & 6.6,
J-RMSE for SMB-JoNICOE decreases as the INR increases. It is evident that an MI-RFI with
stronger power will have a better joint estimate of the number of interferers and their respective
channel order. It is also evident from Fig. 6.6 that J-RMSE gets smaller, as Q gets smaller. For
an Ny which is not large enough, increasing the INR won’t help too much after some level of

INR—as depicted in Figs. 6.5 & 6.6.

6.7.3 Performance Assessment of MLSEP

By deploying the aforementioned simulation setup, the average RMSEE performance of MLSEP

1s simulated along with the respective performances of SP and CSP. Having taken the EVD of
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Figure 6.6 J-RMSE for SMB-JoNICOE over 5000 iterations:
W=Nrp=8n=1,and (61,0'2,63) = (1, I, 1) W

the space-time correlation matrix made of (6.3), the dominant eigenvectors are used for the
simulation of SP. On the other hand, (6.3) and its equivalent received via N low-gain auxiliary
antennas make the space-time crosscorrelation matrix whose SVD is exploited for the simula-
tion of CSP. Low-gain auxiliary antennas exhibit large sidelobes where interference is observed
at. Hence, any received weak interference would get strong. To simulate this phenomenon, we
deploy an o factor which renders high INR. Meanwhile, average RMSEE exhibited by SP and

CSP is simulated by averaging the matrix version of (6.14) over 200 LTIs.

6.7.3.1 Performance for Perfect {Ll-}l.Q:1 and Q

Fig. 6.7 demonstrates that MLSEP provides an INR gain of at least 5 dB, for ¥;,, > 10 dB and
Q = 2. This visible gain is attributed to the employed TB-MSE. Similarly, Fig. 6.8 demon-
strates a better average SINR gain for MLSEP which is also attributed to the TB-MSE. Mean-
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Figure 6.7 Average RMSEE for an MI-RFI excision using SP,
CSP, and MLSEP: N;ot = 300, W =5, N = 60, and o = 100. Note
that [1] and [2] represent (van der Tol & van der Veen, 2005) and
(Jeffs et al., 2005), respectively

while, it is evident from Fig. 6.8 that MLSEP performs close to the perfect excision algorithm

which assumes a perfect knowledge of the MI-RFI channel.

6.7.3.2 Performance with SMB-JoNICOE

As it is also observed in Figs. 6.9 & 6.10, MLSEP simulated with estimates produced by SMB-
JoNICOE improves SP and CSP. As the INR increases, MLSEP with SMB-JoNICOE performs
very close to the genie-aided MLSEP which requires the knowledge of {L,-}iQ:1 and Q. This
happens for SMB-JoNICOE produces estimates with high accuracy whenever the INR is high.
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Figure 6.8 Average SINR gain of MI-RFI excision using SP,
CSP, and MLSEP: N;ot = 300, W =5, N = 60, and o = 100. Note
that [1] and [2] represent (van der Tol & van der Veen, 2005) and
(Jeffs et al., 2005), respectively

6.7.4 Performance Assessment of s-MLSEP

6.7.4.1 Performance for Perfect {L,-}Z.Q:1 and Q

Having employed the aforementioned setup, the average RMSEE and average SINR gain per-
formances of s-MLSEP are plotted in Figs. 6.11 & 6.12, respectively. As it is evident from Fig.
6.11, s-MLSEP significantly improves MLSEP, as the smoothing factor gets smaller, despite
an increase in computation time. The significant improvement is attributed to the STB-MSE

which also renders an improvement in the average SINR gain depicted in Fig. 6.12.
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Figure 6.9 Average RMSEE for an MI-RFI excision using
MLSEP: N;ot = 800 and W = Ng = 8. Note that [1] and [2]
represent (van der Tol & van der Veen, 2005) and (Jeffs et al.,
2005), respectively

6.7.4.2 Performance with SMB-JoNICOE

For a similar reason to the ideal scenario discussed above, s-MLSEP simulated with estimates
of SMB-JoNICOE improves MLSEP simulated with SMB-JoNICOE—as demonstrated by
Figs. 6.13 & 6.14. Moreover, at high INR, s-MLSEP with SMB-JoNICOE performs very
close to the genie-aided s-MLSEP which requires the knowledge of {Ll-}l.Q:1 and Q, since SMB-
JoNICOE offers more precise estimates at high INR.

6.8 Performance Assessment on Real-World Data

To assess the MI-RFI excision on real-world data, we acquired real-time RFI contaminated
analog-to-digital converter (ADC) data sampled at 2048 MHz. The ADC data were received
by one of the antennas of the very large array (VLA) observatory (NRAO, 2017) and their
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Figure 6.10 Average SINR gain of MI-RFI excision using
MLSEP: Nyt = 800, W = Ng =8, and n = 1. Note that [1] and
[2] represent (van der Tol & van der Veen, 2005) and (Jeffs et al.,
2005), respectively

FFT is plotted in Figs. 6.15 & 6.16, where f = 0 Hz corresponds to a sky frequency of 3988
MHz and 10log;,|Y (f)| indicates the magnitude of the FFT in dB. As seen in Fig. 6.16,
there are four impinging RFIs from 102.8 MHz to 127.5 MHz. These frequencies plus the
aforementioned sky frequency implies that the RFIs are caused by satellites transmitting in the
downlink of a C band (Maral & Bousquet, 2009, Table 1.3). Meanwhile, it is assumed that the
aforementioned RFIs are received upon a line-of-sight propagation, i.e., {Li}?zl = 0, because
of the high directivity of the VLA antennas (NRAO, 2017) at this frequency and the received
MI-RFI power.

In order to perform the performance assessment, first, the four RFIs are extracted using Kaiser
window bandpass filters (Oppenheim & Schafer, 2010) and superimposed to generate the MI-
RFI for the first antenna. Second, the VLA data and the MI-RFI received at the remaining

(Ng — 1) antennas are generated by considering a uniform linear array incurring one-symbol
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Figure 6.12  Average SINR gain of MI-RFI excision using
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Figure 6.13  Average RMSEE performance of MLSEP and
s-MLSEP: Niot =800, W =Ngp =8,and n =1

delay between neighboring antennas. Next, a per LTI spatial filtering and MI-RFI excision are

executed using MLSEP, SP, and CSP, for [N, Yinr, Nr, N, W] = [800,20 dB, 10,6, 5].

The results of the MI-RFI excision using MLSEP, SP, and CSP are demonstrated in Figs. 6.17
& 6.18. Fig. 6.17 corroborates that the average residual MI-RFI power after MLSEP excision
is almost one-fourth of the average residual MI-RFI power after SP or CSP excision, since the
received power is proportional to the squared amplitude. Meanwhile, Fig. 6.18 showcases an
almost flat spectrum rendered by MLSEP along with the non-flat spectra of SP and CSP. This
implies the efficacy of MI-RFI excision using MLSEP, as also demonstrated by an approxi-
mately 10 dB excision of the MI-RFI spectrum. Moreover, Fig. 6.19 depicts the FFT of the
spatially filtered VLA data using MLSEP, SP, and CSP. It shows that both SP and CSP ren-
der an almost flat spectrum from 0 MHz to 130 MHz, unlike the spectrum of the VLA data.
On the contrary, the spectrum of the VLA data after the MI-RFI spatial filtering by MLSEP
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Figure 6.14 Average SINR gain performance of MLSEP and
s-MLSEP: Niot =800, W =Ngp =8,and n =1

produces a spectrum in the 0 MHz-130 MHz whose envelope almost follows that of the SOI,

while efficiently excising the MI-RFI.

6.9 Conclusions

This paper introduces the multi-linear algebra framework to the MI-RFI excision research. To
do so, TB-MSE, which provides a significant improvement in the estimation of the MI-RFI
subspace whenever Ng > ):inl (L; + 1), is deployed for the estimation of the MI-RFI subspace.
Thereafter, the multi-linear projector that renders perfect excision of the MI-RFI, for the per-
fectly estimated MI-RFI subspace tensor, is derived. However, perfect estimate of the MI-RFI
subspace tensor cannot be obtained and a performance parameter named RMSEE, which quan-
tizes the root mean square MI-RFI excision error, is used. The aforementioned multi-linear
estimation and projection produce MLSEP. Meanwhile, smoothed observation windows are

exploited to propose s-MLSEP which enhances MLSEP at the expense of computation time.
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Figure 6.15 The absolute value of the FFT of the VLA data

As MLSEP and s-MLSEP require the knowledge of the number of interferers and their respec-
tive channel order, a novel SMB-JoNICOE, which jointly enumerates the number of interfer-
ers and their respective channel order, is proposed. Performance analyses which employ the
first-order perturbation analysis corroborate that both MLSEP and s-MLSEP can excise all in-
terferers when the perturbations get infinitesimally small. For such perturbations, the analyses
also attest that s-MLSEP exhibits a faster convergence to a zero excision error than MLSEP
which, in turn, converges faster than SP. Furthermore, the complexity of MLSEP and s-MLSEP
is analyzed. Despite its complexity, Monte-Carlo simulations have corroborated that MLSEP
significantly improves the state-of-the-art projection-based algorithms. Moreover, smoothing
improves MLSEP at the price of computation time. At last, performance assessment on the
real-world data also corroborates that MLSEP outperforms the state-of-the-art projection-based

RFI excision algorithms.
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“Everything is interesting if you go into it deeply enough.”—Richard P. Feynman

Abstract—An F—test detector with a simple analytical false alarm threshold expression is con-
sidered an alternative to the blind detectors which exhibit complicated analytical expressions.
However, the existing F—test requires the channel state information (CSI) as prior knowledge
and is known to be sensitive to CSI estimation errors. In this paper, we present and evaluate
simple F—test based spectrum sensing techniques that do not require the knowledge of CSI
for multi-antenna cognitive radios. Exact and asymptotic analytical performance closed-form
expressions are derived for the presented detectors. Simulations assess the performance of the
presented detectors and validate the derived closed-form expressions. For an additive noise ex-
hibiting the same variance across multiple-antenna frontends, simulations also corroborate that
the presented detectors are constant false alarm rate (CFAR) detectors which are also robust

against noise uncertainty.

Index Terms—Cognitive radio, spectrum sensing, channel state information, F—test, CFAR

detectors.
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7.1 Introduction

Cognitive radio (CR) is a promising technology to alleviate the problem of spectrum scarcity
which is getting aggravated by an ever-increasing demand for higher data rates. To realize
such a radio, licensed spectrum sharing techniques such as spectrum underlay and spectrum
overlay have been proposed (Zhao & Sadler, 2007; Wang & Liu, 2011). In spectrum un-
derlay, a secondary user (SU) is allowed to transmit on the licensed band of a primary user
(PU) while respecting a PU’s interference threshold (Wang & Liu, 2011). In spectrum overlay,
SUs rather transmit after locating idle frequency bands, licensed to PUs, till a primary trans-
mission is conducted on them (Wang & Liu, 2011; Haykin, 2005). Such an idle frequency
band detection is called spectrum sensing and hence fundamental to CR based communica-
tion systems. As per the bandwidth of the signal to be detected, spectrum sensing techniques
can be narrowband or wideband (Sharma et al., 2015; Bogale et al., 2015; Sun et al., 2013;
Jayaweera, 2014). Depending on the adopted sampling rate, the wideband techniques can be
Nyquist based (Ali & Hamouda, 2017; Sun et al., 2013) or sub-Nyquist based (Donoho, 2006;
Venkataramani & Bresler, 2000). The Nyquist based wideband sensing techniques are based on
either fast Fourier transforms (Quan et al., 2009), Wavelets (Tian & Giannakis, 2006), or filter-
banks (Farhang-Boroujeny, 2008). The sub-Nyquist ones deploy either compressive sampling

(Donoho, 2006) or multi-coset sampling (Venkataramani & Bresler, 2000).

Delving into narrowband sensing, several narrowband spectrum sensing techniques have been
proposed to date (Wang & Liu, 2011; Axell ef al., 2012; Haykin et al., 2009; Ali & Hamouda,
2017; Sharma et al., 2015). The conventional ones are energy detection (ED) (Jayaweera,
2014; Digham et al., 2007; Sofotasios et al., 2013), matched filtering (Poor, 1994), feature-
based detection (Gardner, 1988), polarization detection (Guo et al., 2016), sample covariance
matrix (SCM) based algorithms (Kortun et al., 2012; Zeng & Liang, 2009b,a; Bianchi et al.,
2011), moment ratio detection (Bogale & Vandendorpe, 2013a), and max-min detection (Bo-
gale & Vandendorpe, 2014, 2013b). Nevertheless, ED relies on the known power spectral
density of the noise and exhibits a high sensitivity to noise uncertainty (Wang & Liu, 2011;

Axell et al., 2012) leading to a poor performance at low signal-to-noise ratio (SNR) regardless
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of the number of intercepted samples, as demonstrated via the SNR walls (Tandra & Sahai,
2008); matched filters suffer from intrinsic computational complexity; particular features need
to be introduced to deploy feature detectors in OFDM-based communications (Wang & Liu,
2011); polarization detectors are computationally complex and sensitive to estimation errors
(Guo et al., 2016); SCM-based techniques suffer from performance loss under sample-starved
settings—despite their blindness—and their asymptotic threshold differs considerably from the
exact value for finite sensors and samples (Kortun et al., 2012); moment ratio detection is com-
putationally complex and relies on the asymptotic Gaussian distribution; and max-min detector

suffers from huge computational complexity.

Apart from the highlighted conventional algorithms, some other algorithms such as Bartlett
estimate-based energy detection (Gismalla & Alsusa, 2012), a frequency domain eigenvalue-
based spectrum sensing algorithms (Yousif ez al., 2016), subband energy-based spectrum sens-
ing algorithm (Dikmese et al., 2016), energy detection spectrum sensing under RF imperfec-
tions and with multiple PUs (Boulogeorgos et al., 2016a,b), and robust estimator-correlator and
robust generalized likelihood detectors (Patel ef al., 2016) have been proposed. However, all
these important contributions are less attractive for practical CR applications since they rely on
the complex Gaussian distributed primary signal. On the other hand, unlike most of the afore-
mentioned multi-antenna techniques which presume an independent and identically distributed
(i.1.d.) noise samples, calibration uncertainties in the different antenna frontends are inevitable
rendering independent and non-identically distributed (i.ni.d.) noise samples. Such a scenario
was considered in (Leshem & van der Veen, 2001; Tugnait, 2012; Ramirez et al., 2011): by
assuming a Gaussian distributed received signal, a Hadamard ratio detector (HRD) was derived
in (Leshem & van der Veen, 2001); a spectrum sensing technique which deploys asymptotic
analysis of the discrete Fourier transform of the received multi-antenna signal—whose time
domain version is an HRD—is proposed in (Tugnait, 2012); and (Ramirez et al., 2011) devised
a generalized likelihood ratio test (GLRT) based technique by proposing an efficient alternating

minimization algorithm to compute its statistic.
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Recently, the F—test based spectrum sensing technique was proposed in (Huang & Chung,
2013a,b) and corroborated to be superior over an energy detector, a maximum-minimum eigen-
value (MME) detector, and a GLRT detector, especially at low SNR. While exhibiting a mod-
erate computational complexity, this detector is also robust against noise uncertainty and inde-
pendent of noise power. However, it requires prior knowledge of the channel state information
(CSI) between the primary transmitter and secondary receiver. Hence, it is susceptible to CSI

estimation errors.

Inspired by the performance of the F—test detector of (Huang & Chung, 2013a), this paper
presents modified versions of (Huang & Chung, 2013a) that do not require the knowledge of
CSI nor the noise power. For these F—test based techniques, this paper studies and evalu-
ates their performance analytically. Specifically, the respective contributions of this paper are
itemized below.
e Along with its performance analyses, a detector named F—test via singular value decom-
position (FT-v-SVD) is presented for a single-input multiple-output (SIMO) CR network

operating over flat fading channels.

e Apart from its performance analyses, a detector dubbed generalized FT-v-SVD (g-FT-v-
SVD) is presented for a multi-antenna spectrum sensing over frequency selective chan-

nels.

e The g-FT-v-SVD detector is generalized to accommodate a spectrum sensing over a

multiple-input multiple-output (MIMO) CR network.

e For both i.i.d. and i.ni.d. noise samples, the performance of the presented detectors
is assessed through Monte-Carlo simulations which also validate the derived analytical

expressions.

Following this introduction, Sec. 7.2 presents the notation and system model. Sec. 7.3 details
FT-v-SVD whose performance analyses are reported in Sec. 7.4. Sec. 7.5 details g-FT-v-
SVD and its performance analyses. Sec. 7.6 provides a computational complexity analysis of
different detectors. Sec. 7.7 reports the simulation results that inspire the paper conclusions

drawn in Sec. 7.8.
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7.2 Notation and System Model

7.2.1 Notation

Scalars, vectors, and matrices are denoted by italic letters, lower-case boldface letters, and
upper-case boldface letters, respectively; ~, n!, =, [-], =, <, and — mean distributed as,
n factorial, statistically equivalent, the ceiling function, is equivalent to, assignment, and ap-
proaches to, respectively; lim, max{-,-}, ||- ||, ()7, (¥, (-)7!, and (-)* imply limit, max-
imum, the Euclidean norm, transpose, Hermitian, inverse, and the Moore-Penrose inverse,
respectively; CM, CM>*N_ and HM*M denote the sets of M—dimensional vectors of complex
numbers, of M x N complex matrices, and of M x M Hermitian matrices, respectively; diag(-),
A(i, j), A2, j), A(s it ), Ing (Ingw ), and Opgy denote a diagonal matrix, the (i, j)-th element
of A, the j-th column of A, the columns of A between its i-th and j-th columns including its
i-th and j-th columns, an Ng x Ng (NgW x NgW) identity matrix, and an M X N zero ma-
trix, respectively; O(-), Pr{-}, E{-}, tr(-), and € .4 (U, L) represent the Landau notation, the
probability of, expectation, trace, and the circularly symmetric complex multivariate normal
distribution with mean g € CM and covariance matrix £ € HM*M (M > 2), respectively; 212,
Fy, v,s By, (A1), and Fy; |, (A1, A7) denote chi-square, the central F—distribution with (vy,V2)
degrees of freedom (DoF), the singly noncentral F—distribution with (v;,Vv,) DoF and a non-
centrality parameter (NCP) of A;, and the doubly noncentral F—distribution with (v;,Vv,) DoF
and NCPs of (A;,1;), respectively; and F(A;vi,v2), F~Y(A;vi,v2), F'(A;vi,v2]A;), and
F"(A;Vvi,v2|A1,42) denote the cumulative distribution function (CDF) of F,, v,, the inverse
CDF of Fy, y,, the CDF of Fy, ,, (1), and the CDF of Fy/ ,, (A1,42), respectively, evaluated at
A.

7.2.2 System Model

Consider a CR communication system made of a primary transmitter and a secondary receiver
with Ng antennas. First, the primary transmitter is assumed to have one antenna for simplicity;

but a generalization regarding a multi-antenna primary transmitter is given in Sec. 7.5.4. For
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an opportunistic transmission, the SU senses the licensed band through a frequency selective
channel modeled as a finite-duration impulse response filter with L+ 1 taps. Toward this end,

a binary hypothesis test is formulated on a primary signal detection as

L hyslk—1 k| :H
Sk = Yo hslk — 1]+ z[k] 1 1)
z[k] : Ho,

where Hy and H; are, respectively, hypotheses regarding the idleness and activeness of a PU,
y[k] € CMr is the k-th sample received signal vector, z[k] ~ € Ay, (0,X) is a zero mean cir-
cularly symmetric complex additive white Gaussian noise (AWGN) with £ € HV#>*Ne p; =
[h1, oy, - . . ,hNRl]T € CMz is the [-th multi-path fading component’s CSI vector assumed con-
stant during the primary signal interception, and s[k| is the k-th unknown and deterministic

primary symbol.

For i.i.d. noise samples with power 62, £ = 621, is considered. For i.ni.d. noise samples, we
suppose £ = GZINR + 02E, where E = diag(&;, &, . .., Eng)s € > 0and 1 <i < Ng, is an error
matrix accommodating the respective calibration uncertainties on the Ng antenna frontends.

For flat fading channels, moreover, we consider L = 0 and ho = h.

7.3 FT-v-SVD: Algorithm

The FT-v-SVD algorithm is detailed for a reception over flat fading channels under i.i.d. noise
samples. We also derive equivalent test statistics and discuss the effect of i.ni.d. noise samples

on the performance of FT-v-SVD.

7.3.1 The Formulated F-Test

In the presented spectrum sensing technique, the SCM IAny € CNr*NR jg, first, computed using

(7.1) as

2 1 ¥ loon
Ry, = N Z =Yre, (7.2)
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where N is the number of intercepted per-antenna samples and ¥ = [y[1],y[2],...,¥[N]] €
CNr*N Second, the SVD of the SCM is computed by using (7.2) as

R,=ULV" =[0,0,2V", (7.3)

where £ = diag(61,62,...,06n,), for 61 > 65... > 6y, being the singular values, U, = U(:
,1) € CMR is the estimated subspace spanned by the singular vector corresponding to the largest
singular value, and U,= ﬁ(:,2 :Ng) € CNex(Nk=1) Third, a projection matrix P € CNrxNr jg
computed from U as

=00, , (7.4)
where UPU = 1 is exploited in U] = (URU,)~'UY, as U, is an orthonormal vector.

Fourth, a decision statistic 7 which is based on the F—test is formed to verify the existence
of a linear relationship between the received signal samples and the received primary signal.
Following (Huang & Chung, 2013a, eq. (5)) and using (7.4), the FT-v-SVD test statistic and
the corresponding decision rule are formulated as

%) tr(f’sfiyy)

e~ 2
Vi tr((In, — Ps)Ryy)

A, (7.5)

IAIVE

where A is the decision threshold and (v, v») = (2N,2N(Ng — 1)) are the DoF of the numerator

and denominator, respectively.

Remark 6. Unlike (Huang & Chung, 2013a, eq. (5)), (7.5) is independent of the knowledge

of the CSI between the primary transmitter and the secondary receiver.
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7.3.2 Equivalent Test Statistics

This subsection derives test statistics that are statistically equivalent with the formulated F—test
statistic. Substituting (7.2) and (7.4) into (7.5) renders

(a) tr(61 05‘7

T=(Ng—1) , (7.6)

where (a) follows from the fact that U sf] ?IAJ s = U s and U ?IAJ n= 01><(NR71) for the columns
and rows of U are orthonormal (Horn & Johnson, 2013, Thm. 2.1.4). Because the SCM is

a Hermitian as well as a positive semi-definite matrix, its eigenvalue decomposition and SVD

are identical. Hence, U= V, ﬁs = VS, and ﬁ,, = Vn. As a result,

A~ H W o~ o H
1= (v 1) | 20T @ oD .7
w(U,X.U,) u(U,U,L,)

where (b) follows for tr(AB) = tr(BA) (Magnus & Neudecker, 2007). From the orthonormal
property of U, tr(IAJSIAJ?) = ||U,|]* =1 and ﬁnHﬁn = I(y,—1). Accordingly, tr(ﬁff]ni‘.n) =
tr(£,) = L, 6; and

(7.8)

Remark 7. To reduce the computational complexity of the FT-v-SVD algorithm, it can also be

implemented via (7.8) as an eigenvalue detector.

As ZNRZ 6; = ):f]:RI 6; — 61, the test statistic can also be further simplified to

i=

A ~ Nr ~
O] _ 61/ L% 6 Y
Np - A A Np ~
Zi:RIO'i—O'l l—Gl/Zi:RlG,' 1_y

T , (7.9)

where y = 61/Z§\§] 6; and 1/Ng <y <1 (Wang et al., 2010, Appendix II). Note that (7.9)

increases monotonically over y € (1/Ng, 1). Consequently, the test statistic simplifies to

A

(9]

N
Zl’:Rl O;

T =<

(7.10)
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Remark 8. As the singular values and the eigenvalues of the SCM are identical, (7.10) and
the blind GLRT statistic (Wang et al., 2010, eq. (13)), (Taherpour et al., 2010, eq. (39)) are

identical.

7.3.3 Impact of i.ni.d. Noise Samples on FT-v-SVD

As the F—test is derived from a likelihood ratio test under i.i.d. noise samples (Seber, 2003, Ch.
4), this detector implicitly exploits the assumption that the noises in the different antenna fron-
tends are i.i.d.. Nonetheless, calibration uncertainties are unavoidable rendering noises with
unequal variance in the different antenna frontends (Leshem & van der Veen, 2001; Ramirez
etal., 2011). As elucidated in Sec. 7.4.3, i.ni.d. noise samples incur performance loss, espe-

cially for low to medium SNRs.

7.4 Performance Analyses of FT-v-SVD

7.4.1 Exact Performance Analyses: i.i.d. Noise Samples

For Hy, plugging (7.1) into (7.2) and, in turn, into (7.5) give

vy Fi|H,
T|H, = 2207 711
|H, v Bl (7.11)
. N H » N N H N
where F1|H) = Y (hs[k]+z[k])" Ps(hs[k]+z[k]), F2|Hy =Y (hs[k]+z[k])" (In, — Py) (hs[k] +
k=1 k=1

z[k]), and z[k] ~ € A3, (0,6°1y,). As T|H is the ratio of two independent and scaled non-

central y’—distributed random variables (RVs), T|H; ~ F‘ﬁ’l’VZ(/”Lf_I h lgl ") (Johnson et al., 1995,
5 2 5 2

Ch. 30) for (A", 2,") = Z Y0, (|[Pshslk]||”, || (Ing — Ps)hs[K]|| 7).

Similarly, the test statistic under Hy becomes

T|Hy= ———, (7.12)
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N
where Fi|Hy = Z 21 [k]|Pyz[k] and F5|Hy = Z 2 [k)(In, — Py)z[k]. The right-hand side of

(7.12) is a ratio of two independent and scaled X —dlstrlbuted RVs. Thus, T'|Hy ~ Fy, v, (John-
son et al., 1995, Ch. 27). Hereinafter, the exact expressions for the probability of detection—

denoted by P;—and the probability of false alarm—denoted by Pr—are derived.

7.4.1.1 The Probability of False Alarm and Test Threshold

The exact Py = Pr{T > A|Hy} = Pr{T|Hy > A} exhibited by FT-v-SVD is obtained as
Pr=1-Pr{T|Hy <A} =1—-F(A;vi,v). (7.13)

For a given A, vy, and v,, the false alarm rate (FAR) of FT-v-SVD, regardless of the noise
power, is given by (7.13). Accordingly, FT-v-SVD is a constant false alarm rate (CFAR) de-
tector under i.i.d. noise samples. From (7.13), meanwhile, the test threshold rendering a target

Pr=oisgivenby A = F 1 (1—a; v, v2).
7.4.1.2 The Probability of Detection
The exact P, for a given A is computed as
Py=Pr{T > A|H\} =Pr{T|H >4} =1-Pr{T|H < A}. (7.14)
Since T|H; ~ Fy, ,, (lfql,/lHl) (7.14) simplifies to
Py=1-F"(A;vi,vo| A" 251). (7.15)

As the function that computes Fy, ,, (A1,A2) is unavailable in a well-known software such as
MATLAB®, we approximate Fy; |, (A1,42) by Fy, v, through the approximation of the non-

central y°—distributions by the central y>—distributions (Johnson et al., 1995). Therefore, em-
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ploying (Johnson et al., 1995, eq. (30.54)),

1+ A v !
LA (7.16)

B (R, do) = 1+ AV
2

where v = (v; +41)%(vi +224;) ! and v/ = (v2 + A2)?(v2 +24;) L. Using the CDF relation-
ship (Bertsekas & Tsitsiklis, 2008, p. 206),

F" (Asvi,vo | M 51 = F (A B B, (7.17)

where A'= (1 241v5 A/ (1 A1), B = (v 402 2000 and B = (v 4

/IZH N2(vy + 27LZH ")~1. Note that (7.17) can be used for numerical assessments.

7.4.2 Asymptotic Performance Analyses: i.i.d. Noise Samples

The subsequent asymptotic performance analyses make use of the first-order perturbation anal-
ysis and the estimation theory of a population covariance matrix (PCM). The first-order per-
turbation analysis is mainly used as a performance analysis tool for subspace-based algorithms
(Ciuonzo et al., 2015; Roemer et al., 2014; Liu et al., 2008). Accordingly, it is deployed here to
assess the asymptotic performance of FT-v-SVD. To facilitate mathematical tractability, quan-

tization error is assumed negligible.

To motivate the first-order perturbation analysis under Hj, the noiseless SCM is defined as

Rﬁg) = & XN YKy K] ‘ {z[k]}N » and decomposed as
k=1

RY =UEVH = (U, U,JE[V, V¥, (7.18)

where £ =diag(07,0,...,0), for¥, =01, U; =U(:, 1) is the perfectly estimated primary signal
subspace, and U,, = U(:,2 : Ng). Comparing (7.3) and (7.18) via the first-order perturbation
analysis (Ciuonzo et al., 2015, egs. (18) and (20)),

A

U,=U,+AU,;U,=U,+AU,, (7.19)
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where AU, = U, U? ZVSZS_l is the perturbations in the primary signal subspace whereas
AU, =-U,Z;'VH#Z" U, s the perturbations in the noise subspace for Z=N"1Y¥_ (hs[k]z"[k]
+ z[k]s™ [k + 2[k|2" [k])—z[k] ~ € N3 (0,62 L,).

Using (7.19), the projection matrix is also given by

A

P, = (U, +AU,)(Us+AUy) ™. (7.20)

By utilizing (7.19) and (7.20) in (7.3) and (7.5), the asymptotic P; and Py are characterized

subsequently.

7.4.2.1 Asymptotic Probability of Detection

The asymptotic P; exhibited by FT-v-SVD is characterized beneath.

Proposition 3. For A < e and 0 implying Oy, 1, lim P;=1.
AU ;—0
Proof. Please refer to Appendix 1 under APPENDIX VII.

Proposition 3 corroborates that FT-v-SVD detects a primary signal perfectly when the pertur-
bations get infinitesimally small. In other words, this detector is certain in detecting an active

PU, as the respective SNR gets larger.

For infinitely large sample size, the estimation theory of a PCM asserts that the SCM per-
fectly approximates the PCM. To this end, the asymptotic P;—with respect to (w.r.t.) N—is

characterized by the following proposition.

Proposition 4.

lim Py =1 —F'(A; vy, v | A1), (7.21)
N—oc0
where A1 = lim — o Z || As(k H FA > (Ng— D, for 722, = NﬁooN Z H H being

the average SNR over an 1nﬁn1te duration, then ]&im P, =0.
—o0
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Proof. Please refer to Appendix 2 under APPENDIX VII.

7.4.2.2 Asymptotic Probability of False Alarm

Similarly, the estimation theory of a PCM is deployed to characterize the exhibited asymptotic

Py stated beneath.

Lemma4. If A >0, lim Py =0.
N—oo

Proof. Please see Appendix 3 under APPENDIX VII.

Remark 9. As N — o, FT-v-SVD exhibits a null probability of false alarm.

7.4.3 Asymptotic Performance Analyses: i.ni.d. Noise Samples

Proposition 5. If P}lid and P‘ilnid, respectively, denote the probability of detection under i.i.d.
and i.ni.d. noise samples, Al}im pid > Al,im Pinid whenever o’tr(E) > 0. If 6*tr(E) = 0, on the
—>00 —»00
other hand, lim P4 = lim PiMd,
N—oo

N—o0

Proof. Please see Appendix 4 under APPENDIX VII.

Note that the i.i.d. and i.ni.d. cases render the same performance whenever ¢>tr (E ) =0. In
case of calibration errors, 2tr (E ) = 0if and only if 6% = 0. Accordingly, both i.i.d. and i.ni.d.
cases exhibit identical performance at high SNR which approximately implicates a zero noise

covariance matrix.

7.5 g-FT-v-SVD: Algorithms and Performance Analyses

7.5.1 Detector for SIMO Systems

From (7.1), stacking the observations of the secondary antennas into a highly structured vector

w.r.t. the m-th short-term interval (STI) made of W symbol durations gives (Getu et al., 2017,
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Song et al., 2010a)

Hs,+z, :H

Yo = (7.22)

Zm : Ho,
where y,, € CV®W s, = [s[mW],s[mW —1],... s[mW —W — L+ IHT e CW+D) and gz, ~
E New (0,62 Iy,w). Meanwhile, H = [HIT,Hg, . ,H]{,R} ! € CNeWx(W+L) ig the secondary
filtering matrix for H; € CWx(W+L) being a banded Toeplitz matrix—made of the j-th an-
tenna’s impulse response h; = [h 050 jL] T _defined as in (Song et al., 2010a, eq. (5)) for
hi=h',ie{0,1,....L}.

The SCM ﬁyy € CNeWxNeW and its SVD can then be computed as

N
mZ y,yi= ]TVYY (7.23a)

| —

VA = (0,0,)50", (7.23b)

Il
(i}

where N denotes the number of intercepted STIs, ¥ = [y, y,,...,¥5] € CVeWN {1 = f](:, 1

r) € CNeW>7 i the estimated subspace spanned by the eigenvectors corresponding to the largest
r =W + L eigenvalues, U,= ﬁ(:, r+1:NgW) € CNeWx(NeW=r) “and o diag(61,6, ..., Gnew)
for {51'}5'\31“/ being the singular values. Note that U s 1s a primary signal subspace estimator un-
der H;. To identify the primary signal subspace under H;, we make the following assumptions:
the SCM is full rank, i.e., N > (W + L) (Getu et al., 2017); H has a full column rank, i.e.,
NgRW > (W 4 L); and the window length is greater than the secondary channel order, i.e.,

W > L. The corresponding projection matrix Py € CNEW*NeW s then defined as

"g)t

~ 0,0 =0,0". (7.24)

Using (7.23a) and (7.24), the g-FT-v-SVD test statistic and decision rule are formulated as

=2, (7.25)
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where (V1,V,) = (2Nr,2N(NgW —r)) are the respective DoF and 2. is the decision threshold.
Substituting (7.23b) and (7.24) into (7.25), and adopting the simplifications of (7.6)—(7.8),

NgRW —r Z;:l 61‘ Z{:l 61’

o<
NRW  x NgW %
r Zi:r+1 Oi Zi:r+1 0;

T =

. (7.26)

Following the highlighted processing, the g-FT-v-SVD algorithm is summarized in Algorithm
7.1.

Algorithm 7.1 g-FT-v-SVD Algorithm

Input: {yl’H}fizl’ A, V1, and ¥,
Output: H, or Hy
1 Stack the observations through (7.22) and obtain y,,
2 Compute f?yy and U, using (7.23a) and (7.23b), respectively
Compute P, using (7.24)
Compute T using (7.25)
it T > i, Hj is true
else, Hy is true

S i AW

7.5.2 Performance Analyses

Based on the performance analyses of FT-v-SVD, g-FT-v-SVD is analyzed below.

Theorem 13. The exact Py = Pr{T > A|H,} = Pr{T|H; > A} and P; = Pr{T > A |Hy} =
Pr{T|Hy > .} exhibited by g-FT-v-SVD are given by

Py=1-F" (Lo, w4 A50) (7.27a)

Pr=1-F(A;¥1,™), (7.27b)

where 1" = 2 YN _ ||PHs,|* and 4,7 = S YN ||(Inew — Py)Hsl >
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Proof. Following (7.11) and (7.15), replacing (7.22) under H; into (7.23a) and, in turn, into
(7.25) render (7.27a). Following (7.12) and (7.13), adopting the same substitutions gives
(7.270). O

Regardless of the power of the contaminating AWGN, the FAR manifested by g-FT-v-SVD is
given by (7.27b). Hence, g-FT-v-SVD is also a CFAR detector under i.i.d. noise samples. From
(7.27b), the target threshold rendering a target Py = @ is obtained as 1 = F~! (1 — &; ¥, 7).

Meanwhile, the asymptotic behavior of g-FT-v-SVD is characterized beneath.

Proposition 6. For 0 denoting On,w -, the asymptotic P; and Py exhibited by g-FT-v-SVD are

characterized through

lim P;=1 (7.28a)
AU;—0

lim Py =1—F'(A; ¥, |AM) (7.28b)

N—roo

lim Py =0, (7.28¢)

N—oo

2 i F o . ) . .
, AU is the perturbations in the primary signal subspace

_ r N
h i — lim = H
where A1 ngioffz,,;lu sm|

estimator U 5, and 1 >0.

Proof. The relationship in (7.28a) follows from the substitution of (vi,v,T) by (v, Vs, T)
[INR,AU S] by [INRW,Af] s}, and [ﬁ ,f‘.,f/} by [f] ,f‘., ‘Xf} in Appendix 1 (under APPENDIX
VII). On top of the aforementioned replacement, replacing [U,Z,V] by [U,2£,V]—for U, Z,
and V being the true estimates—and following Appendix 2 (under APPENDIX VII) render
(7.28b). At last, using T|Hy in place of T|Hy and following Appendix 3 (under APPENDIX
VII) result in (7.28¢) whenever A > 0. O

Remark 10. For (L,W) = (0, 1), the g-FT-v-SVD algorithm becomes the FT-v-SVD algorithm.
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7.5.3 Impact of i.ni.d. Noise Samples

Similar to FT-v-SVD, g-FT-v-SVD assumes receiver frontends experiencing i.i.d. noise sam-
ples only. Practically, calibration uncertainties rendering i.ni.d. noise samples occur on the
receiver frontends. As a result, g-FT-v-SVD—Ilike FT-v-SVD—incurs a performance loss un-
der i.ni.d. noise samples. Consequently, Proposition 5 is also valid for g-FT-v-SVD when E is

replacedbyE‘givenbyE:diag(él,él,...,?:1/,...,?NR,ENR,...,éN@),E‘i>0, 1 <i< Ng.

-~

W times W times

7.5.4 Generalization to a MIMO CR Network

It is probable that a PU has a primary transmitter with N7 antennas and an SU equipped with Ng
antennas senses the licensed spectrum for an opportunistic spectrum access. In this scenario,
we have a MIMO CR network and the generalization of g-FT-v-SVD—hereinafter referred to
as the MIMO CR g-FT-v-SVD—is presented subsequently.

Based on the system model in (Song et al., 2013, Sec. 1I-A), the k-th received and sampled

baseband signal y[k] € Ck is expressed via a binary hypothesis test given by

L Hslk—1 k| :H
YK = Yoo Hislk— 1]+ z[k] 1 7.29)
Z[k] ZH(),

where s[k] = [s1[k],s2[k], ..., sn; [K]] " e CM denotes the k-th symbol vector transmitted through
the Ny transmit antennas—s;[k] being the k-th unknown and deterministic primary symbol
emitted by the j-th primary antenna—and H; € CN**NT comprises the MIMO channel impulse

responses corresponding to the /-th multi-path fading component.
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Similar to Sec. 7.5.1, stacking the observations of the secondary antennas into a highly struc-

tured vector w.r.t. the m-th STI gives

y Hrs,+z, :H;
V= (7.30)

Zm : H07

where §,, € CN?W 5, = [s] s ... ,s{,Tm]T e CNr(W+L) for Sjim = [s;[mW],s;jmW —1],...,
simW =W —L+1]]" € CW+D) (Song e al., 2013), and Hy € CV&W*Nr(W+L) i the MIMO
filtering matrix made of banded Toeplitz matrices and defined through (Song et al., 2013, egs.
(3)-(5)).

Using (7.30), the corresponding SCM Iziyy € CNeWXNeW g computed as

AN P
T L ¥ = YV, (7.31)
m=1

where N is the number of STIs and ¥ = Y1, 92, From (7.30), the PCM under H;

) ~1§]] .
becomes (Song et al., 2013, eq. (6))

Ry =E{5,51} = HrRsHY + 6’ In,w, (7.32)

where Ry; — IE{S‘mS‘Z} € CP<F ,for 7= Nr (W +L), denotes the primary data correlation matrix

which indicates an NyW x 7 dimensional primary signal subspace. Applying SVD to (7.31),

v (7.33)

(will
Mu

R, =0V = (0,0,
where f‘. = diag(c:ﬁ,c:rz, .. .,(:FNRW), for 6; being the i-th singular value, l:Js = l:J(:,l : 1%) €
CNeWxT denotes the estimated subspace spanned by the eigenvectors corresponding to the
largest 7 eigenvalues, and U, = U (:,#+1: NgW). To identify the primary signal subspace un-
der Hy, meanwhile, we make these assumptions (Song et al., 2013): Ny < Ng, N > Np(W+L),
NRW > Np(W+L),and W > L.
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Using (7.31) and a projection matrix I:’S € CNeWxNeW- defined as i’s = l:]slzlﬁ{, the MIMO CR

g-FT-v-SVD test statistic and decision rule are formulated as

1
5

tr(i’s R))
1 tr((INRW — Ps)Ryy)

A

N
>ou

(7.34)

<u
IAIVE

where (V1,¥,) = (2N7,2N(NgW — 7)) are the DoF and A is the decision threshold.

Remark 11. As the g-FT-v-SVD algorithm is an FT-v-SVD algorithm for L=0and W =1,
the FT-v-SVD algorithm can similarly be generalized to a MIMO CR network.

7.6 Computational Complexity Analysis

Based on (Huang & Chung, 2013a, Table I), the computational complexity analysis of the F—
test (FT) detector (Huang & Chung, 2013a), a multi-channel energy detector (MCED) (Wang
et al., 2010), a blind GLRT detector (Taherpour et al., 2010; Wang et al., 2010), an MME de-
tector (Zeng & Liang, 2009b), an FT-v-SVD, and a g-FT-v-SVD is tabulated in Tables 7.1 and
7.2. To minimize complexity, the complexity of FT-v-SVD and g-FT-v-SVD is, respectively,
analyzed through the equivalent statistics in (7.8) and (7.26). Computing (7.8) requires com-
puting an SCM and its SVD which require NNg(Ng + 1)/2, for even N, and & (N3) complex
multiplications and additions (Huang & Chung, 2013a; Zeng & Liang, 2009b), respectively.
Similarly, computing (7.26) requires NNgW (NgW + 1)/2 and & (N3W?) complex multiplica-

tions and additions.

As a SIMO system with Nk antennas can be modeled via a single-antenna system oversampled
at an oversampling factor M = N (Zeng & Liang, 2009b, Sec. II), the computational complex-
ity of max-min detector (Bogale & Vandendorpe, 2014, 2013b) is analyzed w.r.t. the complex
multiplications and additions carried out in (Bogale & Vandendorpe, 2014, egs. (5)-(14)). De-
tailing the overall analysis: the computation of A and B of (Bogale & Vandendorpe, 2014, eq.
(5)) requires Ng(Ng + 1)[N/2] multiplications each and Ng(Ng + 1)[N/2] additions each; the
SVD in (Bogale & Vandendorpe, 2014, eq. (8)) requires & (N,%) multiplications and & (NI%)
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Table 7.1 Computational complexity (in
multiplication) analysis of different detectors

Detectors Complex multiplications
MCED (Wang et al., 2010) NgN

FT (Huang & Chung, 2013a) Ng(Ng+1)(1+[N/2])
Blind GLRT Nr(Nr+1)[N/2]+ O (NR)

(Taherpour et al., 2010; Wang et al., 2010)
(MME (Zeng & Liang, 2009b))
FT-v-SVD Ng(Ng+1)[N/2] + O(NR)
g-FT-v-SVD NgW (NgW + 1)[N /2] + O (N3W?)
max-min (Bogale & Vandendorpe, 2014, 2013b) | (6Ng+NNg)(Ng+ 1) +4Ng+20 (N})

Table 7.2 Computational complexity (in addition)
analysis of different detectors

Detectors Complex additions

MCED (Wang et al., 2010) (Ng—1)(N—1)

FT (Huang & Chung, 2013a) Nr(Ng+1)[(N—=1)/2]4+2(Ng—1)
Blind GLRT Nr(Nr+1)[N/2]+ O (NR)

(Taherpour et al., 2010; Wang et al., 2010)
(MME (Zeng & Liang, 20()9b))

FT-v-SVD Ng(Nr+1)[N/2] + O(NR)
g-FT-v-SVD NgW (NgW + 1)[N /2] 4+ O (NzW?)
max-min (Bogale & Vandendorpe, 2014, 2013b) (Nr+1)(NNg +4Ng —4)

+3Ng(Ng — 1) (2Ng + 1) + 20 (N3)

additions; the computation of A, beneath (Bogale & Vandendorpe, 2014, eq. (13)), requires
4N3 multiplications and 4N3(Ng — 1) + Ng(Ng — 1) additions; the SVD of A requires &' (N3)
multiplications and & (NI%) additions; the computation of @,,;, as well as @,,,,—employed in
(Bogale & Vandendorpe, 2014, eqs. (6) and (7))—requires N13e +N1% multiplications each and
N3(Ng — 1) + Ng(Ng — 1) additions each; and the computation (via (Bogale & Vandendorpe,
2014, eq. (5))) of the numerator and denominator of (Bogale & Vandendorpe, 2014, eq. (14))
requires 2Ng(Ng + 1) multiplications each and 2(Ng — 1)(Ng + 1) additions each. Summing up
the overall computations, the complexity of max-min detector reported in Tables 7.1 and 7.2 is

obtained.
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An FT-v-SVD has similar complexity with that of GLRT and MME, and an FT exhibits the least
computational complexity at the cost of the availability of perfect CSI. As per Tables 7.1 and
7.2, the multiplication and addition complexities of FT-v-SVD and g-FT-v-SVD are in the or-
der of €' (max{NN3/2,N3}) and & (max{NN3W?/2,NiW3}), respectively. Accordingly, the
direct implementation of the presented algorithms are attractive for small-scale multi-antenna

systems, as they exhibit a computational burden for high N and N or N.

Remark 12. By employing the trace of the SCM and the power method—which computes
the maximum eigenvalue without computing the SVD (Golub & Van Loan, 2013)—so as to
implement (7.8), the computational burden of FT-v-SVD can be alleviated for large-scale multi-

antenna systems.

7.7 Simulation Results

Unless otherwise mentioned, this section provides Monte-Carlo simulations and/or analytical
performance assessments of FI-v-SVD, g-FT-v-SVD, and MIMO CR g-FT-v-SVD by using
the simulation parameters of Table 7.3. The performance of these detectors is exhaustively

assessed also via a comparison with the state-of-the-art detectors.

Table 7.3 Simulation parameters
unless otherwise mentioned

Simulation parameters Assigned value
(Nr,W,L) (5,3,1)
(P,,N,N) (10 W, 100, 100)
(Number of realizations, N) (10%,10%)

The subsequently reported results are conducted for SIMO systems unless they are explicitly
accompanied by a pair (N7, Ng) which implicates the MIMO CR network considered in Sec.
7.5.4. Unless it is explicitly stated as “a transmission over an AWGN channel”, the reported
detection plots are simulated for fading channels. To simulate the detection plots for a SIMO
CR system over a frequency flat fading, a frequency selective fading, and an AWGN channels,

we consider a quadrature phase shift keying (QPSK) modulated primary signal, i.e, s[k] =
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VPs/2[sh+ js,g] for P, being the transmitted primary power and {sf, s,g} e{-1,1} x{-1,1}.
For a MIMO CR network, we also consider QPSK symbols that are transmitted via the N7
antennas, i.e., s;[k] = PS/Z[sij+js,%}, {sij,s,%} c{-1,1} x{-1,1}and 1 < j < Ny.

Without loss of generality and similar to (Ramirez et al., 2010), we assume that {hl}leo ~
C N Ng(0,1n,). Similarly, we assume that the elements of H; exhibit the Gaussian distribution
with zero mean and unit variance, i.e., H;(i,j) ~ €.41(0,1), 0 <I <L, 1 <i < Ng, and
1 < j < Nr. For the target FAR of 0.1, the corresponding FT-v-SVD decision threshold A,
the corresponding g-FT-v-SVD decision threshold A, and the corresponding MIMO CR g-
FT-v-SVD decision threshold 1 are obtained via the implementation—under Hy—of the test
statistics in (7.5), (7.25), and (7.34), respectively, followed by averaging over 10° realizations.
By defining the SNR as Yy, = ||hs[K]| |2 JENE (1+ )02, FT-v-SVD is simulated via (7.5);
g-FT-v-SVD is simulated through (7.25) for an SNR defined as s, = HHsm‘ |2 / Z?ZZRYV(l +
E‘,')GZ; and the MIMO CR g-FT-v-SVD is simulated via (7.34) for an SNR defined as ¥, =
} ‘H TEm} ‘2 /NRWcz. Moreover, the false alarm plots are simulated by considering the samples

of an AWGN of power ¢ as an input.

Regarding the performance assessment of FT-v-SVD with i.ni.d. noise samples and Ng = 5,
E = diag(0.2,0.1,0.4,0.1,0.2) is considered. To simulate the performance of g-FT-v-SVD
with i.ni.d. noise samples, we consider Ng =5, W = 3, and E = diag (e1 ,€2,e3, ey, e5), where
e; =es=10.4,0.4,0.4],e; =e4=[0.2,0.2,0.2], and e3 = [0.8,0.8,0.8]. For simulations under
i.ni.d. noise samples, E and E are assumed constant and known to the FT-v-SVD and g-FT-v-
SVD receivers, respectively. Unless stated explicitly, the simulations are conducted with i.i.d.
noise samples. To simulate the effect of noise uncertainty, we assume—Ilike (Tugnait, 2012)—
that all detectors overestimate 62 by a factor of uncertainty denoted by 1, i.e., 6 = 1,062,
and compute the respective thresholds but the tests—of Sec. 7.7.3—are simulated using data
with exact noise variance 6. For the usual assumption that the noise is stationary and ergodic,

we deploy a constant noise uncertainty factor & = 10log;, N, that is usually valid when the

observation time is short (Wang et al., 2010).
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Figure 7.1 ROC for a transmission over an AWGN channel:
M = Ng = 8 and ¥, = —14 dB. Note that [26] and [27] represent
(Bogale & Vandendorpe, 2014) and (Bogale & Vandendorpe,
2013b), respectively

7.7.1 Performance Assessment of FT-v-SVD

7.7.1.1 Performance Comparison with the State-of-the-art

We compare the max-min detector (Bogale & Vandendorpe, 2014, 2013b) applied to a system
oversampled at M = 8 with the FT-v-SVD detector applied to a SIMO system with Ng = 8.
To do so, the max-min algorithm is simulated for a synchronous receiver scenario via (Bo-
gale & Vandendorpe, 2014, eqs. (22) and (23)) using the parameters of (Bogale & Vanden-
dorpe, 2013b, Table II) estimated for a transmitter which employs a square root raised cosine
filter. Having employed the same filter and assumed a perfect synchronization, the performance
of FT-v-SVD is simulated through Monte-Carlo simulations averaged over 10* realizations. As
seen in Fig. 7.1 which depicts the receiver operating characteristics (ROC) for a transmission

over an AWGN channel, FT-v-SVD outperforms the max-min detector though the max-min
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detector intercepts the received signal for a much longer time, i.e., N = 21> (32768) versus
500. It is worth noting that such an improvement is evident with a much lesser computational

complexity, as analyzed in Tables 7.1 and 7.2.
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0.8}
]
o
S 0.7f
Q
b
S 06}
L
© o5t
>
P
3 04
£
o 03}
Q: —6— FT-v-SVD: N = 300
02) —— FT with PCSI [38]: N =300
o —— GLRT [42], [43]: N =300
—%— MME [22]: N =300
0 1
-20 -15 -10 -5 0
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Figure 7.2 P, versus ¥g,: Pr=0.1 and 10* realizations. Note

that [22], [38], [42], and [43] represent (Zeng & Liang, 2009b),

(Huang & Chung, 2013a), (Taherpour et al., 2010), and (Wang
et al., 2010), respectively

For the detection of a primary signal manifesting a very low SNR, Fig. 7.2 demonstrates that
FT-v-SVD outperforms both MME (Zeng & Liang, 2009b) and GLRT (Taherpour et al., 2010;
Wang et al., 2010). Moreover, it is corroborated by the same plot that FT-v-SVD—being a blind
detector—performs as good as FT (Huang & Chung, 2013a) fed with a perfect CSI (PCSI) for
Yonr = —10 dB.
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7.7.1.2 Validation of the Closed-Form Detection Expressions

As observed in Fig. 7.3, FT-v-SVD which is a blind detector performs as good as the one in
(Huang & Chung, 2013a) fed with PCSI regardless of the SNR. As A increases, the detection
performance of FT-v-SVD falls like FT with PCSI, as both become susceptible to more ambi-
guity. Fig. 7.4 displays the P; versus A plot w.r.t. a different number of secondary antennas.
As before, FT-v-SVD and FT with PCSI manifest identical performance regardless of Ng. Be-
sides, their detection performance improves with the increment of Ng. Meanwhile, Figs. 7.3

and 7.4 validate (7.15) which was plotted via the approximation in (7.17).

—6— FT-v-SVD: N = 300
—— FT with PCSI [38]: N =300

—s— Analytical (15): N = 300
Asymptotic (21): N =300

-5 0 5 10 15
Vsnr [dB]

Probability of detection

Figure 7.5 P, versus ¥,: Py =0.1. Note that [38] represents
(Huang & Chung, 2013a); (15) and (21) stand for (7.15) and
(7.21), respectively

As observed in Fig. 7.5, FT with PCSI performs better than FT-v-SVD, especially for a very
low SNR and N = 300. This is evident because of the primary signal subspace estimates
being poor whenever the SNR is very small, especially for a sample size as small as N = 300.

For ¥, > —10 dB, FT-v-SVD performs as good as FT fed with PCSI though the former is a
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Figure 7.6 P, versus Yg,,: Py = 0.1. Note that [38] represents
(Huang & Chung, 2013a); (15) and (21) stand for (7.15) and
(7.21), respectively

blind detector. As the primary signal can be in a deep fade of the secondary receiver and hence
manifesting a low SNR at the secondary antennas (Cabric, 2008), such a detection performance
is important, especially for real-time and fast sensing applications. As N increases from 300
to 600, Fig. 7.6 demonstrates that the performance of FT-v-SVD approaches that of FT’s even
at very low SNR. This phenomenon implies that the blind detector—FT-v-SVD—performs as
good as, regardless of the SNR, the detector fed with PCSI when N gets larger. For weak to
moderately weak SNR, Figs. 7.5 and 7.6 validate the accuracy of the exact and asymptotic
expressions given by (7.15) and (7.21), respectively. For ¥, < —10 dB, the numerical results
of these expressions deviate from the Monte-Carlo simulation results, especially for N = 300.
This implies that (7.17) which was deployed to depict the numerical results of (7.15) renders
a poor approximation. On the other hand, as N increases from 300 to 600, the accuracy of the

asymptotic expression increases, regardless of the SNR, implying its validity as N gets larger.
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Figure 7.7 Py versus A. Note that (13) stands for (7.13)

7.7.1.3 The FAR and Complementary ROC Curves

Fig. 7.7 depicts the Py versus A plot exhibited by FT-v-SVD for N € {1000,4000}. As de-
picted, FT-v-SVD exhibits an identical Py for o € {1,5} W for N € {1000,4000}. Accordingly,
FT-v-SVD is a CFAR detector under 1.1.d. noise samples, as also implied by (7.13). In addition,
it is visible that the analytical and simulation results are overlapping for A > 1.2 and A > 1.1
at N = 1000 and N = 4000, respectively. For A < 1.1 and A < 1.2, there is a deviation between
the analytical results and the Monte-Carlo simulation results, especially for N = 1000. As N
increases from 1000 to 4000, the analytical and the Monte-Carlo simulation results become
very close to each other. Meanwhile, increasing N renders a shift in the Py plot to the Py =0

line indicating the validity of Lemma 4.

Fig. 7.8 depicts the complementary ROC manifested by FT-v-SVD and FT. As evident from
Fig. 7.8, in comparison with FT-v-SVD, FT with PCSI offers a slightly smaller probability of
missed detection (FB,)—simulated as B, = 1 — P;—for a given Py. Exhibited by FI-v-SVD,
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this performance loss is due to a slightly smaller P; rendered by FT-v-SVD, especially for N as
small as 50. Hence, this is a little price to pay by FT-v-SVD when compared with FT fed with
PCSI. Moreover, Fig. 7.8 validates (7.15)—plotted via (7.17)—and (7.13).

7.7.1.4 Performance Assessment under i.i.d. and i.ni.d. Noise Samples

Figs. 7.9 and 7.10 display the P; versus %, plot for FT-v-SVD, FT with PCSI, and the time
domain detector (Tugnait, 2012, eq. (25))—also known as an HRD (Leshem & van der Veen,
2001, eq. (3))—at the desired FAR of 0.1. Having observed Figs. 7.9 and 7.10, the following
conclusions can be made: as the magnitude of the calibration uncertainties increases, FT—
under i.ni.d. noise samples—suffers a performance loss even if it has a PCSI; for the small to
high SNR regimes and small calibration uncertainties, FT-v-SVD performs as good as HRD; as
the magnitude of calibration uncertainties increases, FT-v-SVD—under i.ni.d. noise samples—

also suffers a performance loss for it is formulated using the F—test that is the result of a like-
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Figure 7.9 P, versus Yy,: Pr = 0.1, N =100, and 10* channel
realizations. Note that [35], [36], and [38] represent
(Leshem & van der Veen, 2001), (Tugnait, 2012), and
(Huang & Chung, 2013a), respectively

lihood ratio under i.i.d. noise samples (Seber, 2003, Ch. 4); and an HRD (Leshem & van der
Veen, 2001, eq. (3)), (Tugnait, 2012, eq. (25))—derived under the assumption of i.ni.d. noise
samples—exhibits no performance loss regardless of the magnitude of the calibration uncer-
tainties. As a summary, Figs. 7.9 and 7.10 demonstrate that the detectors derived for i.i.d. noise
samples suffer a performance loss at low SNR under i.ni.d. noise samples unlike the detectors
derived using the assumption of i.ni.d. noise samples. Moreover, as seen in Figs. 7.9 and 7.10,

both the i.i.d. and i.ni.d. cases exhibit identical performance at high SNR—the validation of

Proposition 5.
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7.7.2 Performance Assessment of g-FT-v-SVD

7.7.2.1 Assessment of Detection Performance

Fig. 7.11 displays the results of the Monte-Carlo simulation and the expression in (7.27a) that
was plotted via the approximation in (7.17). As demonstrated, the P; exhibited by g-FT-v-SVD

improves with Ng and the Monte-Carlo results validate the accuracy of (7.27a).

Fig. 7.12 implicates that g-FT-v-SVD performs better with i.i.d. noise samples than with
i.ni.d. noise samples—corroborating Proposition 5. For i.i.d. noise samples, the detection
performance of g-FT-v-SVD is better with L = 1 than with L = 2, as the increment in channel
order renders in a poor subspace estimation accuracy for the primary signal subspace. At the

desired FAR of 0.1, the detection probability exhibited by g-FT-v-SVD approaches one even
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Figure 7.11 P, versus A: N = 1000, W =4, L =2, and
Ysnr = —4 dB. Note that (27a) stands for (7.27a)

for an SNR as small as -5 dB. For the high SNR regimes, a detection probability of one is
observed—yvalidating (7.28a). Meanwhile, Fig. 7.13 corroborates the improvement w.r.t. Ng

of the g-FT-v-SVD’s detection performance.

Via Fig. 7.14, the impact of frequency selectivity on the detection performance of g-FT-v-
SVD is assessed. As it is seen, g-FT-v-SVD suffers from the increment of L which implies the
poor performance of the detector when the severity of frequency selective fading increases. In
other words, the increment in L indicates the enlarging primary signal subspace—estimated via
(7.23b). Consequently, a bigger subspace would be estimated with a lesser accuracy rendering

the aforementioned poor performance whenever L increases.

7.7.2.2 Assessment of the FAR and Complementary ROC

The probability of false alarm exhibited by g-FT-v-SVD is depicted by Figs. 7.15-7.18. For
both i.i.d. and i.ni.d. noise samples, and L € {1,2}, g-FT-v-SVD exhibits an identical FAR for
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Figure 7.12 P, versus Yy, Py = 0.1 and 10° realizations

o € {1,5} W. These phenomena corroborate that g-FT-v-SVD is a CFAR detector under i.i.d.
noise samples, as also implied by (7.27b), and i.ni.d. noise samples. Practically, however, the
CFAR property lacks when the noises are i.ni.d., as the elements of E are unknown and can
vary since they can be RVs. Besides, Figs. 7.15 and 7.16 attest that the FAR increases w.r.t. L
under i.i.d. as well as i.ni.d. noise samples, as increasing L makes the subspace estimation less

accurate.

Regarding the FAR exhibited by g-FT-v-SVD, Figs. 7.17 and 7.18 display the respective sim-
ulation and analytical results. The plots essentially corroborate that both results overlap with
each other for L > 1.3 and A > 1.15 for N € {1000,3000} and N € {3000, 6000}, respectively.
It is also visible in Figs. 7.17 and 7.18 that the Monte-Carlo simulation gets very close to the
plot of the closed-form in (7.27b), as N is increased from 3000 to 6000. As N gets larger and
larger, the SCM perfectly estimates the PCM, especially when N — oo (= N — co)—cf. Ap-
pendix 2 (under APPENDIX VII). Under this perfect estimation scenario, the g-FT-v-SVD test

statistic in (7.25) would become the ratio of two independent y>—distributed RVs, with (¥, V)
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DoF, multiplied by ¥,/¥;. Thus, this ratio is precisely distributed as Fy, y, when N gets very
large rendering the aforementioned improvement in the accuracy of (7.27b). Moreover, as N
is increased from 3000 to 6000, the simulation results get closer to the analytical results which

are also getting closer to the Py = 0 line—validating (7.28¢).

The complementary ROC exhibited by g-FT-v-SVD is displayed via Fig. 7.19. This figure
features the P, versus Py plot, where P, is also simulated as P, = 1 — P;. As displayed, both
the simulation and the analytical results overlap with each other. This validates the closed-form
expressions of (7.27a)—plotted via the approximation in (7.17)—and (7.27b). Moreover, the

natural trade-off between P, and Py is evident.

7.7.2.3 Performance Assessment in a MIMO CR Network

Figs. 7.20 and 7.21 depict the probabilities of detection and of false alarm exhibited by the
MIMO CR g-FT-v-SVD, respectively. W.r.t. the desired FAR of 0.1, Fig. 7.20 showcases
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the detection performance of the MIMO CR g-FT-v-SVD for different values of Nr. As it
is seen, the P; exhibited by the MIMO CR g-FT-v-SVD decreases with the increment of Nr.
Such a performance loss is attributed to the fact that a large N7 results in a large primary
signal subspace—estimated via (7.33)—which is naturally estimated poorly. In other words,
the observed performance loss can also be explained via an increase in interference emitted by
the neighboring transmitting antennas whenever N7 increases. Such a phenomenon, similarly,
affects the false alarm performance of the MIMO CR g-FT-v-SVD which increases w.r.t. N,

as demonstrated in Fig. 7.21.

7.7.3 Performance Assessment of Detectors Under Noise Uncertainty

The impact of noise uncertainty on FI-v-SVD, g-FT-SVD, and MCED is showcased via Figs.
7.22 and 7.23. As it is evident from these plots, both FT-v-SVD and g-FT-SVD exhibit an
identical ROC regardless of the values of the noise uncertainty. Hence, they are robust to noise

uncertainty. On the contrary, as the noise uncertainty increases from 0.75 to 1 dB, it is demon-
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strated in Figs. 7.22 and 7.23 that MCED incurs a significant performance loss implicating its

well-known non-robustness to noise uncertainty.

7.8 Conclusions

CR based communication systems help to overcome the discrepancy between spectrum under-
utilization and spectrum scarcity. Such systems employing a spectrum overlay access scheme
become efficient and reliable whenever spectrum holes are efficiently and robustly detected. In
this respect, efficient and robust spectrum sensing shall not rely on the presumed noise power
nor the primary signal characteristics. Such sensing shall be blind, independent of the knowl-
edge of any CSI, and computationally simple—unlike some of the state-of-the-art spectrum

sensing techniques which rely on several estimated parameters.
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Accordingly, simple F—test based spectrum sensing techniques named FT-v-SVD and g-FT-v-
SVD are presented for a spectrum sensing over a frequency flat and a frequency selective fading
channels, respectively. For these detectors presented for SIMO systems, exact and asymptotic
performance analyses are provided and validated. Along with the aforementioned detectors
presented for SIMO systems, this paper also generalizes the g-FT-v-SVD detector for a MIMO
CR network. Moreover, simulations assess the performance of the presented detectors under
contaminating i.i.d. and i.ni.d. noise samples. As per the conducted simulations with i.i.d.
noise samples, FT-v-SVD and g-FT-v-SVD are corroborated to be CFAR detectors which are

also robust against noise uncertainty.
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CHAPTER 8

DISCUSSION OF THE RESULTS

“Imagination will often carry us to worlds that never were. But without it we go

nowhere.”—Carl Sagan

This chapter briefly discusses the overall results of this dissertation along with their implica-

tions and contributions to the respective research fields.

8.1 Discussion of the Results Reported in Part I1

Recalling the objectives of this dissertation outlined in Section 1.4.1, the first goal of this dis-
sertation has been the investigation and development of robust radio frequency interference
(RFI) detection algorithms for satellite and terrestrial communications. After a thorough un-
derstanding of the state-of-the-art algorithms and their respective limitations, we have devel-
oped ideas that led to the investigation and development of robust RFI detection algorithms.
To realize these ideas, we have employed the research methodology detailed in Section 1.4.2.

Subsequently, the results of Chapters 2-5 along with their implications are discussed.

In Chapter 2, we have investigated a computationally simple power detector (PD) for the de-
tection of broadband RFI(s). For the probabilities of RFI detection and of false alarm exhibited
by this detector, exact closed-form expressions are derived and validated through simulations.
Simulations also demonstrate that PD outperforms kurtosis detector (KD) (Misra et al., 2009;
Ruf et al., 2006) that has failed to detect Gaussian (near-Gaussian) RFI. Despite such a supe-
rior performance of the investigated PD, the investigated PD requires an accurate estimate of
the noise power and an average signal-to-noise ratio (SNR) which are needed to set a decision
threshold as per the desired false alarm rate (FAR). To perform such estimations, the employed
signal processing technique should be broadband RFI-aware, as RFI(s) can impinge on the

received signal at any time. Accordingly, the results of Chapter 2 have inspired interference-
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aware estimation techniques and such techniques are also key for realizing a communication

paradigm dubbed interference-aware wireless communications.

Chapter 3 detailed the performance analysis of energy detector (ED) investigated for the detec-
tion of an RFI received through the Nakagami-m fading channel along with the signal of interest
(SOI) also received via the same channel. Having exploited the sampling theorem representa-
tion of bandlimited signals, ED computes the intercepted received signal energy which is, in
turn, deployed to make a decision upon the presence of the RFI. By deriving the distribution
of the ED test statistic valid regardless of the type of the impinging RFI, novel approximated
and asymptotic closed-form expressions are derived for the probability of RFI detection man-
ifested by ED. A closed-form expression is also derived for the exhibited probability of false
alarm. These derived closed-form expressions are validated by Monte-Carlo simulations. The
simulations also demonstrate that the investigated ED outperforms both KD and a generalized
likelihood ratio test (GLRT) detector. Regarding real-world data based simulations conducted
using real-world RFI contaminated data received by one of the antennas of the Very Large
Array (VLA) (NRAO, 2017) observatory, simulations further assess the performance of the

investigated ED.

Once the received signal is downconverted to its baseband equivalent, it is worthwhile noting
that ED can be applied in both satellite and terrestrial communications, regardless of their
difference in the pre-baseband signal processing. In spite of such broad applicability and its
appealing simplicity, ED notably relies on the knowledge of the noise power. Consequently, the
realistic implementation of ED as an RFI detector needs an accurate noise power estimator and
such an estimator should be an interference-aware estimator, as an RFI(s) can impinge on the
received signal at any time. Moreover, as summarized and demonstrated in the outlooks section
of Chapter 3, the mixture of Gaussian (MoG) distribution perfectly approximates Nakagami-
m distributed BPSK modulated SOI. Interestingly, the MoG distribution offers such a high
accuracy on top of its analytical tractability. As a result, the performance analysis of an energy-
based RFI detector using the MoG distributed fading channels would be an important extension

to the work reported in the same chapter.
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As the first work on a multi-antenna RFI detection, Chapter 4 reports an eigenvalue-based
robust multi-antenna RFI detection algorithm. The reported eigenvalue detector (EvD) is pro-
posed for multi-antenna wireless communications, especially for single-input multiple-output
(SIMO) systems that may suffer from a multi-antenna RFI. By deriving the distribution—valid
for infinitely huge samples—of the equivalent test statistic, performance closed-form expres-
sions, valid for infinitely large samples, regarding the probability of RFI detection and the
probability of false alarm are derived. The derived closed-form expressions are corroborated by
using Monte-Carlo simulations. For medium to large interference-to-noise ratio (INR) regimes
and sample starved settings, simulations also corroborate that EvD manifests a comparable de-
tection performance with a GLRT detector fed with the knowledge of the SOI channel, and a
matched subspace detector fed with the knowledge of the SOI and RFI channels. Nonetheless,
a single-antenna transmitter assumed by the considered SIMO system is not necessarily the
case for the transmitters of the fourth generation (4G) and the fifth generation (5G) era, as they
are usually equipped with a number of antennas for the sake of array gain, spatial diversity gain,
spatial multiplexing gain, and interference reduction (Biglieri et al., 2007). Accordingly, the
proposed EvD shall be extended to accommodate multiple-input multiple-output (MIMO) and
massive MIMO systems. Furthermore, accounting for the inevitable calibration uncertainties
of the Ng antenna frontends similar to (Tugnait, 2012; Ramirez et al., 2011; Leshem & van der
Veen, 2001), consideration of independent and non-identically distributed (i.ni.d.) noise sam-

ples is also worth addressing for SIMO, MIMO, and massive MIMO systems.

Inspired by the results reported in Chapter 4 and Chapter 6—regarding a multi-interferer RFI
(MI-RFI) excision, robust matrix- and tensor-based multi-antenna RFI detection techniques are
proposed and reported in Chapter 5. Motivated by the fact that multi-path fading channels are
usually manifested in practical wireless communication channels, the proposed techniques are,
in particular, applicable for a multi-antenna RFI detection over a multi-path fading channel. To
continue, we have addressed the issue of RFI detection over wireless multi-path fading chan-
nels; we have introduced a tensor-based hypothesis testing framework whose application is

tailored for the detection of RFI; for reception through a multi-path fading channel and SIMO
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systems, we propose a matrix-based RFI detector (MB-RD) and a tensor-based RFI detector
(TB-RD); and the asymptotic performance of the proposed detectors is characterized analyti-
cally and assessed via Monte-Carlo simulations. The simulations validate the derived perfor-
mance characterizations and notably demonstrate that TB-RD outperforms GLRT even though
GLRT assumes the availability of the perfect knowledge of the SOI channel. Accounting for
their inherent signal processing schemes, MB-RD and TB-RD assume that both the SOI and
RFI fading channels remain constant for a long-term interval. On the contrary, some practical
wireless channels manifest highly time-variant multi-path fading channel. Consequently, the
extension of the proposed techniques to accommodate highly time-variant channel scenarios
is of importance. Moreover, as highlighted in the previous paragraphs, MIMO and massive
MIMO multi-antenna systems are preferable to SIMO systems. Thus, the extensions of MB-
RD and TB-RD to account for MIMO and massive MIMO multi-antenna systems are worth

addressing.

8.2 Discussion of the Results Reported in Part 111

As outlined in Section 1.4.1, the second objective of this dissertation has been the investi-
gation and development of efficient RFI excision algorithms for satellite and terrestrial com-
munications. Following the methodology highlighted in Section 1.4.2, this dissertation has
introduced the multi-linear (tensor) algebra framework to the RFI excision research sub-field.
As detailed in Chapter 6, two novel tensor-based efficient RFI excision algorithms have been
proposed. Inspired by their inherent signal processing schemes, these algorithms are named
as the multi-linear subspace estimation and projection (MLSEP) algorithm and the smoothed
MLSEP (s-MLSEP) algorithm. As demonstrated in Chapter 6, MLSEP outperforms the state-
of-the-art projection based algorithms namely subspace projection (SP) (van der Tol & van der
Veen, 2005) and cross subspace projection (CSP) (Jeffs et al., 2005). With respect to the root
mean square excision error (RMSEE) and the average signal-to-interference-plus-noise ratio
(SINR) gain performance metrics, MLSEP outperforms both SP and CSP, especially whenever
Ng > Zinl (Li+ 1)—L; + 1 being the number of channel taps of the i-th interferer and Q being
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the number of interferers. Such a performance gain is also demonstrated via simulations that
employ a simulation setting that the number of interferers and their respective channel order are
estimated by the smoothed matrix-based joint number of interferers and channel order enumer-
ator (SMB-JoNICOE)—an algorithm also reported in Chapter 6. Simulations also corroborate

that s-MLSEP enhances MLSEP at the expense of computation time.

Apart from the aforementioned simulations, performance assessment using real-world data re-
ceived by one of the antennas of the VLA also corroborates that MLSEP outperforms both SP
and CSP. Such a performance gain has also been further validated by a theorem which states—

for AU  being the perturbations in the MI-RFI subspace—that lim RMSEE converges to 0

AU;—0

for MLSEP faster than for SP provided that Ng > Zl.Q: (Li +1). As discussed and presented
in Chapter 6, the significant performance gains of MLSEP and s-MLSEP over SP and CSP
are attributed to the fact that the deployed tensor-based subspace estimators outperform their
matrix-based counterparts. However, for Ngor being an arbitrary constant, the tensor-based
subspace estimator employs the assumption that the MI-RFI channel is assumed to have a
coherence time of Ngor + 1 times the coherence time of the SOI. As a result, such an assump-
tion would restrict the applicability of the proposed tensor-based algorithms to, mainly, the
quasi-stationary MI-RFI scenario(s). Despite the fact that the multi-linear algebra framework
was introduced to the RFI excision research sub-field, further research which shall make the
tensor framework applicable for a time-variant MI-RFI scenario(s) is needed. Accordingly,
both MLSEP and s-MLSEP would serve as foundational multi-linear algorithms that shall be

extended to incorporate the inherently time-variant nature of the MI-RFI channel.

8.3 Discussion of the Results Reported in Part IV

As a third objective, this dissertation has also aimed at the investigation and development of
advanced low-complexity spectrum sensing techniques. Having conducted detailed research
survey on the numerous state-of-the-art spectrum sensing techniques, we have identified an ide-
alistic assumption on the existing F'—test detector reported in (Huang & Chung, 2013a) though

it was corroborated—yvia simulations—to be superior over an energy detector, a maximum-
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minimum eigenvalue (MME) detector, and a GLRT detector, especially at low SNRs. While
exhibiting a moderate computational complexity, the reported detector of (Huang & Chung,
2013a) is also robust against a noise power uncertainty and independent of the knowledge of
the noise power. With respect to the aforementioned limitation, we have developed ideas that
overcome the limitations of (Huang & Chung, 2013a) and also extended the F'—test framework
so that it would incorporate the multi-path fading channel scenario which is evident in prac-
tical wireless communication channels. Beneath, the results of Chapter 7 and their respective

implications are discussed.

Having been motivated by the performance of the F—test detector of (Huang & Chung, 2013a)
and its low computational complexity, Chapter 7 presents simple F—test based spectrum sens-
ing techniques that do not require the knowledge of any channel state information (CSI).
Specifically, along with its performance analyses, a detector named F—test via singular value
decomposition (FT-v-SVD) is presented for SIMO cognitive radio (CR) networks operating
over flat fading channels; apart from its performance analyses, a detector dubbed generalized
FT-v-SVD (g-FT-v-SVD) is presented for a multi-antenna spectrum sensing over frequency
selective channels; and the g-FT-v-SVD detector is generalized to accommodate a spectrum
sensing over the MIMO CR networks. Meanwhile, the performance of the presented detec-
tors is assessed through Monte-Carlo simulations which also validate the derived analytical
expressions. Despite a computational complexity analysis that reveals that the presented blind
F—test based detectors exhibit a low computational complexity and an attractive detection per-
formance, the considered SIMO and MIMO systems are not necessarily the case for systems
of the 5G era. Therefore, the extension of the presented detectors so as to accommodate the

scenarios of massive MIMO systems shall be addressed.



CONCLUSION AND RECOMMENDATIONS

“Intellectual growth should commence at birth and cease only at death.”—Albert Einstein

For intentional and unintentional man-made interference, radio frequency interference (RFI)
is becoming increasingly common in various radio frequency operating systems as diverse as
microwave radiometry, radio astronomy, satellite communications, ultra-wideband communi-
cations, radar, and cognitive radio. If left unmitigated, such RFI can result in a severe system
performance loss. Toward an efficient RFI mitigation, the state-of-the-art encompasses several
RFI detection and excision algorithms. However, amongst their limitations, these algorithms
exhibit considerable computational complexity and they eventually render inefficient RFI ex-
cision. On the other hand, as an enabler of cognitive radio (CR), numerous spectrum sensing
techniques have been proposed to date. On the contrary, among their limitations, some of the
state-of-the-art spectrum sensing techniques rely either on the presumed characteristics of the
primary signal(s) or the availability of the channel state information (CSI). Motivated by these
limitations, this Ph.D. dissertation has investigated and presented advanced signal processing

techniques regarding RFI detection, RFI mitigation, and spectrum sensing.

With respect to RFI detection and its first objective, this dissertation has investigated and pre-
sented five RFI detectors: a power detector proposed for the detection of broadband RFI(s);
an energy detector investigated for RFI detection in wireless communication systems; a blind
eigenvalue-based detector proposed for single-input multiple-output (SIMO) systems that may
suffer from RFI; and matrix- and tensor-based RFI detectors proposed for a robust detection
of RFI received through a multi-path fading channel featuring SIMO systems. For these RFI
detectors, this dissertation has presented detailed performance analyses that are corroborated
by Monte-Carlo simulations. Simulations also assess the performance of the aforementioned

RFI detectors in comparison with some of the state-of-the-art RFI detectors.
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Once RFI is robustly detected, the next step is its efficient excision. Toward this end and the re-
alization of its second objective, this dissertation has investigated and presented a multi-linear
subspace estimation and projection (MLSEP) algorithm and a smoothed MLSEP (s-MLSEP)
algorithm proposed for the MI-RFI excision in SIMO systems that suffer from MI-RFI. Per-
formance analyses corroborate that both MLSEP and s-MLSEP can excise all interferers when
the perturbations get infinitesimally small. For such perturbations, the analyses also attest that
s-MLSEP exhibit a faster convergence to a zero excision error than MLSEP which, in turn, con-
verges faster than a subspace projection algorithm. Monte-Carlo simulations and simulations
conducted using real-world RFI contaminated data have corroborated the performance of the
proposed multi-linear RFI excision algorithms. Although at the expense of computation time,
the simulations have also demonstrated that s-MLSEP outperforms MLSEP as the smoothing

factor gets smaller.

Concerning its third objective, this dissertation has investigated and presented simple F—test
based spectrum sensing techniques that do not require the knowledge of CSI for multi-antenna
CRs. Applicable for different multi-antenna systems, the investigated blind F—test detectors
are derived for both frequency flat and frequency selective primary-to-secondary channels.
Exact and asymptotic analytical performance closed-form expressions are derived for the pre-
sented detectors. Simulations assess the performance of the presented detectors and validate
the derived closed-form expressions. For an additive noise exhibiting the same variance across
multiple-antenna frontends, simulations also corroborate that the presented detectors are con-

stant false alarm rate detectors which are robust against noise uncertainty.

Finally, to outline the recommendations of this dissertation, the aforementioned investigations
inspire new research from both specialist and generalist points of view. From specialist points
of view, this dissertation inspires research—but not limited to—on tensor-based RFI excision

techniques for highly time-variant wireless environments; linear and multi-linear multi-antenna
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RFI detection techniques applicable also for highly time-variant wireless environments; ef-
ficient spectrum sensing in highly time-variant primary-to-secondary wireless channel envi-
ronments; machine learning (deep learning) enabled RFI detection; and RFI detection using
bootstrap techniques (Zoubir & Robert Iskander, 2007; Zoubir & Iskander, 2004). On another
regard, this dissertation also inspires extensive research that can be conducted from gener-
alist points of view. In particular, this dissertation motivates research toward interference-
resistant wireless communications—for instance, interference-resistant terrestrial communica-
tions and interference-resistant satellite communications; interference-resistant optical com-
munications; interference-resistant molecular (nano) communications (Nakano et al., 2013;
Farsad et al., 2016); interference-resistant mobile molecular communications (Nakano et al.,
2017); an interference-resistant biomedical signal processing; and interference-resistant robotic

communications and control.
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3. Highlight of Contributions

During the course of this Ph.D. dissertation, we have made contributions to the research sub-
fields of RFI detection, RFI excision, spectrum sensing, source enumeration, and channel esti-

mation. Specifically:

e [J6], [J5], [J4], and [J2] are our journal contributions regarding RFI detection on top of
[C12], [C11], [C10], [C8], and [C7] which are our conference contributions to the same

research sub-field;

e [J1] is our main contribution concerning RFI excision along with the respective confer-

ence contributions through [C5], [C3], and [C2];

e with respect to spectrum sensing, we have made journal contributions through [J3] as

well as conference contributions in terms of [C9] and [C6];

e concerning source enumeration (model order selection), we have made a contribution

through [C4]; and

e we have made a contribution in channel estimation in terms of [C1].
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1. Proof of Theorem 1

For independent {v; [n]}JQ:I, h, {gj}JQ:l, and z[n],

F/[z]

Y|Hy = E{ (hsln] + £2, gv; 1] +2[))*}
= B{[n]} + 2B{#{n]}E{z[n]} + &2

(@)
= E{(hsln] + X2, gv,[n))*} + 02,
where (a) follows for E{z[n|} = 0.
For the considered independence, E{s[n]v;[n]} = E{vi[n]v;[n]} =0, i # j. Thus,

Y|H = E{W*s*[n]} + Z?Zl E{g?v? [n]} + o2

= RE{[n]} + L 3B 0]} + 0%
From Sec. 2.2.1, E{vi [n]} = Pj]E{V?,l} = P; and E{s*[n]} = PE{s2}. As aresult,

Y|Hy, = hPE{s;} + ¥ | &P+ 0°

@62(%m+2?21%;r+1),

where (b) follows from (2.5).

Under Hy, {v; [n]}]Qzl = 0. Accordingly,

Y|Hy = E{(hs[n] ‘|‘Z]Q:1 g;vjln] +Z[n])2}|{yii;r}Q =0°

=17

(A TI-1a)
(A TI-1b)

(A TI-1¢)

(A TI-2a)

(A II-2b)

(A II-3a)

(A II-3b)

(A 1I-4)
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Deploying (A II-1a)—uvia its equivalent given by (A II-3b)—in (A 1I-4),
Y|Ho = 02 (Four + X5 o+ )] 51 10 _o = 0% (Fonr +1). (ATL5)
inrd j=1

Finally, combining (A II-3b) and (A II-5) leads to (2.4). [



APPENDIX III

APPENDICES OF CHAPTER 3

1. Proof of Theorem 2

For a baseband input of bandwidth W, we note that 2u terms are sufficient to approximate
its energy in a finite duration sample of a bandlimited process (Urkowitz, 1967, Appendix).
For a lowpass (baseband) process, the values are obtained by sampling the process at 1/2W
times apart. Having relied on the aforementioned approximation which is the result of the
Karhunen—Loeve transform, terms of H; in (3.1) are represented as (Urkowitz, 1967, egs.

(11) and (12))

2u
(hs(r),gv Z (hotj,gB;j, &}) sinc(2Wr — j), (A TII-1)

where £; = z(j/2W) and sinc(x) = sin(7x)/7x. It is to be noted that the type of RFI in (A
II1-1) is irrelevant for the approximation and each &; is a Gaussian RV with a zero mean and

variance of 62 = NyW.

Deploying (A 1II-1) in (3.1),

2u
r(t)|Hy =) (hoij+gBj+&;) sinc(2Wr — j). (A TI1-2)
j=1

Substituting (A III-2) into (3.2) results in

2 2u 2u

Y|H = — Z Z ho; +gﬁj+§j) (hoc,+gl3,+§l)

jll

t
></ sinc(2Wt — j) sinc(2Wr —i)dr. (A 1I-3)
—T

J/

-~

=i, if j=i; =0, if j#i.
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Employing the orthogonality of sinc functions (Urkowitz, 1967, eq. (5)) and recalling that

0% = NyW,
2u
2
Y|H =) (haj/c+gBj/c+¢&i/0)".
j=1

(A TI1-4)

As every &; is a Gaussian RV with a zero mean and variance of o2& /0 is a Gaussian RV with

a zero mean and variance of 1. Thus, Y|H in (A III-4) admits the noncentral xz—distribution

with 2u DoF and a noncentrality parameter given by
2u 2
= Z (l’lOtj/G—l-gBj/G) .
j=1

Expanding (A III-5) and substituting 6> = NoW yields

( £0) 05 (2)()

h2 2u 2

1 8
2—(— 052) 28
No 2W]._Zl )TN

p:

t
Following the stated suppositions that E; = / t)dt and E, = / vA(r)dt,
T

=k, if j=iy =0, if j#i.
2u 2u g o

1
(E,,E,) Z Z a0y, B;Bi) / sinc(2Wt — j)sinc(2Wt —i)dt .
] 1i= t—T

J/

~~

1

(A III-5)

(A TII-6)

(A TII-7)

At last, plugging (A III-7) into (A III-6) and realizing that (Y, Yinr) = (W*Es/No,g*E,/No)

lead to (3.5).

O
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2. Proof of Theorem 4

Recalling that (etj, ;) = (s(j/2W),v(ji/2W)) and using the SO, and RFI representations as

in Theorem 3,

(o, B)) = Z (V/Pssns \/Pova) p(j/2W = nT,) (A TI1-8a)
= (VPsj,/Pov)), (A III-8b)

where p(j/2W —nT;) = 1 iff j = n is exploited, as p(¢) is a rectangular pulse of duration Tj.
Substituting (A III-8b) into (A I1I-7) results in

SAPLAR R _
(Es. Ey) = aw L (],]E{sj}) (A I11-9a)
(E,,E,) = il 2 (v, E{vY), (A TI1-9b)

W &

where E; and E, are the average SOI energy and the average RFI energy, respectively.

Substituting (A III-8b) into (3.5) gives

27, (A TII-10)

©
I

where

Z = Yopr + Yinr + (A III-11)

h \/PP
BV Z SjvVj-
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Accordingly, the PDF of p can be obtained from the PDF of Z. If we suppose

Yl = Ysnr, YZ = Yinr (A III—12a)
Y=Y +Y, (A TII-12b)
hg\/PP, 2u
Bh="0 Y4:,~;Sjvj (A III-12¢)
X =Y3Yy, (A TII-12d)
then
Z=Y+X. (A III-13)

Prior to diving to the PDF derivation, we note that Z becomes a mixed RV whenever the discrete

RV Y4 becomes non-zero. More precisely,

Y, ifYy =0,
7 _ (A TII-14)

X+Y, ifYs#0.

To derive the PDF f(z), we resort to the derivation of the CDF of Z, i.e., Fz(z), by deploying
the total probability theorem (Bertsekas & Tsitsiklis, 2008, p. 28) and applying differentiation
afterward. Note that Fz(z) = Pr{Z < z}. Applying the total probability theorem through (A
III-14) gives

Fz(z) = Pr{Y < 2}Py,(0)+ Y Pr{Z < x+y[¥s = r}Py(r) (A T11-15)
r;O
Fz(z) = Fr (2) Py, (0) + Y Fry,— (x + y|Ya = r) Py, (r), (A TII-16)
r;()

Differentiating (A III-16) w.r.t. z then gives

f2(2) = fr ()Pr, (0) + }_ fz1v,—r(x +Ya = 1) Py, (r). (ATI-17)

T
r#0
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To continue, we are going to pursue the derivation of the probability mass function (PMF) of Y4.
Should we let ¢; = s;v;, 1 < j < 2u, then for the independence of s; and v; (Bertsekas & Tsit-
siklis, 2008; Gallager, 2013),

Pc(cj) =Pr{s;}Pr{v;}. (A TII-18)

Meanwhile, Y4 becomes the sum of 2u RVs, {c j}?i 1> and its PMF can be recursively deter-
mined as the PMF of A, = A,,_1 4 ¢, for Ag = 0. To continue (Bertsekas & Tsitsiklis, 2008, p.
213),

Py, (r) =Pr{Ay =r} =Pr{ci+cr=r} (A III-19a)
= i Pc(n)Pc(r—n) = Pc(r) =« Pe(r). (A TII-19b)
Similarly,
Py, (r) =Pr{As+c3=r} = i Py, (n)Pc(r—n) (A TII-20a)
= P, (r) * Pc(r) (A III-20b)
= Pc(r) x Po(r) « Po(r). (A TII-20c)

Pursuing the recursive analysis further eventually gives

Py,(r) = Py, (r) = Pe(r)*Pc(r) -« Pe(r) (A TI1-21)

~
2u—1 fold discrete-time convolution

where r = Z?Z] SV,

Should we presume that all the possible values of r belong to a set .#, then .# = .#~ U
{0}U.#* for .4~ and .4 being the set of all possible negative and positive values of r,
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respectively. Accordingly,

fZ(Z):fY<Z)PY4(O)+ Z fZ|Y4(x+y’Y4:r7)PY4(r7)
reed—

+ Y fantyYa=rT)P, (). (ATI-22)
rted~+

If r >0, x>0, and x <0 when r < O0—cf. (A IlI-12d). Hence, determining the PDF of Z for
both conditions depends on the PDF of X and Y. However, these RVs depend on the transmitted
SOI and RFI, the SOI channel, and the RFI channel. Accordingly, X and Y are dependent RV's
rendering the derivation of the exact PDF of Z either mathematically intractable or too complex.

To the best of our knowledge, such a PDF hasn’t been derived to date.

To overcome the aforementioned intractability, we approximate the resulting PDF for r > 0
by the PDF of the sum of two independent RVs. Relying on (Bertsekas & Tsitsiklis, 2008, p.
214),

fap,(x+ylYa=r") = /o;fxy4 (x|Yy = 1) fy (z—x)dx. (A T11-23)

Similarly, the PDF for r < 0 is approximated by the PDF of the difference of two independent
RVs. Thus, relying on (Bertsekas & Tsitsiklis, 2008, p. 216),

o x+yYa=r") =~ /ny(x)fxy4(x—z|Y4 =r7)dx. (A T11-24)

Substituting (A III-23) and (A III-24) into (A I1I-22) results in

16D = fr@OPLO)+ L Pulr®) [ i (elts =) fy (a2

rted+

+ Y Pu(r) /m fr () fxpy, (x—zYa =r")dx. (A TI-25)
reed -

Henceforth, the PDFs fy(y), fxy, (x|Ya = r7), and fy|y,(x[Ys = r") are derived. From the

considered Nakagami-m fading channels, 4> and g? are gamma distributed (Trigui et al., 2009).

W hyPy Y24 E{s?
Accordingly, Y| ~ ¥ (m1,Q;) and Y5 ~ ¥ (my,Q) for Qi = Yy = hzsv? - %1“/{%} and
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Q, — 7 — &b _ BRLLELG) he | f m; and d Y, exhibit th
2= Yinr = " = W' For the integerness of m; and m», Y7 and Y, exhibit the

Erlang distribution expressed via its PDF as (Karagiannidis et al., 2006a, eq. (2))

ml—l y

) = U (), A TI-26
where 1 <1<2, 1 = %”’ ,and M = "’"’ The PDF of Y, which is the sum of two mutually

independent Erlang dlstrlbuted RVs, is then given by (Karagiannidis et al., 2006a, eq. (6))

2 m;
= Z Z Enin2 (i, k) fy, (vik,ms), (A TII-27)
where the weight 777 (i, k) is as defined in (Karagiannidis ez al., 2006a, eq. (A-5)). Using (A
I11-26) and (A TI1-27),

k—1

2 m;
- B (j k) — e WU (2). (A TI1-28)
,-; ; e nk(k—1>!

Meanwhile, the PDF of Y3 can be recognized as the distribution of the product of two indepen-
dent Nakagami-m distributed RV's h\ﬁ and £ ‘F with local mean received powers of Q| = h £
and Q, = gé >, respectively. Employing (Karagiannidis et al., 2007, eq. (4)) for N = 2, the

PDF of Y3 becomes

) ) . (A III-29)

Recognizing that Q; and Q, are, respectively, the ratio of the average SOI power and the
average RFI power to the noise power, Q= Ysnr and Q, = ¥inr- In addition, the PDF in (A III-
29) is a non-negative function (Karagiannidis et al., 2006b). Hence, it can be further expressed

as

_ 2y 20 (Y
Trs(v) = (my —1)!(my — 1)1G0,2 mn2

. ) U(y). (A TI1-30)

ml 7m2
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Once fr,(y) and Py,(r) are obtained, fy|y, (x[Ys = r~) and fxy, (x|Ys = r™) can be derived by
using the total probability theorem (Bertsekas & Tsitsiklis, 2008, p. 28) for r < 0 and r > O,
respectively. To derive these PDFs, we resort to the derivation of the CDF of X and apply
derivative afterward. Employing the definition of CDF (Bertsekas & Tsitsiklis, 2008, p. 148),

Fypy, (x|Ys = r") = Pr{Y3r <x} = Fy,(x/r). (A TI1-31)

Differentiating (A III-31) w.r.t. x yields

Sy, (Ya = 1) = fys (x/r) /7. (A T11-32)

Similarly, for r < 0 (|r| = —r),
Fypy,(x|[Ya=r") =Pr{-Y3|r| < x} (A II1-33a)
=Pr{ Y3 <x/|r|} = F_y,(x/|r]). (A 111-33b)

Differentiating (A III-33b) w.r.t. x results in

Txp, (Ya =717) = foy,(x/|r]) /7] (A TII-34a)

1 x/r
9 i/ ] = P (A TIL34b)
where (a) follows from the PDF relation (Bertsekas & Tsitsiklis, 2008, p. 205) for —Y; =

—1 x ¥3. Utilizing (A I1I-32) and (A III-34b) in (A III-25),

720~ @R+ L D [ ) e

reH+

+ ) PYFT(() / o;fY(x)fy3((X—z)/r)dx. (A TII-35)

re s~

From (A III-28), fy (z —x) is a non-negative function with a support, w.r.t. x, of [0,z] whenever

r > 0. From (A 1II-30), fy,((x —z)/r) is also a non-negative function with a support, w.r.t. x,
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of [—z,0]. As aresult,

Py4

Jz(2) =~ fr(2) Py, (0) +

re///jL

D[ el oy

+ ) falr) 7ZfY(X)fY3((X—Z)/r)dx. (A 111-36)

re |I’|
Meanwhile, substituting (A I1I-26) into (A I1I-27) produces the expression

k—1

2 my y
= Enip(i,k)————e MU(y). A TII-37
; ; s (s Thk(k— 1)!9 ) ( )

Substituting (A II1-37) into (A II1-36) results in (A 1II-38).

2 m; ,—mlmz k—1,— 5%
l “771772 l k Z x) e
=MoL LY /mw i

I

fy3((x z)/r)dx. (A III-38)

-~

14)

3 SRR 0 4 i
= 1)!

As fy,(y) in (A III-30) is a product of a power function and the Meijer G-function (Grad-
shteyn & Ryzhik, 2007, eq. (9.301)), I} and I,—of (A III-38)—are convolutions between the
gamma distribution, and the product of a power function and the Meijer G-function. To the best
of our knowledge, the solutions of these integrals have never been reported in any mathematical

book nor website. Thus, we offer the solutions, as detailed in the underneath lemma.

Lemma 5.

Z _ k—1 n
h= [ pient ,f)  dx= fy,(z/r) (A 111-39)
Fk— 1)
0 yk—1,77
h=/f —T;“',f =) = (o). (A T11-39b)



238

Proof. To solve the aforementioned integrals, we start by recapping the partial differenti-
ation of the (upper) incomplete gamma function (Wolfram Research Inc., Jan. 2002, eq.

(06.06.20.0003.01)). Thus,
dl'(a,z)
0z

= e i (A 111-40)

Using (A I11-40) and the chain rule of differentiation,

. ) k—1
OT(k, (z=x)/m) _ -z (z=x)"" (A 111-41)
ax ni

Deploying (A ITI-41) in (A III-39a) gives

. /Oz I (k, (g; X)/1i) {l}?(_x{;? . (A TI1-42)

Employing the definition in (Woods, 1934, eq. (1), p. 66), it can be inferred that

ol (k,(z—x)/mi) — Lim [(k, = ngx)) L (k, Zn,x)
ox Ax—0 Ax

(A TI1-43)

Substituting (A 1II-43) into (A 1II-42) and exchanging the limit and integral operations result

in

Jri(x/r)
(Y 1)!dx

- [Ttz m)

h—g%—{/r (c+ Ax—2)/m)

fulafr)
k1

(A TI1-44)

To surmount the z+ Ax term in (A 11I-44), (A 11I-44) can be written as

. 1
11 = lim —|:
Ax—0 Ax

chax i /1)
[ TG/

‘ Jrs(x/1)
_ /0 r(k,(z_x)/n,-)mdx} (A T11-45)
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As Ax is very close to zero, (A I1I-45) can be simplified to

__ fry(x/r)dx

Ax—0 Ax

L[ Tk (= x)/m)
11—111’1’1—|:/0 (k 1)'

¢T(k, (z—x)/mi)
_ /O Gy fale/nds| (ATI4G)

Considering the integrals in (A III-46) as a two-variable function of the integration limits and
deploying the aforementioned definition of a partial derivative, (A 1II-46) is the partial deriva-

tive of the integral w.r.t. z. Thus,

I

0 [*Tl(z=x)/m)
)

=3, k=1 fry(x/r)dx. (A 1I1-47)

It is straightforward to observe that the derivative of the integral is its integrand. Following

(Woods, 1934, eq. (1), p. 141),

Uk, 55 ) frs (x/ I'(k,0
S LT (O A (A 1148)
(k—1)! e (k—1)!
Recalling that I'(k,0) =T'(k) = (k—1)! for k is an integer,
I = fY3 (Z/r)_ (A III-49)
To continue, letting r = x —z (x =t +2), dt = dx and
B U AT
L= ———e i t/r)dt A 1I1-50a
) /_zznik(k_l)!e fis(t/7) ( )
= (4
S Y e t/r)dt. A III-50b
/22 i ) ( )
Employing (A I1I-40),
. s k—1
OL(k, (r+2)/m) _ -5 (t+z) L (A TIL51)
ot Ni Ni



240

Substituting (A II1-51) into (A III-50b) and adopting identical procedures as in (A I11-43)-(A
I1-46) render

e /_—2: JT (k, (ta jz)/m) (iyg_(’ig! s (A II1-522)
_ 8(iz) / ; F(k’( ](C’j f)) |/ LoFS (;) dr (A TII-52b)
__ a(g—z) / zj Lk, (’< __(I)Z!))/ ) (;) dt (A I11-52¢)
a R
-G A2
- % i (;)L_Z = fr(z/|7]). (A TI1-52f)

O

Using Lemma 5, (A III-30), and realizing that U(z/r) = U(z) for r > 0,

2r 20( o - )
h= Goa (70— Ulz (A TI1-53a)
Y =m0 02 \ e, ()

2|r| 20( 2 |- )
L= Gys | —— U(2). A TI-53b
> = om0 — 112 e, )V ( )

Substituting (A II1-28), (A III-53a), and (A III-53b) into (A III-38) results in (A II1-54).

2R (NG (55

ninar?

2 m k=1 —1m

N < e 11;]';(0) mip,m

fz(z) = Enin, (i,k 4 L U(z).
2(2) Z;k_l mn (1K) nk(k—1)! re/;\'{o} 2(my — D l(my —1)! @)

(A TI1-54)
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The PDF of p, fp(p), can now be inferred from fz(z) given by (A III-54). From (A III-10),
p = 2Z. As aresult (Bertsekas & Tsitsiklis, 2008, p. 205),

folp) = 3 12(p/2). (ATI155)

Finally, substituting (A III-54) into (A III-55) and realizing that U(p/2) = U(p) result in
(3.10). O]

3. Proof of Remark 2

From (A III-5), we note that p is non-negative. Hence, the RHS of (3.10)—denoted by fp(p)—
is non-negative for all p since U(p) = 0 for p < 0. Meanwhile, fp(p) will be a valid PDF iff

/mfp(p)dp = 1. Deploying (3.10),
0

w Eniny (LK)P(0) e oy e 2
/f” Mo =1 o) = 1! x/o pilemdp+ ), Y} Y Pulr)

i=1k= re.#\{0}i=1k=1

L Enm(iK) /°°2 Gz,o( P’
(mi=1)!(ma—1)! Jo p %% \4mimar?

N

>dp . (ATIL-56)
my,ny

I(p)

With the aid of (Gradshteyn & Ryzhik, 2007, eq. (3.381.3)) and for integer &,

| p¥te Fidp = 2n)T(k0) = (2m)f (k- 1)t (A T11-57)
0
Letting t = p2, dt = 2pdp, dp = zp, and
I(p) = / JTE -~ (A . P (A TTI-584)
PI=Jy 7502 Ammar? |, m
(@) (b)
= I'(m)[(my) = (my —1)1(my — 1)1, (A TII-58b)

where (a) follows through the aid of (Adamchik & Marichev, 1990, eq. (24)) and (b) follows

: 2
for the integerness of {m; };_,.
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Substituting (A III-57) and (A I1I-58b) into (A III-56) results in

/Ow fr(p)dp = ZZ:’,’;},’,';%k {Py4(0)+ )AGIE (A T11-59)

i=1 k= re.a\{0}
From a valid gamma distribution-based PDF defined in (A III-27), E%/p2(i,k) satisfies the

constraint: Y7, ¥} | ER2(i,k) = 1. As aresult,

/ " Jelp)dp = I AGERD (A TI1-60)
0 re

where (c) follows for the sum of a PMF over its support is 1 (Bertsekas & Tsitsiklis, 2008, p.
75). Therefore, the RHS of fp(p) is a valid PDF. O

4. Proof of Theorem 5
Deploying (Simon & Alouini, 2005, eq. (4.63)) in (3.11) and employing / fr(p)dp =
0

/OOOJ?P(P)dP =1,

Piml—e Y 28 /wegpgln(\/pl)fp(p)dp. (A TI-61)
0

n=u

Supposing t = \/pA, p =1?/A, dp = %dt, and
- A nd 1 °° 12 1 tz
Pym1-2e2 ) A" / e Tt "L fp <—)dt. (A 111-62)
n=u 0 A

Substituting the series representation of I,(¢) (Jeffrey & Dai, 2008, eq. (17.7.1.1-3)) into (A
[I-62) and simplifying,

oo 2e73A 2t L t?
ZZzn+211|n+1) / t e 2}”fP T dt. (A TI1-63)

n=uj
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Substituting (3.10) into (A III-63) results in (A 111-64).

Pi~1—2e %i

n=ul=0i

i i AMERI (i, k)
S 2 e+ 1)

o 21an
Py,(0) / 214201,
(22m;)*(k—1)

J/

-~

I

2 _Z 20 l4 B
+ Py / 2l g0 (T dr|. (AII-64)
(=1t = 11,2 0 o2\ anmarl,, .
I
To simplify (A III-64), we let v = 2. Consequently, dv = 2tdt, 1 5 =dt, and
v(1+n;)
=3 / k=1 i gy (A 1II-652)
(@) T(I+k,0) < 2l )”"
< A TII-65b
2 I+n; ( )
[+k—1)1/ 2mAd \F
_ (k=) 2n , (A I11-65¢)
2 I+n;

where (d) follows with the aid of (Gradshteyn & Ryzhik, 2007, eq. (3.381.3)). Recalling

_ 2 _ dv
y=t ,dv-2tdtandm—dt,

V2 B
2 — d A T11-66
2/ e G <4mnz7tzr2 mymy ' ( Y
(e) 2% A1 4 |77
= —G§§ —— , (A TI1-66b)
4 M2 |y

where (e) follows with the aid of (Wolfram Research Inc., Feb. 2007, eq. (07.34.21.0088.01)).
Eventually, substituting (A III-65¢) and (A III-66b) into (A III-64) and rearranging render
(3.12). O
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5. Remarks on the State-of-the-art RFI Detectors

The MR detector of (De Roo & Misra, 2010) relies on a huge number of samples to invoke
the Gaussian approximation which signifies its sub-optimality in sample starved settings. The
authors of (Balaei & Dempster, 2009) assume the GPS signal to be a real, bandpass, zero mean,
and wide-sense stationary Gaussian process (see (Balaei & Dempster, 2009, Sec. I11)); a hardly
practical assumption which underscores the sub-optimality of the technique. By neglecting the
impact of the GNSS signal, it appears in (Borio et al., 2008, Appendix A) that the spectrogram
test statistic in the absence of interference exhibits the central y?—distribution—employed to
derive the FAR expression—which implicates a sub-optimality whenever the SNR is greater
than zero. The distribution of the DWVD test statistic in the absence of RFI is approximated
via the Gaussian distribution rendering a sub-optimal detection scheme proposed also by the
authors of (Borio et al., 2008). Finally, since the transformed-domain techniques (Dovis et al.,
2012; Musumeci & Dovis, 2012) didn’t exploit any explicit test statistic so as to detect an RFI,

they tend to be heuristic and hence sub-optimal techniques.



APPENDIX IV

APPENDICES OF CHAPTER 4

1. Proof of Theorem 6

Recalling the equivalent test statistic given by (4.14),

v u(PR)

)
Vite((Iy, — P2)RY)

Substituting (4.9b) into (A IV-1) and exploiting tr(AB) = tr(BA) (Magnus & Neudecker, 2007),

A A 2 ’\H
v tr(P2Po.ng Ry P .y, )

Tog = 2k SR (A IV-2a)
Vi tr((INR _PZ)PZZNRRnyZZNR>
~H AA N
Vs '[I‘(PQZN P2P2:NRRyy)
_ = ek e (A TV-2b)
Ltr((Ing — P2)Pong RyyPo.y, )
Y PN ~
W (P P2Pong Ryy) (A TV-2¢)

oy ~H ~ N N °
Vi tr(PzzNR (INR _PZ)PZINRR)’)’)

To continue, we hereinafter simplify the arguments of the numerator and denominator of the
RHS of (A IV-2c). Employing (4.9a) and (4.12), and the fact that the projection matrices
f’z and f’z; Ny are Hermitian—f’z = IA’;I and 132; Neg = PZNR—and idempotent—f’zf’z = 132 and

Py Poy, = Po.y, (Strang, 2003),

I\H 2 Py A AH A\ AH oS ’\H
Py ngPrPong = UnnUs oy, [UZ?NR(:7 1)U2:NR(3» 1)} UrngUsnyg (A IV-3a)
(@) o H ~H
= Uong [1 01 -] [1 O1e(ve—2)] Unw (A TV-3b)
A ~H N ~H N
Y G (YO (1) = U (2007 (,2) = P, (A TV-3¢)
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where (@) and (b) follow from the orthonormal columns of U. By the same fashion, employing

(A IV-3c¢), (4.9a), and (4.12):

PQI:NR (Ing = P2)Po.y; = P IZL{NRIAJ Y I;I:N,jJ 2P (A IV-4a)
=Py, — P (A IV-4b)
= oy — O (1) 050, (1) (A TV-4c)
Dy~ 06O D] - 0620" ) ATV
D e~ U0, 1:20"(1:2) (A TV-4e)
= U(:,3: Np)U" (3 Ng) = P, (A IV-4)

where (c) is because of the orthonormal columns of U leading to the relationship that U (:
U ( )+ U2 NR)U (:,2: Ng) = Iy, and (4.12); (d) follows by noticing that U(:, 1
2)=[0(.1) U(:2)].

Following the aforementioned simplifications, substituting (A IV-3c) and (A IV-4f) into (A

1V-2¢),
tr(PzRyy)/Vl 62

= ~ = , (A IV-5)
tI'(P3;NRRyy)/V2(72

where division by 62 is accommodated into the numerator and denominator, as it brings no
difference to the underlying statistic. Meanwhile, substituting (4.5) into (A IV-5) and applying

the properties of trace (Magnus & Neudecker, 2007, p. 11) recursively,

tr(PQZy k])/vlc (Zsz >/v10

Toq = = . (A TV-6)

r <P3 N Z ylk ]) /vy62 tr( Y PyylKly” [k]) /vy62

k=1
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Moreover,
N . N
Ztr(ng[k]yH[kD /vic? Ztr( K Poylk ) /vic?
Tog =~ == (A TV-7a)
Y uw(Pany Ky (1) /va0? Y (K lk] ) /202
k=1 k=1
N N
Y ¥ [kPaylk)/vio® Y Y KO (20" (. 20y /o
9 il L . (AIV-Tb)
Y YK Py ylk] /voo® Y YIKIO (5,3 NR)U ™ (2,3 : NR)y[k] /v20
k=1 k=1

where (e) follows from the fact that the trace of a 1 x 1 matrix is itself and (f) follows from

(A IV-3c¢) and (A IV-4f). To continue, let

ax=o"'0"(:,2)ykl e C (A TV-8a)
by =0'0"(:,3: Np)ylk] € CVe=2). (A TV-8b)

Plugging (A IV-8a) and (A IV-8b) into the RHS of (A IV-7b) then leads to

1
Cl Ay
Toq = "—11’; (A TV-9a)
vy Lao1 by bi

1 N H

S Yp_14a;a
= — A= L (A TV-9b)
—1 X5 b (1B ]

where by[j] = G_lﬁH(:,2 + j)y[k]. By exploiting (A TV-9b) for infinitely huge samples, it is

now time to determine the distribution of T¢q for the underneath three cases.

Case 1. (Ysnr, Yinr) = (0,0): this condition implies that neither the SOI nor the RFI is received
by the receiving antennas. For this scenario, a; = G_lﬁH(:,z)z[k] and by = G_lﬁH(:,3 :
Ng)z[k]. Employing the properties of mean and variance (Seber, 2003; Gallager, 2013; Pa-
poulis & Pillai, 2002), as z[k] ~ €A, (0,6%Ix, ), E{ar} = o 'E{O" (:,2)z[k]} = 10" (:

2)0xx1 = 0; Var{ay} = 507 (:.2)020(:,2) = 0" (:,2)0(:,2) = 1. Hence, ay ~ €A1 (0,1).
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Deploying the properties of mean and variance (Seber, 2003; Gallager, 2013; Papoulis & Pillai,
2002), similarly, bk ~ CgJi/(NR,Z) (07I(NR72))-

Since a ~ €A 1(0,1), Refar} ~ A1(0,1) (= [Re{a}]” ~ 22 ), Im{ar} ~ A7(0,1) (
[Im{ay}] 2 X7 ). and it shall be recalled that af a, = [Re{a}] 4 [Im{ay}] *. As aresult, for
the independence of the constituent terms, af ay ~ %22 and hence 22[:1 af ay ~ XQZN- Hence, the
numerator of T¢q is made of the sum of 2N chi-square distributed independent RVs (each with
a DoF of 1) and hence it has a degree of freedom of 2N = v;. Consequently, ZQ/:] akH aj ~ )(3] .
To continue, as each element of by is independently drawn from the complex normal distribu-
tion of zero mean and unit variance, Re{by[j]} ~ A41(0,1) ( = [Re{bk[j]}}2 ~xt). 1<j<
(Ng—2) and 1 <k < N; Im{b;[j]} ~ A1(0,1) (= [Im{b[j]}]* ~ 22 ), 1 < j < (Ng—2) and
1 < k < N; it shall be recalled, once again, that b [j]by[j] = [Re{bk[j]}]2 + [Im{bk[j]}}z,
1 <j<(Ng—2)and I <k <N, and all the constituent terms are independent of each
other (Seber, 2003, Ch. 2). As aresult, for 1 < j < (Ng—2)and 1 <k <N, ka[j]bk[j] ~
23, TP 1kl ~ 2 p—ny and T3 ZJE 2 BY [j1bilj] ~ Xz Note that the de-
nominator of Tgq is made of the sum of 2N(Ng —2) chi-square distributed independent RV's

(each with a DoF of 1) and hence it exhibits a DoF of 2N(Ng —2) = v,. In other words,
NR—23Hy - .
A X b (bl d) ~ s,

Employing the above analyses in (A IV-9b),

%31/V1

Teq ~ .
X3,/ V2

(A TV-10)

Attempting at a further standardized characterization, (A IV-10) implicates that the central F—
distribution can characterize the distribution of 7¢q provided that an independence precondition
is satisfied. In this regard, if the distribution of Tq is to be expressed in terms of the central
F—distribution, it should be attested that x\%l and x\%z are independent RVs (Johnson et al.,
1995, p. 322). In other words, the constituent Gaussian RVs of the numerator and denominator
of (A IV-9b) should be independent (as discussed before, it shall be recalled that all the con-

stituent Gaussian RVs of the numerator are independent with each other; all the corresponding
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Gaussian RVs of the denominator are also independent.). Should the sought independence be
true, it would suffice to show that a; = G’llAjH(:,Z)y[k] and by = G’IIAIH(:,3 : Ng)ylk] are

independent.

According to (Seber, 2003, Theorem 2.5, p. 25), a; and b; would be independent if and
only if Cov{ay, b} = 0y (ng—2)- To check if this is true or not, we deploy the definition
of covariance stated in (Seber, 2003, Theorem 1.2, p. 6) for real RVs. Thus, adapting the

definition to our scenario (as we are dealing with complex RVs) while recalling that E{a;} =0

and E{b;} = Ong—2)x1>

Cov{ak,bk} = E{ (ak - E{ak}) (bk — E{bk})H} (A V-1 la)
_ E{akka} - %IAJH(:J)E{y[k]yH[k]}ﬁ(:,3 : Ng) (A IV-11b)
@ %ﬁH(:,Z)E{z[k]zH[k]}f](:,?s  Ng), (ATV-11c)

where (g) is the result of the aforementioned preconditions that (s, Yinr) = (0,0). When in-
1 N

finitely large samples are available, E{z[k]zH [k]} = &im N Z z[k|z!? [k] = 61y, Therefore,
7N =1

exploiting the inherent property concerning the orthonormal columns of U,
lim Cov{ag, by} = 0" (:,2)0(:,3: Ng) = 0y (y—2)- (AIV-12)
—>00

Under an infinitely huge sample setting and (¥, Yinr) = (0,0), hence, a; and by, are independent—
making x‘%l and x‘%z independent. Consequently, for the scenario under consideration and
the availability of infinite samples, (A IV-10) would satisfy the definition of the central F—
distribution (Johnson et al., 1995, Ch. 27, p. 322) and hence

lim Teq ~ Fy . (A TV-13)
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Case 2. ¥, = 0 and ¥, > 0: for this scenario, Hy is true and hence y[k] = hs[k| + z[k].

Accordingly,

ac=o'0"(:,2) (hslk] + 2[k]) € C (A IV-14a)

H

by =0'0"(:,3: Ng) (hs[k] +z[k]) € CM=—2), (A TV-14b)

Employing the simplifications of Case 1,

N N
Z =Y [Re{a}]” + [Im{a;}]? (A IV-15a)
k=1 k=1

_ ﬁ [Re{o 0" (:,2)(hs[k] + z[k])} > + [Im{c 'O (:,2) (hs[K] + z[k])}]*.

T
1

(A TV-15b)

Expanding (A IV-15b) leads to

N N
Y alay =Y [Re{o'0"(:,2)hs[k]} +Re{c~'T" (:,2)z[k]}]?
i Im{G_lU )hs[k]}+Im{c—1ﬁH(:,2)z[k]}]z. (A IV-16)
As both Re{G_]ﬁH(:,Z)z[k]} and Im{G_IﬁH(:,2)z[k]} manifest a distribution .47(0, 1), it

can be concluded that Y, affa; ~ x' %, 1 (/IIH %), where lf{ % is the NCP inferred from (A IV-16)

and expressed as

1Y 2 1 ¥
A0 = i 5 ) [Re{U 6— Z Im{U hs[k]}} (ATV-17a)
k=1 k=1
1 N
-=Y ([Re{U 2)hslk] ) + [m{0" (. 2)hs(k]}]) (A IV-17b)

T
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Furthermore,
Ho_ Vo o R DR
M =—= Y (hslk)"U(:,2)07 (:,2)hs[k] = — Y (hs[k])"" Py hs[k] (A TV-18a)
S = 0 k= i
=P, P,
1 < Hy
= — Y (Pyhs[k])" Phs[k] (A TV-18b)
et
1 N
= — Y ||Pohslk]|* (A IV-18¢)
o’ &
Similarly, realizing that by [j] = G_lﬁH(:, 2+ j)(hslk] + z[k)),
N Ng—2 o N Ng— 5
Y X B [bil) :Z Z [Re{by[j]}]” + [Im{bi[j]}]". (A TV-19)
k=1 j=1 k=1 j=
Pursuing the simplification of (A IV-19) through expansion
N Ne2 N Ng—2 L H 5
Y Y bilibdil =), ), [Re{o™ U (:,2+4 ) (hslk] +2[k])}]
k=1 j=1 k=1 j=1
N Np— A 2
+) Z Im{c™'0" (:,2+ j)(hs[k] +2[k])}]" (A IV-20)
k=1 j=1
N Np—2 N Ngp— A AH 2
Z ka [7]br /] Z Re{G (:,2+ j)hs[k] + -1 (:,2—|—j)z[k]}}
k=1 j=1 k=1 j=1
N Nr—2 | ~H 1~ H 2
+Y Y Im{c7'O"(:,2+ j)hsk]+ 07U (-, 24 j)z[k]}] . (ATV-21)
k=1 j=I

Realizing in (A IV-21) that Re{ 10" (:, 2+ j)z[k] } ~ A7 (0,1) and Im{ 10" (:,2+ j)z[K] }
~ 4(0,1), IZNR 2bl by [j] ~ x'%,z(lfo), where ){10 is the NCP that is inferred from
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(A TV-21) as
H 1w 1Y Ve 5
A0 = G—Z Re{U (:,2+ j)hs[k]}] G—Z Z Im{U 5,24 j)hs[k]}]
(A IV-22a)
1 N Nr—2
=32 ) ()"0, 2+ )0 2+ j)hs[K] (A IV-22b)
k=1 j=1
:pglzNRi’&NR
1 o 1 ¥ A ~n
:gZ(hS[k]) U(:733NR)U (:,3: Nr)hs[k ZG—Z Ps.n,  hs[k]
k=1 =1
(A IV-22c)
1 & .6 Ha
= —5 3. (P hslk])” Paghs(k] (A 1V-22d)
k=1
| LA
= —3 2 [[Psovehsli] (A TV-22¢)
k=1
Employing the above-detailed simplifications in (A IV-9b),
/2 A/HO vV
eq’\’xgl( L,)/ 1 (A TV-23)
x5, (A7) /v2

If (A TV-23) has to be simplified in terms of the noncentral F—distribution, ' %,1 (lfl %) and
x' %,2 (QLZH %) should be independent (Johnson et al., 1995, Ch. 30, p. 480). In other words, a;
and b—equated, respectively, in (A IV-14a) and (A IV-14b)—should be independent. Equiv-
alently, Cov{ay, b} = ]E{ (ak — ]E{ak}) (bk — E{bk})H} becomes a zero vector provided that

(A TV-23) should admit the noncentral F—distribution.

To continue with the computation of Cov{ay,b;}, meanwhile, using (A TV-14a) and (A IV-
14b):
H (h)

(:,2) (E{h}E{s[k]} + E{z[k]}) = O (A TV-24a)
(@)

E{ak} =o U

E{be} =010 (:,3: N) (E{RYE(s[K]} +E{2[k]}) = Oy, )1, (A TV-24b)
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where (/) and (i) follow for E{h} = E{z[k]} = On,~1—due to the presumed zero mean Gaus-

sian distribution. Thus,

1 H
o2
1
o2

Cov{a, by} = (:,2)E{(hs[k]+z[k])(hs[ |+ Z[k]) } (:,3: Ng) (A IV-252)

—
~

)

0" (:,2) (E{hhH}]E{s2 [k]} +E{z[k|z" [k]}) U(:,3:Ng), (AIV-25b)
N—_——

=P

where (j) follows for the independence of h and z[k|, and the presumption that E{h} =
E{z[k]} = On,x1. When infinite samples are available, E{hh"} = I, and E{z[k|z"[k]} =

ol Ng- As aresult,

Jlim Cov{ay, by} = 0" (:,2) (P + 6 Iy 0,3 : Ng) (A TV-26a)
2

"UQ

_ By b3 N

®)
= )

= 01 (Ng—2)» (A IV-20b)

where (k) follows because of the orthonormality constraint characterizing the columns of U
As a summary, for infinitely huge samples, b ~ €A y,(0,1y,), E{s?[k]} = P, and z[k] ~
C N np(0,6%1,), x’%l (QLIHO) and x’%,2 (),ZHO) are independent RVs making (A IV-23) satisfy
the definition regarding the noncentral F—distribution (Johnson et al., 1995, Ch. 30, p. 480)

with (v, v2) DoF and NCPs (/IIH o lf %). Therefore, under the aforementioned conditions,

lim Toq ~ Fy. (A, 570). (A TV-27)

N—o0

Case 3. ¥, > 0 and %, > 0: this case is exactly Case 2 subjected to a constraint of ¥, > 0.

With regard to such a constraint,

= —U"(:,2) (hs[k] + gv[k] + z[k]) € C (A IV-282)

lf]H

QIHC\IH

(:,3 : Ng) (hs[k] + gv[k] +z[k]) € CN==2), (A TV-28b)
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As seen in (A IV-28a) and(A IV-28b), a; and b; admit the same distribution except the shift, in
the corresponding NCPs, by gv[k]. Hence,

Hl
Teq ~ —% 5 “ T >/v], (A IV-29)
x5, (M) /v
N
where (ﬁtfil,lf‘) = iz Z (HPz(hs[k] + gv[k]| H || P3.n (Rs[K] + gv[K]) || > To express (A

IV-29) in terms of the noncentral F—distribution, x’;, 2 (QLHI) and x5, 2 (QLHI) are required to be
independent, and hence Cov{a, by} = E{ (ar —E{ax}) (bx — E{bk}) } should be a zero row

vector.

Employing (A TV-28a) and (A IV-28b), and following (A IV-24a)-(A IV-25b):

Cov{ay, b} = %IAJH(:, 2) (E{hhH} E{s’[k]} +E{gg" Y E{v*[k]} +E{z[k]z" [K] }) U(:,3:Ng)

(A IV-30a)

(1) Py+ P, + o2
T 62

(m)

~H L
U (5,2) X Ing X U(:,3:Ng) = 01 (ng—2) (A TV-30b)

where () follows because of the independence of h, g, and z[k], and the considered as-
sumption that h ~ € A n,(0,1y,) and g ~ € A n,(0,Ix,); and (m) follows from the or-
thonormal columns of U. Under these conditions—h ~ €Ay, (0,1n,), 8 ~ €N N (0,1Iny),
E{s?[k]} = P, E{v?[k]} = P,, and z[k] ~ €A n,(0,6%Iy,)—and the availability of infinite
samples, '\, 2 (AH‘) and y';, 2 (AH‘) would be independent RVs. Consequently, for the underly-
ing case and the preconditions of Theorem 6, as per (Johnson et al., 1995, Ch. 30, p. 480),

lim Toq ~ Fy. , (A, 51). (A TV-31)

N—o0

Finally, accommodating Case 1, Case 2, and Case 3 leads to Theorem 6. O
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2.  Proof of Proposition 1

This proof begins with the derivation of the closed-form expression—valid under infinitely

huge samples—of P;. Thereafter, the corresponding closed-form expression of Py is inferred.

Employing the definition in Proposition 1, (4.13), and (4.14):

A
Py=Pr{T > A|H} = Pr{%Teq > A‘Hl} _ Pr{Teq > Vj— Hl} (A IV-32a)
2 1
) )
:1—Pr{Teq§vj—‘Hl}:l—Pr{Teq’Hlgvj—}. (A TV-32b)
1 1

To simplify (A IV-32b), it shall be realized that Teq]Hl corresponds to the scenario that the

corresponding SNR and INR being greater than zero, i.e., Teq|H1 = Teq . Conse-
Ysnr>0 & Yinr>0
quently,
A
Py=1-— Pr{Teq < 2—} (A TV-33a)
Yor>0 & Yim>0 V1
A
lim P, 2 1 —Pr{ lim Teq < 2—} (A TV-33b)
N—roo N—roo Yorr>0 & Yiny >0 Vi

where (a) follows through the exploitation of the properties of limit. Meanwhile, invoking the

third “if condition” of Theorem 6,

VA
lim Py =1— Pr{ Teq < 2—} (A TV-34)
N—roo ~— Vi
H H

~F\5’17V2(ll 1732 1)

Therefore, the CDF of Fy; (/"tfl h l;l 1) can be deployed to simplify (A IV-34) to

Py=1—F"(voA/vi;vi, v A A0, (A TV-35)
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Employing the definition Py = Pr{T > A|Hp}, (4.13), and (4.14); and following (A IV-32a)
through (A IV-32b),

A wA
Pf:I—Pr{Tqui—Ho}:1—Pr{Teq‘H0§j—}. (A TV-36)
1 1
Under Hy (no RFI condition), ¥, = 0 and ¥, > 0. As aresult, Toq|Hy = Teq and
Yinr:O & ')/snr>0
hence
. (b) . VoA

lim Pr = 1—Prq lim T¢q < — (A IV-37a)

N—reo N—reo %11r:0 & YSnr>0 Vl

A
9y Pr{ L, <% } (A IV-37b)
~— Vi
Y vy (70,25 0)

where (D) follows directly from the properties of limit and (c) follows by utilizing the second
“if condition” of Theorem 6. Meanwhile, deploying the CDF of Fy ,, (llH 0 lf %) in (A TV-37b)

leads to the expression
Jlim Py =1 F" (vaA/visvi, va A [0 20). (A IV-38)
0
3. Proof of Lemma 2

First, please note that P, projects toward the subspace spanned by the singular vector cor-
responding to the second largest singular value; P3;NR projects toward the subspace jointly
spanned by the singular vectors corresponding to the remaining smallest singular values. To
continue, as N — oo, the population covariance matrix (PCM) Ry, = E{y[k]y”[k]} would be
perfectly estimated by the SCM IAny. In this regard, the signal subspace (which is spanned by
the SOI and/or the RFI) would be perfectly differentiated from the orthogonal noise subspace.

For this scenario:
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o if the proposed detector is operating in the high SNR and INR regimes, and Y, >> Yinr,
the first and the second largest singular values are contributed by the SOI and RFI, re-
spectively. This is also corroborated by the fact that the contribution of the noise eigen-
values in the high SNR and INR regimes is close to zero, as the contaminating noise has
a very weak power, i.e., Prh= Ongx1s Prg =g, and IA’3;NRg = P3;NRh = Opp 1. From the

suppositions of Theorem 6 and Lemma 2, thus,

:ONRXI =8 :ONRXI :oNRxl
Hoamy 1S 13 e T e
(Al‘,/lzl)—gz (|| P2hs[k] + Pag vIK]||”, || P3:nghs[k] + P3.nggvik]||”) (A IV-39a)
k=1
1

K][|*,0) = (A0,0). (A TV-39b)

1=
—~
o9

<

GZ

I
—_

Meanwhile, recalling that the singly noncentral F—distribution is the result of the doubly
noncentral distribution with one of its NCPs being zero (Johnson et al., 1995, Ch. 30, p.

480), the closed-form expression given by (4.17) follows from (4.15). [ |

e if the proposed detector is operating in the high SNR and INR regimes, and ¥, >>
Ysnr» the first and the second largest singular values are contributed by the RFI and SOI,

respectively, i.e., Ph=h, P,g= On;x1, and szNRg = IA’3;NRh = Oy, x1. Hence,

=h :ONR><1 —ONR><1 _ONRXI
Hi 4 H LS s, 32
()Ll 17121)222 ( chs[k]—f— Pyg v || HP3NRhS[ +P3NRgv H )

k=1

(A TV-40a)
1 X 2

== Y. (||As[k]]|7,0) = (As,0). (A IV-40b)

k=1
Similarly, deploying (A IV-40b) in (4.15), (4.18) becomes evident. [ |

If the proposed RFI detector is operating in the high SNR regimes, on the other hand, the
largest singular value is contributed entirely by the SOI and the rest of the eigenvalues

are the noise eigenvalues of equal magnitude (especially, as N — o), i.e., Poh = Onpx1
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and P3;NRh = Op, < 1. Accordingly, evoking the supposition of Theorem 6,

1 X . .
(A, 25%) _G—Z | Bah (k][ || Paehsik]]) (A IV-41a)
- =Onpx =0npx1
= (0,0). (A TV-41b)

Plugging (A IV-41Db) into (4.16) and realizing that the central F—distribution is the non-
central F—distribution with zero NCPs (Johnson et al., 1995, Ch. 27, p. 322), (4.19)
follows. [

Eventually, accommodating the aforementioned scenarios leads to Lemma 2. U



APPENDIX V

APPENDICES OF CHAPTER 5

1. Proof of Lemma 3

Following the definitions in (5.1) and (5.4),

~ (P T 1 T T \H
[‘%yp } (3) N [g’]/p} (3) ( [@P] ))
S a5(p)

ndRyyPrqg = Ry

~

(A V-1a)

(A V-1b)

(A V-2a)

(A V-2b)

Substituting (A V-2b) into (A V-1a) and (A V-1b), and, in turn, into (5.35) gives (5.37).

To continue, employing (5.16) in (5.34),

~ T ~
{g@[d]:| = (T1®Iw)j‘)d.
3)

Exploiting (5.33) and (A V-3) in (5.37),

A » P
—_— w((T1@0v)PaR)))

V(P @t (v~ PR )
Deploying (5.16) and (5.20) in (A V-4),

tI'((Tl ®IW)ﬁl:r1il:r1 ﬁll—l:rl)

A,

7B _ V2

Viw((T, ®IW)Ur1+1:NRW2r1+1:NRW0g+1;NRW)

(A V-3)

(A V-4)

(A V-5)
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From (5.21b),

S =S vew(Lir, 1iry) (A V-62)

o inew = Erpingw (r+1:d,r 412 d). (A V-6b)

At last, substituting (5.21a), (5.21c¢), (A V-6a), and (A V-6b) into (A V-5) leads to (5.38). [J
2. Proof of Theorem 7

Employing the stated definition, lim P; = Pr{ lim T8 > 7L|H1}. In other

AUr+1:NRW_>0 AUr+1:NRW_>0
ds, i Py=P li T™|H, > A}. Whil loying (5.21a)-(5.21c), ap-
words AUml;z{rI,:w—m ol r{ AUml;g:W—m ‘ 1 } ile employing ( a)-( c), ap

plying limit and its properties to (5.38),

. tl‘(Nl) P
lim P; =Pr ——|H > A ¢, (A V-7)
AUrJrI:NRW_>0 tr (NZ)
where 1 = vi 4 /vy and
Ni= i Ti0Iy)0,., ., U A V-8
1 AU,HI;}I\:W%O{( 1@Iw)U 1 21, UY,, } ( )
N»=  lim {(Tl ®IW)ﬁrl+1:NRW2r1+1:NRW0g+1;NRW}' (A'V-9)

X [ X

For [#] ), decomposed as [#/] ) = [Ullzr'] lxl[ln}}f‘.[li] [‘:7[11:”} V[I"]]H

(L] _ gl g,
and X7 =X (1:
r1, 1 :rp), the perturbation analysis extended to the HOSVD-based subspace estimate (Roemer
et al., 2014, Sec. III-B) leads to

l:rl]

ol =gl agt, (A V-10)

where U [1”” denotes the true version of U [11:”] and AU [llzrl] =U [{l]fl [{I}H [D@P

(Roemer et al., 2014, eq. (23)) for U [ln] and i‘,[ll:rl] being the true versions of ﬁ [1”} and f‘.[llzrl},
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respectively. Expanding (A V-8) and (A V-9) using the properties of limit, (5.21a)-(5.21c¢), and
(A V-10), (A V-11) and (A V-12) follow.

N = lim T ®Iy) x lim U, 1
! AUr+11:NRW‘>0( 1 W) AUrJrll:NRW" rtg )
N . N H
X lim zr+1:NRW<1 :r1,1 :r1)>< lim Ur+1;NRw(I,11r1)] . (AV—ll)

AU 4 1:ngw—0 AU 4 1:ngw —0

No= lim  (Ti@Iy)x  lim  Ueqwew(or+1: NgW —7)

AU 4 1:ngw—0 AU 1 1:npw —
X lim 2,+1;NRw(I’1+1ZNRW—F,I’l—f—l:NRW—I’)

AUy 1:npw —

N H
x[ lim Ur+1;NRW(:,r1+1:NRW—r)] . (A V-12)

AU ry1:Ngw —

To simplify (A V-11) and (A V-12), we simplify the respective limits using the first-order
perturbation analysis. Deploying (A V-10),

lim {(f’l @Iy) = ((f][ll:m] _i_Aﬁ[ll:rﬂ)(f][ll:rl}H +A0[11:r1]11) ®IW)}

AU 4 1:npw—0

[I:rl]H

= @"o" o) =A. Av13)

From (5.41), (A V-14) and (A V-15) become evident.

lim {0r+1:NRW(:»1 ) = U ingw (551 0r) F AU ovew (5,1 rl)}

AUerI:NRW_>0

= U, (1:71). (A V-14)
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lim {ZA],H;NRW(:,rl +1:NgW —r) =U s1:new (5,11 + 1 : NRW — 1)

AU i 1:npw—0

+AUF+1:NRW(:ar1 +1 ZNRW—I’)} = Ur+1;NRw(Z,r1 +1 ZNRW—F). (A V-15)

Realizing that (5.39) is valid when the perturbations go to zero,

lim & yew(Lir, i) =20, (A V-16)

AU ry1:Ngw —
where ., =X, 1.nw (L 11,1 :71). Besides, fora =r; + 1 and b = NgW —r,
lim f‘.rH;NRW(a:b,a:b) =diag(0,0,...,0). (A V-17)
AUrJﬁlzNRW_>
Deploying (A V-13), (A V-14), and (A V-16) in (A V-11),
Ny =AU, 1nw (5, 1o r)Z UE Ly w (1), (A V-18)

Similarly, employing (A V-13), (A V-15), and (A V-17) in (A V-12),

N = Onpw s - (A V-19)

Finally, substituting (A V-18) and (A V-19) into (A V-7) while employing the property of trace,

lim  Py=Pr{tr(N))/0=00>2} (A V-20)

AU 4 1:npw—0

Thus, if A = VoA /v; <o,  lim P;=1. O

AU 4 1:npw —0
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3. Proof of Theorem 8

To prove the theorem, three cases are shown subsequently.

Case 4. Ng < (L; + 1)—for this case, 7| = min(Ng,L; + 1) = Ng. Thus, f‘l = Iy,. Employing
this relation—Iy, ® Iy = In,w—in (A V-4) and recalling (5.17),

5 ()

= oL (A V-21)
Vi tr((Ingw — Pa) VY )

As aresult, Py = P [ ]

Case 5. For the very high SNR and INR regimes—this scenario corresponds to the infinites-
imally small perturbations which render very high SNR and INR values. Thus, the behavior
of the test statistic in (A V-4) can be assessed when the perturbations go to zero. To continue,

from (Getu et al., 2017, eq. (63)),
T)=1Iy,—0"0" (A V-22)

where U [1"} provides an orthonormal basis for the noise subspace which is obtained through—
as discussed in Appendix 2 (under APPENDIX V)—the SVD of [# p](l)- For the very high

SNR and INR regimes, the overall signal lies in the signal subspace. Hence, it is possible to

argue that
T1 ~ Iy, (A V-23)
Employing (A V-23) in (A V-4),
5 P
Vv tr(PyR
T ~ 2 (P 2 >A =T, (A V-24)
Vi tr((INRW _Pd) yy )

where the estimated parameters are to be replaced by their true estimates. Thus, for the very

high SNR and INR regimes, P; = P |
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Case 6. For the low SNR and INR regimes with the constraint: Ng >> (L; + 1) and NyW >>
r + ri—this scenario is going to be investigated by also using (A V-4). Realizing that a projec-

tion matrix Tl is Hermitian, i.e., T{I = Tl, and idempotent, i.e., TlTl = Tl, the subsequent

simplifications follow.

Let F1 = tr((i'l ®IW)PdR§1y))> and F, = tr((f’l ®IW)IA€;I;)>. With these suppositions, it is

inferred from (A V-4) that
TTB _ v B

2 . (A V-25)
vi F5> — F)
Using the identity that tr(AB) = tr(BA) (Magnus & Neudecker, 2007, p. 11),
_ (P PP (F
Fi=u(PRy (Tr@1y) (A V-26a)
B=u(Ry) (Tioly)). (A V-26b)

Deploying (A V-22) in (A V-26a), the identity (A+B) ®C = A®C+B®C (Magnus & Neudecker,
2007, p. 32), and the identity tr(A — B) = tr(A) — tr(B) (Magnus & Neudecker, 2007, p. 11),
(A V-27) follows.

1" 1"

Fi = (PR ((Iy, — 00" Y2 1y) ) = (PR — e (B, RY (@10 w1y
Fi1
— (PR~ F . (AV-27)
As F, = Fj Py—ly it is inferred from (A V-27) that
“ AR
_(p)
F,=tr (Ryy ) — F2,17 (A V-28)
where
F1=F, (A V-29)

Py=Iypw’
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Substituting (A V-27) and (A V-28) into (A V-25),

5 »(p)
718 _ V2 r(PaRyy) — Fi1 _
VIt (Inew —IA’d)IAQg)) — (F2,1 —F1,1)

(A V-30)

When Ng >> (L + 1) and (Yur, Yinr) — (0, 0), it can be visualized that the overall received

signal lies on the noise subspace which is orthogonal to the signal subspace. Accordingly, it

X X [,]H
can be argued that U [1"] U [1"} ~ Iy, which, in turn, implicates that

r+ry
Fi mr(PdR( Iy = PR ) Y 6 (A V-31)
i=r+1
From (A V-29) and (A V-31),
( ) NrW
Ba~u(R) vy =RY ) = Y 6 (A V-32)
i=r+l1

To continue, since an SCM is both a Hermitian and positive semi-definite matrix, it is to be
noted that 6; ~ 02 > 0, V i > r+r; + 1, which is much stronger than the strength of the
received SOI and RFI signals whenever (Y, %inr) — (0,0). Using (A V-31) and (A V-32), (A
V-30) simplifies to

778 ~ V2 w(Paky) 5771, 6 (A V-33a)
Vitr (Ingw — j’d)ﬁx)) 41 G
>(a)> % tr(PdR( )) ~XiL 6 (A V-33b)
VIt ((Inw — PR
Orme _ V2 i1 G (A V-33¢)
Vi ZiVRX”H &

where (a) follows for ):l r+r1+1 6; ~ (NgW —r —r1)o? >> 0 and (b) follows from (5.17).
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r+ry A
. . i O;
To continue further, we analyze the behavior of % whenever NgkW >> r +r; and
R G;
i=rtri+1 -1

(Yonr> Yinr) — (0, 0)—the preliminary conditions. As both the SNR and INR get close to

4 NeW 4
zero, YL 6~ r16%, YR 6~ (NgW —r—r1)c?, and hence
r+ry A 2
LG ne®  Gon @
S~ N R, (A V-34)
Zi:r+r1+16i ( R _(r+rl))6 R

where (c) follows for NgW >> r+ r; and (d) follows for the consideration that NgW >>
r+r; > ri. Meanwhile, employing (A V-34) in (A V-33c) renders 718 >> TMB_Equivalently,
Pr{T™ > A|H;} >>Pr{T™® > A|H,}. Correspondingly, P; >> P, |

Eventually, combining Case 4, Case 5, and Case 6, Theorem 8 follows. O
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APPENDICES OF CHAPTER 6

1. Proof of Theorem 10

]

For a perfect %", 27 € CNOWXNeW oy cises the MI-RFI in (6.9) if and only if (iff)

5,11

D3 W =2z =0, =9" " (A VI-1)

0 (TN Ll
where ¢, € CNe*W>r g a zero tensor. Employing (6.1), <% X3 (% > ) X3 U =U

and .73 x3 U i _ w [1]‘ Accordingly, perfect excision is possible iff

+3
P X3 @m = Jg X3 JZA/[I] — (JZA/[I] X3 (@m) ) X3 ?A/[I] = ﬁ,. (A VI—2)

Applying the definition of the 3-mode product of two tensors (cf. Section 6.2.1) and the dis-

tributive property of matrix product to (A VI-2) give
5 1] 5 1] NI YA
[%3@ } :{% } ({4 _{@/ xs (az/ ) } ) (A VL3)
3) 3) (3) 3)
Thereafter, the tensorization of (A VI-3) renders
5 1] N AN
32><302/ :(f3—02/ X3 (OZ/ ) >><302/ . (AVI—4)
Finally, it is easily inferred from (A VI-4) that
NN
P=I3—U " X3 (% ) . (A VI-5)

O
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2. Proof of Theorem 11

Applying the definition of the r-mode product of two tensors (cf. Section 6.2.1) and transposi-

tion to (6.14) render

2
RMSEE — \/E{H[@]@)[g]@)HF}. (A VI-6)
From the MLSEP problem formulation, [¢ ](T3) = G—cf. Section 6.3.2. As a result,
2
RMSEE — \/E{\}[ﬁ]é)G\\F}. (A VI-7)

From (6.13) and the definition of the 3-mode unfolding—cf. Section 6.2.1,

T sl ([0 \*
(P) ) =Inew — | % /4 : (A VI-8)
(3) (3)

Using (6.29) or (6.32) in (A VI-8) and substituting it into (A VI-7) afterward lead to (A VI-9).

N T T, T +
RMSEE = ]E{H (INRW - (U,+ {M/[ q > (U1+ {M/[ }1 > )G
G) 6)

2

} . (AVI9)

F

Applying limit and its respective properties to (A VI-9) gives (A VI-10).

T T +
lim RMSEE = E{H(Izv,ew—<vl+ lim [A@m} )(U1+ lim [M}[’]] ) )G
e A0 o) AU=0 o)

(A VI-10)

+

To simplify (A VI-10), the underneath lemma is required.
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Lemma 6.

T
lim [A@m] —0. (A VI-11)
AU1—>0 (3)

Proof. The proof of (A VI-11) depends on Ng. Thus, two cases are shown in the sequel.

Case7. Ny < Y2 (Li+1)

T
From the equality in (6.29), lim [A@[’]] — lim AU, =0. 0
AU]*)O (3) AU]%O

Case 8. Ng > Y2 (Li+1)

Employing (6.32),

T
lim [A@m] ~ lim {AU1+
AUI—)O (3) AU[%O

WA @ 1y, + (auUl

]H

@Iy)U;} (AVI12)

- (o= gmgpot) e

~ [T T
lim [A%[ ]}
AU ;—0 (3)

+ ((Ml]ilrgOAU[lI]) U @1y UL (AVEL)

To continue, the aforementioned limit should be computed. Utilizing (6.31) for AU [11],

o)’ v/
H —1
lim AUY = 1im uul” (2], Ve (A VI-14a)
AU—0 AU—0
_ o1l 11
_Ml}lrgounvec(vec(U1 Eal\s )), (A VI-14b)



270

~ ~ -1
where U [{l] =U [1"]U [ln}H and V[ll] = V[ll}Z[II] . Applying the property of “vec”—referring to

(Magnus & Neudecker, 2007, eq. (5), p. 35)—and limit to (A VI-14b),

. o ST )y i
Jim AU _unvec<(v1 Q0" )All}lniovec([ﬁﬁ](l))) (A VI-15)

From (6.27), AU; — 0 as Z — 0. On the other hand, vec([2](1)) = Kw xnzvvec(Z) (Roemer
et al., 2014, eq. (73)), for Ky xney € RVEWNXNRWN being the commutation matrix (Mag-

nus & Neudecker, 2007). As a result,

~ 17 =~ .
Agfi,rgoAU[lq = unvec ((V[ll] ® U[l ])KWXNRN %gr%)vec (Z)) =0. (A VI-16)
)"
Substituting (A VI-16) into (A VI-13), lim {A% 1 =0. [ |
AU[—0 (3)
Eventually, combining Case 7 and Case 8 results in
5]’
lim {A% ] =0. (A VI-17)
AU;—0 (3)
]
Deploying Lemma 6 in (A VI-10) results in
lim RMSEE = | /E{ || (Ingw —~ UU}) G|} }. A VI
AU 0 S \/ | (Inew —U1UT ) G| } ( 8)

To simplify (A VI-18), we use the following relation:

G =GI, = G(FF!)(FF")~! = (GF)F"(FF")~". (A VI-19)
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From (6.26), GF = U;Z,V¥ . Thus,
G= UL VIHFIFF) ' =y, L, VEIFI(FF?)~!, (A VI-20)

Substituting (A VI-20) into (A VI-18) renders

. 1112
jlim RMSEE = \/]E{H(U,—U,U;U,)Z,V?FH(FF”) Nz} (A VI-21)

For U, possesses linearly independent columns, U} = (U,"U/) U . Accordingly,

U -UUiu, =U,-U, (UM 'uMu =o. (A VI-22)

=1,

Substituting (A VI-22) into (A VI-21), and taking Frobenius norm eventually result in

lim RMSEE = 0. (A VI-23)
AU[*)O

O
3. Proof of Theorem 12

T T
Substituting U, + [AO?/ [’]] - {02/ [’]] t0 (A VI-9) results in
3) 3)

RMSEE = E{H[INRW— {@mr ([@m];>+]GHi}' (A VI-24)

Whenever Ng > Y2 | (L; + 1)—f. (6.12),

A~ T . PN N N
2| = (TieT)0 = (Tiel)0; (A VI-25)
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Employing SVD, [@ 1}
~ ~ H

— Iy, — 00" (A VI-26)

Employing (A VI-26) in (A VI-25) by applying the distributive property of Kronecker product
(Magnus & Neudecker, 2007) gives

A T N ~ (1] ~ [nH N
[@/m} =01 OV e 1y) 0, (A VI-27a)
Y
=U;,— YU, =U;+AU; - C(Y), (A VI-27b)
~ ~ H
where (6.27) is utilized in (A VI-27b), X = (00" @ I), and C(X) = YU, + YAU/. Sub-
stituting (A VI-27b) into (A VI-24) results in (A VI-28).

2

}. (A VI-28)

RMSEE = \/ E{ H {INRW — (U1 +AU; —C(Y)) (U + AU, - C(r))+] G
F

Employing (6.27) in the projection matrix P = I,w — U 1(0 /)" gives the RMSEE for SP as

sp-RMSEE = \/E{ H [Inew — (Us+ AU ) (U, + AU GHi}. (A VI-29)

From (A VI-23) & (A VI-28), the convergence (CON) of All}imoRMSEE to 0 depends on the
1—
CON of
C(AU;) = AU;—C(Y) =AU;— (YU;+YAU,). (A VI-30)

From (A VI-23) & (A VI-29), the CON of Alljim 0 sp-RMSEE to 0 depends on the CON of AU;.
1—
Meanwhile,

o = vl AUl (A VI31)
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where AU = _U[{b:g”’lv[]’]*’[ff]g)v[l”} e CVex(Ne=r1) (Li et al., 1993, eqgs. (7) & (11)) is

the perturbations in the singular vectors that span the noise subspace.

Employing (A VI-31),
Y= [(U["]UMH +U[”]AU["}H) oI } + ((AU["]U[”]H +AU["]AU["]H) oI } (A VI-32)
1 Y1 1 1 w 1 Y1 1 1 wi-

Substituting (A VI-32) into (A VI-30), and discarding second- and third-order terms result in
(A VI-33).

é(AU[) =AU;— (U[ln}U[ln]H ®Iw)U1 — (U[ln]AU[l"]H ®Iw)U1 — (AU[ln]U[ln]H ®IW)U1
— WU 9 1y)AU,. (A VI33)

Letting ® =U [11}2[11]*1‘,[11]” and adopting the simplifications of (A VI-14a)—(A VI-16),
lim AU = 0. Asymptotically, as Z — 0 [@ } = UmZmV[I]H As aresult UMUMH ~0
AU - ASymp Y, AEEINY 1=V - Y1 Y

and

E(AU;) ~ AU, — (UE’”AU[{”H ®IW) U - (AUE’”UE’”H ®1W) U, (A VI-34)

To continue, the CON of AU; = UnU,lHZVIZ'.I_1 € CNeWxr 16 0 depends on the CON of Z
and U,U. As each element of U, € CNWx(NeW=r) 5 close to zero, U,UH converges to
(NgRW —r)ZZM as Z — 0, since (NgW — r) terms are being multiplied and summed per element.

As a result, the order of convergence (OOC) of AU is of (NgkW —r)ZZHZ.

On the other hand, the CON of (AU [ln}U [1n]H @ Iw)Uj to 0 depends on the CON of [Z J(1) and
[n] g7l gyl _ Ul 7 o gyl gy n)?
U,'U," ,as AU, U, U'Ly Vv, [ﬁp](l)U1 U, . As AU; — 0 and hence Z — 0,

U[I"}U[lnw — 0 and [Z](;) — 0—cf. Lemma 6.
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As each element of U[ln] e CNex(Nk=71) i5 close to 0, U[lnl U[ln]H converges to (Ng —r1)[ 2] (1) [Qp]ﬁ)
as [Z](1) — 0, since (Ng —ry) terms are being multiplied and summed per element. Hence,
AU U™ exhibits an 00C of (Ng—r1)[ 210 [2]1)[Z]F. Tothis end, the OOC of (AU} U

ml
®Iw)U/ is of (Ng — r1)ZZ"Z and hence A:f*r‘ AU/, as [Z](1) — 0 when Z — 0.

NrW —r

Deploying a similar logic, the OOC of (U [ln]AU [ln}H ®IW)U 7 1s also of
UMESEP being the OOC of MLSEP becomes

Nr—ri
NRW_rAU[. Thus,

Ng—rq

MLSEP
=AU;—-2—AU,. A VI-35
u AT ( )
Similarly, 5P being the OOC of SP becomes
uSt = AU;. (A VI-36)

AsW > 1, oy =285 = & MW < 1. Combining (A VI-35) and (A VI-36)

pMESEP — i SP_ ou AU, (A VI-37)

Employing (A VI-37), uMESEP approaches 0 faster than u>P whenever AU; — 0. Therefore,
lim RMSEE converges to 0 faster for MLSEP than for SP when Ng > Zinl (Li+1). O

AU[%O

4. Proof of Corollary 2

Deploying (A VI-37) for Ng > ZiQ:1 (Li+1), All}im 0s—RMSEE converges to zero with an OOC
=

uSMESEP — AUS — oy AU, (A VI-38)
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Employing (6.8), the PCM and SCM are, respectively, obtained similar to (6.23) and (6.25) as

Ry, =E{y,yi} =vzzU” (A VI-39a)
N 1 1 A aaHAH
Ry, = NY,Y?’ = yUEL U (A VI-39b)

It is to be noted that the perfect MI-RFI subspace can be estimated via the PCM. When 1 <1 <
W, N°* > N and hence more samples result in a better estimate of the PCM. Employing (A VI-
39a), (A VI-39b), (6.25), and (6.23), ||Rysys —fiysys\|p < |[Ryy —f?yyHF < || AU ||F < || AU ||F-

Hence, psMUSEP approaches 0 faster than pMESEP as AUS approaches 0 faster than AU

When Ng < Y2 (L + 1), (6.29) corroborates that pM-SEP = AU and ps™MESEP — AU, Like-

wise, wMESEP approaches 0 faster than uMESEP provided that 1 <n < W.

Therefore, lim s-RMSEE converges to 0 faster than lim RMSEE whenever 1 <n <W. [
AU;—0 AU;—0






APPENDIX VII

APPENDICES OF CHAPTER 7

1. Proof of Proposition 3

Substituting (7.20) and (7.3) into (7.5) and, in turn, applying limit along with its properties
render (A VII-1).

lim T|H1 =
AU;—0

tr((Us+ lim AU,)(U,+ lim AU,)"[Us+ lim AU, U,+ lim AU, lim £9")
AU;—0 AU;—0 AU;—0 AU;—0

Vo AU;—0

vl o . . + . . . av,Hy
tr((INR (US+A320AUS)(US+A320AUS) )[US+AIIJIE>0AUS Un+Ag£OAUn]A3§OZV )

(A VIL-1)

From (7.19), AU — 0 as Z — Oygxng, (= {z[k]}Y_; = Ongx1). As AU — 0, hence, AU, —

Opgx (Ng—1) for it also depends on Z—cf. the note below (7.19). Consequently,

Ag]islgoAUs = ONR><1 & A[ljlgoAUn = ONRX(NR*I)' (A VII-Z)

Utilizing (A VII-2) in (A VII-1) results in

w(UUS U, U,] lim £V")
‘ Vs AU—0
AU;— Vit ((In, —UUY) U U AggOEV )

(A VII-3)

Employing the product property of limit, lim £V = lim £x lim V7 = £V since the
AU;—0 AU;—0 AU;—0

estimates become perfect when the perturbations get infinitesimally small. Thus, recalling that
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us = Uy "'ud =uy,

H y H
lim 7igy = 2 CUUSWU UEV)
AU —0 vite((Iy, — U U U, U,JZVH)
@ V2 r([Us Oy ve—1)JEVH)

@) V2 , A VII-4b
Vi tr([ONRxl Un]EVH) ( )

(A VII-4a)

where (a) follows for UUUs=Us and UYU,, = 0, (y,_1). Substituting £ and V defined in
(7.18) into (A VII-4b) gives

B ﬁtr(USZSVf) B

lim T|H, = (A VII-5)
AU—0 Vi tr(Opng g )
From (7.14), lim P; = lim Pr{T|H; > A} and hence
AU;—0 AU;—0
lim P;=Pr{ lim T|Hy>A}. A VII-6
simFe =Pri Jim T1H > 2} (A VILS)
For A < oo, thus, employing (A VII-5) in (A VII-6) results in
lim Pj=Pr{eo>A}=1. A VII-7
s = Prie = 4] (AVIED
O

2. Proof of Proposition 4
As N — oo, the PCM under H, and its SVD are given by Ry, = E{hs[k|s" [k|h" } + 621, and
R, =ULV? = [U, U, |V, V)", (A VII-8)

where U; = U(:, 1) is the true primary signal subspace, U, = U(:,2 : Ng) is the true noise
subspace, and ¥ = diag(ZS,En) forX, =01, %, = diag(Gz, o3,..., GNR), and oy >0, > ... >

ON;- As N — oo, the SOI and noise subspaces are perfectly estimated. Hence, we can infer that
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E{hs[k](hs[k])"} = U,E,VH (A VII-9a)
oIy, =U,X,VH. (A VII-9b)

As N — oo, the SCM perfectly estimates the PCM, i.e., ]éim ﬁyy = R,,. Hence,
—o0

lim Py=P,=UU =UU". (A VII-10)
N—o0
From the decision rule,
]31m Py = 11m Pr{T >AH } = hm Pr{T\Hl > A} (A VII-11a)
—o0
=Priy Iim T|H . A VII-11
r{ lim T|H; >} (A VII-11b)

Utilizing (7.5) and applying the properties of limit gives

tr( lim f’s lim Ryy)

v oo (o]
lim 7| = 2 No Noee (A VII-12a)
vitr((In, — hm P ) lim Ryy)
—)oo

U (PsRyy)

. (A VII-12b)
Vi tr(<INR _PS)RW)
Expressing R,y via infinite summation of products,
N S
k|Pgy|k
lim 7|H) = lim v: LtV [MPIK] (A VII-13)

N=veo Vi YN 57 (k] (In, — Py) §[K]

where y[k| = hs[k] + z[k].
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Meanwhile, P and (I Ng — PS) perfectly project toward the primary signal and noise subspaces,

respectively. Accordingly, Al,im T|H ~ Fy, VZ(AHl) for A1 being an NCP defined as
—oo ’

2
A = fim ?{ZHPhs 111 = |lhsid]| } (A VIL14)
Consequently,
Jlim Py =Pr{ lim T|H, >} (A VII-15a)
=1—Pr{ lim T|H; < A} (A VII-15b)
= 1—F'(A;v,n)AH). (A VII-15¢)

To further characterize the asymptotic P;, we simplify (A VII-13). Substituting (A VII-8) and
(A VII-10) into (A VII-12b) results in

v,  u(UUUU,JZvT)

lim T|H, = : A VII-16
m 7| vitr((In, —UUT U, U, ZVH) ( )
Recalling that U U Uy = Us and UY U, = 0y (1) (A VII-16) simplifies to
vy (U 0 Z‘.V
lim T|H = V2 r({Us Onc(ie— 1)/ ZV7) (A VII-17a)
tr(U L,V
_ Qf(—;{) (A VII-17b)
Vi tr(U XV, )
E{tr(hs[k](hs[k])
) va E{tr(hs (K] (hs[K))"")} AVILITO

v u(oldy)

where (b) follows from (A VII-9a) and (A VII-9b).

Expressing expectation via the average of infinite summation of products gives

lim T|H, = (Ng — DT, (A VII-18)
N—o0
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1 N
where 75, = Al/lglo N Z || hs[k] | ‘2 /NgrG? is the average SNR defined over an infinite duration.
k=1

Hence,

lim Py =Pr{lim T|H; > A
AP = Pri i Tl > A)

=Pr{(Ng— D)7, > A}
Therefore, whenever A > (Ng — 1)¥a, ]\%1_1}10 P;=0.
3. Proof of Lemma 4
By definition,

lim Pr = lim Pr{T > A|Ho} = lim Pr{T|Hy >}
—roo —roo

N—o0

=Pr{ lim T|Hy > A }.
L TIHo > 2}
From (7.1), T|Hy = T|H, | I =0 Thus,

wim T{Ho = Jim T1H gy o

Using (A VII-13) in (A VII-21) results in

v F1|H
lim T|Hy = lim —zﬂ,
N—roo N—eo V] F3|Hy

(A VII-19a)

(A VII-19b)

O

(A VII-20a)

(A VII-20b)

(A VII-21)

(A VII-22)

where F|Hy = Y, 21 [k|Pyz[k] and F>|Hy = Y, 2 [k](In, — Py)z[k]. Consequently, it is

evident that Al’im T|Hp ~ Fy, v, and hence
—>00

lim Pf =1 —F()L;Vl,VZ).

N—soo

(A VII-23)
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To characterize Py further, we deploy (A VII-18) in (A VII-21). Doing so results in
lim T|Hy = 0. (A VII-24)
N—soo

Using (A VII-24) in (A VII-20b), lim Py = Pr{ lim T|Hy > A} =Pr{0 > A }. Therefore, if
N—o0 N—o0
A >0, lim Py =0. O
N—ro0

4. Proof of Proposition 5

For the ii.d. case, Ry, = E{hs[k]s" [k]h"} + oIy, whenever N — oo. For the i.ni.d. case,
Ry, = E{hs[k]s" [k|h"} 4+ 6’1y, + 6>E provided that N — co. For perfectly estimated signal

and noise subspaces, we can argue via (A VII-9a) and (A VII-9b)—for the i.ni.d. case—that

E{hs[k](hs[k])" } = UE,VT (A VII-252)

oIy, +o’E =U,X, VY. (A VII-25b)
By definition, lim P;"! = lim Pr{7™¢ > A|H,} = lim Pr{T™|H; > A}. Thus,

lim P4 — prd lim 79 g, > AL, A VII-26
N d r{Nl_rgo [Hi >} ( )

Following the simplifications of (A VII-12a)-(A VII-17¢),

H
lim Tinidu_l1 _ 2 tr(Usst;I)
N—yoo Vi tr(UnZnVn )
(o) v2 E{tr (hs[k] (s[k])™) }

2 : A VII-27b
vi  tr(c?ly, + 0%E) ( )

(A VII-27a)

where (c) follows from (A VII-25a) and (A VII-25b). If tr(E) > 0, it is evident from the com-
parison of (A VII-27b) and (A VII-17c)—derived for i.i.d. noise samples—that ]&im T|H, >
—>00
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lim 74| H,. Therefore, whenever tr (E ) >0,
N—roo

Pr{ lim T|H; > A} > Pr{ lim T H > A} (A VII-28)

In other words, lim Pﬁilid > lim lenid whenever o2tr (E ) > 0. When Gztr(E ) =0, (A VII-28)

N—seo N—seo
turns into an equality relationship. Thus, Al,im pid — Al[im Pinid provided that otr (E)=0. O
—»00 —>00






BIBLIOGRAPHY

Abdi, A., Lau, W. C., Alouini, M. S. & Kaveh, M. (2003). A New Simple Model for Land
Mobile Satellite Channels: First- and Second-Order Statistics. IEEE Trans. Wireless
Commun., 2(3), 519-528. doi: 10.1109/TWC.2003.811182.

Adamchik, V. S. & Marichev, O. I. (1990). The algorithm for calculating integrals of hyper-
geometric type functions and its realization in reduce system. Proc. Int. Conf. Symbolic
Algebraic Comput., pp. 212-224.

Alhussein, O. (2015). Performance Analysis of Wireless Fading Channels: A Unified Ap-
proach. (Master’s thesis, School of Eng. Sci., Simon Fraser Univ., Burnaby, BC,
Canada).

Ali, A. & Hamouda, W. (2017). Advances on Spectrum Sensing for Cognitive Radio Net-
works: Theory and Applications. IEEE Commun. Surveys Tuts., 19(2), 1277-1304.
doi: 10.1109/COMST.2016.2631080.

Arapoglou, P. D., Liolis, K., Bertinelli, M., Panagopoulos, A., Cottis, P. & Gaudenzi, R. D.
(2011). MIMO over Satellite: A Review. IEEE Commun. Surveys Tuts., 13(1), 27-51.
doi: 10.1109/SURV.2011.033110.00072.

Arribas, J., Fernandez-Prades, C. & Closas, P. (2013a). Antenna Array Based GNSS Signal
Acquisition for Interference Mitigation. /IEEE Trans. Aerosp. Electron. Syst., 49(1), 223-
243.

Arribas, J., Fernandez-Prades, C. & Closas, P. (2013b). Multi-Antenna Techniques for In-
terference Mitigation in GNSS Signal Acquisition. EURASIP J. Adv. Signal Process.,
2013(1). doi: 10.1186/1687-6180-2013-143.

Atapattu, S., Tellambura, C. & Jiang, H. (2014). Energy Detection for Spectrum Sensing in
Cognitive Radio. New York, NY, USA: Springer-Verlag.

Aubry, A., De Maio, A., Orlando, D. & Piezzo, M. (2014). Adaptive Detection of Point-
Like Targets in the Presence of Homogeneous Clutter and Subspace Interference. IEEE
Signal Process. Lett., 21(7), 848-852. doi: 10.1109/LSP.2014.2309434.

AVIO-601. (2018). AVIO-601 Project: Interference Mitigation in Satellite Communications.
Consulted at https://lassena.etsmtl.ca/IMG/pdf/-8.pdf.

Axell, E. & Larsson, E. G. (2011, May). A unified framework for GLRT-based spectrum
sensing of signals with covariance matrices with known eigenvalue multiplicities. Proc.
IEEE Int. Conf. on Acoust., Speech and Signal Process. (IEEE ICASSP), pp. 2956-2959.
doi: 10.1109/ICASSP.2011.5946277.



286

Axell, E., Leus, G., Larsson, E. G. & Poor, H. V. (2012). Spectrum Sensing for Cognitive Radio
: State-of-the-Art and Recent Advances. [IEEE Signal Process. Mag., 29(3), 101-116.
doi: 10.1109/MSP.2012.2183771.

Balaei, A. T. & Dempster, A. G. (2009). A Statistical Inference Technique for GPS
Interference Detection. IEEE Trans. Aerosp. Electron. Syst., 45(4), 1499-1511.
doi: 10.1109/TAES.2009.5310313.

Balaei, A., Dempster, A. & Barnes, J. (2006, Apr.). A novel approach in detec-
tion and characterization of CW interference of GPS signal using receiver estima-
tion of C/No. IEEE/ION Position, Location, and Navigation Symp., pp. 1120-1126.
doi: 10.1109/PLANS.2006.1650719.

Bandiera, F. & Orlando, D. (2009). Advanced Radar Detection Schemes under Mismatched
Signal Models. Synthesis Lectures Signal Process., 4(1), 1-105.

Bandiera, F., Farina, A., Orlando, D. & Ricci, G. (2010). Detection Algorithms to Discriminate
Between Radar Targets and ECM Signals. IEEE Trans. Signal Process., 58(12), 5984-
5993. doi: 10.1109/TSP.2010.2077283.

Bauernfeind, R., Kramer, 1., Beckmann, H., Eissfeller, B. & Vierroth, V. (2011, Jun.). In-Car
jammer interference detection in automotive GNSS receivers and localization by means

of vehicular communication. IEEE Forum on Integrated and Sustainable Transportation
System (FISTS), pp. 376-381. doi: 10.1109/FISTS.2011.5973616.

Bauza, J. M. T. (2012). Radio Frequency Interference in Microwave Radiometry: Statistical
Analysis and Study of Techniques for Detection and Mitigation. (Ph.D. thesis, UPC,
Barcelona Tech.).

Becker, H., Albera, L., Comon, P, Haardt, M., Birot, G., Wendling, F., Gavaret,
M., Bénar, C. G. & Merlet, I (2014). EEG Extended Source Local-
ization: Tensor-Based vs. Conventional Methods. Neurolmage, 96, 143-157.
doi: https://doi.org/10.1016/j.neuroimage.2014.03.043.

Becker, H., Albera, L., Comon, P., Gribonval, R., Wendling, F. & Merlet, I. (2015). Brain-
Source Imaging: From Sparse to Tensor Models. IEEE Signal Process. Mag., 32(6),
100-112. doi: 10.1109/MSP.2015.2413711.

Behrens, R. & Scharf, L. (1994). Signal Processing Applications of Oblique Projection Oper-
ators. IEEE Trans. Signal Process., 42(6), 1413-1424. doi: 10.1109/78.286957.

Bertsekas, D. P. & Tsitsiklis, J. N. (2008). Introduction to Probability (ed. 2). Belmont, MA,
USA: Athena Scientific.

Bianchi, P., Debbah, M., Maida, M. & Najim, J. (2011). Performance of Statistical Tests for
Single-Source Detection Using Random Matrix Theory. IEEE Trans. Inf. Theory, 57(4),
2400-2419. doi: 10.1109/T1T.2011.2111710.



287

Biglieri, E., Calderbank, R., Constantinides, A., Goldsmith, A., Paulraj, A. & Poor, H. V.
(2007). MIMO Wireless Communications. New York, NY, USA: Cambridge Univ.
Press.

Bishop, C. M. (2006). Pattern Recognition and Machine Learning. New York, NY, USA:
Springer-Verlag.

Bogale, T. E. & Vandendorpe, L. (2013a, Mar.). Moment based spectrum sensing algorithm for
cognitive radio networks with noise variance uncertainty. Proc. Annu. Conf. on Inform.
Sci. and Syst. (CISS), pp. 1-5. doi: 10.1109/CISS.2013.6552277.

Bogale, T. E. & Vandendorpe, L. (2013b, Jul.). Linearly combined signal energy based
spectrum sensing algorithm for cognitive radio networks with noise variance uncer-
tainty. Proc. Int. Conf. on Cognitive Radio Oriented Wireless Networks, pp. 80-86.
doi: 10.1109/CROWNCom.2013.6636798.

Bogale, T. E. & Vandendorpe, L. (2014). Max-Min SNR Signal Energy Based Spectrum Sens-
ing Algorithms for Cognitive Radio Networks with Noise Variance Uncertainty. IEEE
Trans. Wireless Commun., 13(1), 280-290. doi: 10.1109/TWC.2013.122613.130406.

Bogale, T. E., Vandendorpe, L. & Le, L. B. (2015). Wide-Band Sensing and Optimization for
Cognitive Radio Networks With Noise Variance Uncertainty. [EEE Trans. Commun.,
63(4), 1091-1105. doi: 10.1109/TCOMM.2015.2394390.

Borio, D., Camoriano, L., Savasta, S. & Presti, L. L. (2008). Time-Frequency Excision for
GNSS Applications. IEEE Syst. J., 2(1), 27-37. doi: 10.1109/JSYST.2007.914914.

Borio, D. (2008). A Statistical Theory for GNSS Signal Acquisition. (Ph.D. thesis, Dept. of
Electron. and Telecommun., Polytechnic Univ. Turin, Turin, Italy).

Boulogeorgos, A. A. A., Chatzidiamantis, N. D. & Karagiannidis, G. K. (2016a). Energy
Detection Spectrum Sensing Under RF Imperfections. IEEE Trans. Commun., 64(7),
2754-2766. doi: 10.1109/TCOMM.2016.2561294.

Boulogeorgos, A. A. A., Chatzidiamantis, N. D. & Karagiannidis, G. K. (2016b). Spectrum
Sensing With Multiple Primary Users Over Fading Channels. [EEE Commun. Lett.,
20(7), 1457-1460. doi: 10.1109/LCOMM.2016.2554545.

Cabric, D. (2008). Addressing Feasibility of Cognitive Radios. IEEE Signal Process. Mag.,
25(6), 85-93. doi: 10.1109/MSP.2008.929367.

Chen, G., Zhao, Z., Zhu, G., Huang, Y. & Li, T. (2010). HF Radio-Frequency Interfer-
ence Mitigation. [IEEE Geosci. Remote Sens. Lett., 7(3), 479-482. doi: 10.1109/L-
GRS.2009.2039340.

Civonzo, D., Romano, G. & Solimene, R. (2015). Performance Analysis
of Time-Reversal MUSIC. IEEE Trans. Signal Process., 63(10), 2650-2662.
doi: 10.1109/TSP.2015.2417507.



288

Ciuonzo, D., De Maio, A. & Orlando, D. (2016a). A Unifying Framework for
Adaptive Radar Detection in Homogeneous Plus Structured Interference—Part I: On
the Maximal Invariant Statistic. [EEE Trans. Signal Process., 64(11), 2894-2906.
doi: 10.1109/TSP.2016.2519003.

Ciuonzo, D., Maio, A. D. & Orlando, D. (2016b). A Unifying Framework for Adaptive
Radar Detection in Homogeneous Plus Structured Interference—Part II: Detectors De-
sign. IEEE Trans. Signal Process., 64(11),2907-2919. doi: 10.1109/TSP.2016.2519005.

Ciuonzo, D., De Maio, A. & Orlando, D. (2017). On the Statistical Invariance for Adaptive
Radar Detection in Partially Homogeneous Disturbance Plus Structured Interference.
IEEE Trans. Signal Process., 65(5), 1222-1234. doi: 10.1109/TSP.2016.2620115.

Conte, E., Lops, M. & Ricci, G. (1996). Adaptive Matched Filter Detection in Spherically
Invariant Noise. IEEE Signal Process. Lett., 3(8), 248-250. doi: 10.1109/97.5118009.

Couillet, R. & Debbah, M. (2011). Random Matrix Methods for Wireless Communications.
Cambridge, UK: Cambridge Univ. Press.

da Costa, J. P. C. L., Roemer, F., Haardt, M. & de Sousa, R. T. (2011). Multi-Dimensional
Model Order Selection. EURASIP J. on Advances in Signal Process., 2011(1), 1-13.
doi: 10.1186/1687-6180-2011-26.

D’Amico, A. A., Mengali, U. & de Reyna, E. A. (2007). Energy-Detection UWB Receivers
with Multiple Energy Measurements. /[EEE Trans. Wireless Commun., 6(7), 2652-2659.
doi: 10.1109/TWC.2007.05974.

De Gaudenzi, R. & Giannetti, F. (1998). DS-CDMA Satellite Diversity Reception for Personal
Satellite Communication: Satellite-to-Mobile Link Performance Analysis. IEEE Trans.
Veh. Technol., 47(2), 658-672. doi: 10.1109/25.669103.

De Maio, A. & Orlando, D. (2016). Adaptive Radar Detection of a Subspace Signal Embedded
in Subspace Structured Plus Gaussian Interference via Invariance. IEEE Trans. Signal
Process., 64(8), 2156-2167. doi: 10.1109/TSP.2015.2507544.

De Roo, R. D. & Misra, S. (2010). A Moment Ratio RFI Detection Algorithm that Can Detect
Pulsed Sinusoids of Any Duty Cycle. IEEE Geosci. Remote Sens. Lett., 7(3), 606-610.
doi: 10.1109/LGRS.2010.2043051.

De Roo, R. D., Misra, S. & Ruf, C. S. (2007). Sensitivity of the Kurtosis Statistic as a
Detector of Pulsed Sinusoidal RFI. IEEE Trans. Geosci. Remote Sens., 45(7), 1938-
1946. doi: 10.1109/TGRS.2006.888101.

Digham, F. F.,, Alouini, M. S. & Simon, M. K. (2007). On the Energy Detection of Unknown
Signals Over Fading Channels. IEEE Trans. Commun., 55(1), 21-24. doi: 10.1109/T-
COMM.2006.887483.



289

Dikmese, S., Sofotasios, P., Renfors, M. & Valkama, M. (2016). Subband Energy
Based Reduced Complexity Spectrum Sensing under Noise Uncertainty and Frequency-
Selective Spectral Characteristics. IEEE Trans. Signal Process., 64(1), 131-145.
doi: 10.1109/TSP.2015.2480048.

Donoho, D. L. (2006). Compressed Sensing. IEEE Trans. Inf. Theory, 52(4), 1289-1306.
doi: 10.1109/TIT.2006.871582.

Dovis, F. & Musumeci, L. (2011, June). Use of Wavelet transforms for interference mitiga-
tion. Int. Conf. on Localization and GNSS (ICL-GNSS), pp. 116-121. doi: 10.1109/ICL-
GNSS.2011.5955275.

Dovis, F., Musumeci, L., Linty, N. & Pini, M. (2012). Recent Trends in Interference Mitigation
and Spoofing Detection. Int. J. of Embedded and Real-Time Commun. Syst., 3(3), 1-17.

Farhang-Boroujeny, B. (2008). Filter Bank Spectrum Sensing for Cognitive Radios. /EEE
Trans. Signal Process., 56(5), 1801-1811. doi: 10.1109/TSP.2007.911490.

Farsad, N., Yilmaz, H. B., Eckford, A., Chae, C. & Guo, W. (2016). A Comprehensive Survey
of Recent Advancements in Molecular Communication. [EEE Commun. Surveys Tut.,
18(3), 1887-1919. doi: 10.1109/COMST.2016.2527741.

Gallager, R. G. (2013). Stochastic Processes: Theory for Applications. Cambridge, UK:
Cambridge Univ. Press.

Gardner, W. A. (1988). Signal Interception: A Unifying Theoretical Framework for Feature
Detection. IEEE Trans. Commun., 36(8), 897-906. doi: 10.1109/26.3769.

Getu, T. M., Ajib, W. & Yeste-Ojeda, O. A. (2015a, Oct.). Efficient semi-blind channel
estimators for SIMO systems suffering from broadband RFI. Proc. IEEE Int. Conf. on
Ubiquitous Wireless Broadband.

Getu, T. M., Ajib, W. & R. Jr. Landry. (2016, 7-9 Dec.). Oversampling-based algorithm for
efficient RF interference excision in SIMO systems. Proc. IEEE Global Conf. on Signal
and Inform. Process. (IEEE GlobalSIP), pp. 1423-1427.

Getu, T. M., Ajib, W. & Yeste-Ojeda, O. A. (2017). Tensor-Based Efficient Multi-Interferer
RFI Excision Algorithms for SIMO Systems. IEEE Trans. Commun., 65(7), 3037-3052.
doi: 10.1109/TCOMM.2017.2694006.

Getu, T. M., Ajib, W. & Landry, R. (2018a). Simple F-Test-Based Spectrum Sensing Tech-
niques for Multi-Antenna Cognitive Radios. IEEE Trans. Commun., 66(11), 5081-5096.
doi: 10.1109/TCOMM.2018.2846239.

Getu, T. M., Ajib, W. & R. Jr. Landry. (2018b). Performance Analysis of
Energy-Based RFI Detector. [EEE Trans. Wireless Commun., 17(10), 6601-6616.
doi: 10.1109/TWC.2018.2861733.



290

Getu, T. M., Ajib, W. & R. Jr. Landry. (2018c). Power-Based Broadband RF Interference
Detector for Wireless Communication Systems. [EEE Wireless Commun. Lett., 7(6),
1002-1005. doi: 10.1109/LWC.2018.2845373.

Getu, T. M., Ajib, W., Yeste-Ojeda, O. A. & R. Jr. Landry. (2018d, 5-8 Mar.). Tensor-based
efficient multi-interferer RFI excision algorithms: Results using real-world data. Proc.
Int. Conf. on Comput., Netw. and Commun. (ICNC 2018), pp. 917-921.

Getu, T. M., Ajib, W. & R. Jr. Landry. (2018, accepted, Aug.). An eigenvalue-based multi-
antenna RFI detection algorithm. Proc. IEEE Veh. Technol. Conf. (VTC2018-Fall).

Getu, T. M., Ajib, W. & R. Jr. Landry. (2018, submitted). Linear and Multi-Linear RFI
Detectors for Multi-Antenna Wireless Communications. /EEE Trans. Wireless Commun.

Getu, T. M., Ajib, W. & R. Jr. Landry. (2019, submitted). Eigenvalue-Based RF Interference
Detector for Multi-Antenna Wireless Communications. Elsevier Signal Process.

Getu, T. M. (Apr. 2018). WCL MATLAB® Files. Consulted at https://github.com/tiluxscho/
WCL-Matlab-Files.

Getu, T. M., Ajib, W. & Yeste-Ojeda, O. A. (2015b, Dec.). Multi-linear subspace estimation
and projection for efficient RFI excision in SIMO systems. Proc. IEEE Global Conf. on
Signal and Inform. Process. (IEEE GlobalSIP), pp. 1397-1401.

Giannakis, G. B. & Tsatsanis, M. K. (1994). Time-Domain Tests for Gaussianity and Time-
Reversibility. IEEE Trans. Signal Process., 42(12), 3460-3472. doi: 10.1109/78.340780.

Giannakis, G. B., Shen, Y. & Karanikolas, G. V. (2018). Topology Identification and Learning
over Graphs: Accounting for Nonlinearities and Dynamics. Proc. IEEE, 106(5), 787-
807. doi: 10.1109/JPROC.2018.2804318.

Gishkori, S. & Leus, G. (2013). Compressive Sampling Based Energy Detection of Ultra-
Wideband Pulse Position Modulation. /IEEE Trans. Signal Process., 61(15), 3866-3879.
doi: 10.1109/TSP.2013.2260747.

Gismalla, E. H. & Alsusa, E. (2012). On the Performance of Energy Detection Using Bartlett’s

Estimate for Spectrum Sensing in Cognitive Radio Systems. IEEE Trans. Signal Pro-
cess., 60(7), 3394-3404. doi: 10.1109/TSP.2012.2191544.

Gismalla, E. & Alsusa, E. (2011). Performance Analysis of the Periodogram-Based En-
ergy Detector in Fading Channels. IEEE Trans. Signal Process., 59(8), 3712-3721.
doi: 10.1109/TSP.2011.2153849.

Giunta, G., Hao, C. & Orlando, D. (2018). Estimation of Rician K-Factor in the Presence of
Nakagami-m Shadowing for the LoS Component. IEEE Wireless Commun. Lett., 7(4),
550-553. doi: 10.1109/LWC.2018.2794447.



291

Gokceoglu, A., Dikmese, S., Valkama, M. & Renfors, M. (2014). Energy Detec-
tion under IQ Imbalance with Single- and Multi-Channel Direct-Conversion Re-
ceiver: Analysis and Mitigation. [EEE J. Sel. Areas Commun., 32(3), 411-424.
doi: 10.1109/JSAC.2014.1403001.

Goldsmith, A., Jafar, S. A., Maric, I. & Srinivasa, S. (2009). Breaking Spectrum Gridlock With
Cognitive Radios: An Information Theoretic Perspective. Proc. IEEE, 97(5), 894-914.
doi: 10.1109/JPROC.2009.2015717.

Golub, G. H. & Van Loan, C. F. (2013). Matrix Computations (ed. 4). Baltimore, MD, USA:
The Johns Hopkins Univ. Press.

Gradshteyn, 1. S. & Ryzhik, I. M. (2007). Table of Integrals, Series, and Products (ed. 7).
Academic Press, Burlington, MA, USA.

Guner, B., Johnson, J. T. & Niamsuwan, N. (2007). Time and Frequency Blanking for Radio-
Frequency Interference Mitigation in Microwave Radiometry. IEEE Trans. Geosci. Re-
mote Sens., 45(11), 3672-3679. doi: 10.1109/TGRS.2007.903680.

Guo, C., Chen, S. & Liu, F. (2016). Polarization-Based Spectrum Sensing Algorithms for
Cognitive Radios: Upper and Practical Bounds and Experimental Assessment. [EEE
Trans. Veh. Technol., 65(10), 8072-8086. doi: 10.1109/TVT.2015.2501826.

Haardt, M., Roemer, F. & Del Galdo, G. (2008). Higher-Order SVD-Based Sub-
space Estimation to Improve the Parameter Estimation Accuracy in Multidimen-
sional Harmonic Retrieval Problems. IEEE Trans. Signal Process., 56(7), 3198-3213.
doi: 10.1109/TSP.2008.917929.

Haykin, S., Thomson, D. J. & Reed, J. H. (2009). Spectrum Sensing for Cognitive Radio.
Proc. IEEE, 97(5), 849-877. doi: 10.1109/JPROC.2009.2015711.

Haykin, S. (2005). Cognitive Radio: Brain-Empowered Wireless Communications. /EEE J.
Sel. Areas Commun., 23(2), 201-220. doi: 10.1109/JSAC.2004.839380.

Hellbourg, G., Weber, R., Capdessus, C. & Boonstra, A.-J. (2012, Aug.). Oblique projection
beamforming for RFI mitigation in radio astronomy. IEEFE Statistical Signal Process.
Workshop (SSP), pp. 93-96. doi: 10.1109/SSP.2012.6319860.

Heo, J., Ju, H., Park, S., Kim, E. & Hong, D. (2014). Simultaneous Sensing and Trans-
mission in Cognitive Radio. [EEE Trans. Wireless Commun., 13(4), 1948-1959.
doi: 10.1109/TWC.2014.030614.130532.

Herath, S. P., Rajatheva, N. & Tellambura, C. (2011). Energy Detection of Unknown Sig-
nals in Fading and Diversity Reception. [EEE Trans. Commun., 59(9), 2443-2453.
doi: 10.1109/TCOMM.2011.071111.090349.

Horn, R. A. & Johnson, C. R. (2013). Matrix Analysis (ed. 2). New York, NY, USA: Cambridge
Univ. Press.



292

Huang, Q. & Chung, P. J. (2013a). An F-Test Based Approach for Spectrum
Sensing in Cognitive Radio. [IEEE Trans. Wireless Commun., 12(8), 4072-4079.
doi: 10.1109/TWC.2013.071613.121633.

Huang, Q. & Chung, P. J. (2013b, Jun.). An F—test for multiple antenna spectrum sensing
in cognitive radio. Proc. IEEE Int. Conf. on Commun. (IEEE ICC), pp. 4677-4681.
doi: 10.1109/ICC.2013.6655310.

Hussain, S. & Fernando, X. N. (2014). Performance Analysis of Relay-Based Cooperative
Spectrum Sensing in Cognitive Radio Networks Over Non-Identical Nakagami-m Chan-
nels. IEEE Trans. Commun., 62(8), 2733-2746. doi: 10.1109/TCOMM.2014.2338856.

Jayaweera, S. K. (2014). Signal Processing for Cognitive Radios (ed. 1). Hoboken, NJ, USA:
Wiley.

Jeffrey, A. & Dai, H.-H. (2008). Handbook of Mathematical Formulas and Integrals (ed. 4).
Cambridge, MA, USA: Academic Press.

Jeffs, B., Li, L. & Warnick, K. F. (2005). Auxiliary Antenna-Assisted Interference Mit-
igation for Radio Astronomy Arrays. IEEE Trans. Signal Process., 53(2), 439-451.
doi: 10.1109/TSP.2004.840787.

Johnson, J. T. & Ellingson, S. W. (2005). Examination of a Simple Pulse Blanking Technique
for RFI Mitigation. Radio Sci., 40(5), RS5S03.

Johnson, J. & Guner, B. (2007, Jul.). Cross frequency blanking for RFI mitigation: A C-band
case study. IEEE Int. Geoscience and Remote Sensing Symp. (IGARSS), pp. 2710-2713.
doi: 10.1109/IGARSS.2007.4423402.

Johnson, N. L., Kotz, S. & Balakrishnan, N. (1995). Continuous Univariate Distributions
(ed. 2). Hoboken, NJ, USA: Wiley.

Kaplan, E. D. & Hegarty, C. J. (Eds.). (2006). Understanding GPS: Principles and Applica-
tions (ed. 2). Norwood, MA, USA: Artech House.

Karagiannidis, G. K., Sagias, N. C. & Tsiftsis, T. A. (2006a). Closed-Form Statistics for
the Sum of Squared Nakagami-m Variates and its Applications. IEEE Trans. Commun.,
54(8), 1353-1359. doi: 10.1109/TCOMM.2006.878812.

Karagiannidis, G. K., Tsiftsis, T. A. & Mallik, R. K. (2006b). Bounds for Multihop Re-
layed Communications in Nakagami-m Fading. IEEE Trans. Commun., 54(1), 18-22.
doi: 10.1109/TCOMM.2005.861679.

Karagiannidis, G. K., Sagias, N. C. & Mathiopoulos, P. T. (2007). NxNakagami: A Novel
Stochastic Model for Cascaded Fading Channels. IEEE Trans. Commun., 55(8), 1453-
1458. doi: 10.1109/TCOMM.2007.902497.



293

Kay, S. M. (1998). Fundamentals of Statistical Signal Processing: Detection Theory, Vol. I1.
Prentice-Hall, Englewood Cliffs, NJ.

Kay, S. M. (20006). Intuitive Probability and Random Processes Using MATLAB®. New York,
NY, USA: Springer.

Kortun, A., Sellathurai, M., Ratnarajah, T. & Zhong, C. (2012). Distribution of the Ratio of
the Largest Eigenvalue to the Trace of Complex Wishart Matrices. /IEEE Trans. Signal
Process., 60(10), 5527-5532. doi: 10.1109/TSP.2012.2205922.

Kotoulas, D., Koukoulas, P. & Kalouptsidis, N. (2006). Subspace Projection Based Blind
Channel Order Estimation of MIMO Systems. IEEE Trans. Signal Process., 54(4), 1351-
1363. doi: 10.1109/TSP.2005.863104.

Kritchman, S. & Nadler, B. (2009). Non-Parametric Detection of the Number of Signals:
Hypothesis Testing and Random Matrix Theory. IEEE Trans. Signal Process., 57(10),
3930-3941. doi: 10.1109/TSP.2009.2022897.

Kurz, L., Tasdemir, E., Bornkessel, D., Noll, T., Kappen, G., Antreich, F., Sgammini,
M. & Meurer, M. (2012, Dec.). An architecture for an embedded antenna-array digital
GNSS receiver using subspace-based methods for spatial filtering. Proc. the 6th ESA
Workshop on Satellite Navigation Technologies and European Workshop on GNSS Sig-
nals and Signal Process. (NAVITEC), pp. 1-8. doi: 10.1109/NAVITEC.2012.6423050.

Kurz, L., Tasdemir, E. & Noll, T. (2014, Dec.). JamCam: A camera-integrated GNSS receiver
for spatial detection of radio frequency interference sources. Proc. the 7th ESA Workshop

on Satellite Navigation Technologies and European Workshop on GNSS Signals and
Signal Processing (NAVITEC), pp. 1-8. doi: 10.1109/NAVITEC.2014.7045134.

Landon, J., Jeffs, B. & Warnick, K. F. (2012). Model-Based Subspace Projection Beam-
forming for Deep Interference Nulling. /EEE Trans. Signal Process., 60(3), 1215-1228.
doi: 10.1109/TSP.2011.2177825.

Lathauwer, L. D., Moor, B. D. & Vandewalle, J. (2000). A Multilinear Singular Value Decom-
position. SIAM J. Matrix Anal. Appl., 21, 1253-1278.

Leshem, A. & van der Veen, A. J. (2001).  Multichannel Detection of Gaussian
Signals with Uncalibrated Receivers. [EEE Signal Process. Lett., 8(4), 120-122.
doi: 10.1109/97.911477.

Li, F, Liu, H. & Vaccaro, R. (1993). Performance Analysis for DOA Estimation Algo-
rithms: Unification, Simplification, and Observations. [EEE Trans. Aerosp. Electron.
Syst., 29(4), 1170-1184. doi: 10.1109/7.259520.

Lim, L.-H. & Comon, P. (2014). Blind Multilinear Identification. IEEE Trans. Inf. Theory,
60(2), 1260-1280.



294

Liu, J., Liu, X. & Ma, X. (2008). First-Order Perturbation Analysis of Singular Vectors
in Singular Value Decomposition. [EEE Trans. Signal Process., 56(7), 3044-3049.
doi: 10.1109/TSP.2007.916137.

Loo, C. (1985). A Statistical Model for a Land Mobile Satellite Link. [EEE Trans. Veh.
Technol., 34(3), 122-127. doi: 10.1109/T-VT.1985.24048.

Lu, Z. & Zoubir, A. M. (2015). Source Enumeration in Array Processing Using a Two-Step
Test. IEEE Trans. Signal Process., 63(10), 2718-2727. doi: 10.1109/TSP.2015.2414894.

Maccone, C. (2010). The KLT (Karhunen-Loéve Transform) to Extend SETI Searches to
Broad-band and Extremely Feeble Signals. Acta Astronautica, 67(11-12), 1427-1439.

Magnus, J. R. & Neudecker, H. (2007). Matrix Differential Calculus With Applications in
Statistics and Econometrics (ed. 3). Hoboken, NJ, USA: Wiley.

Maral, G. (2003). VSAT Networks (ed. 2). Hoboken, NJ, USA: Wiley.

Maral, G. & Bousquet, M. (2009). Satellite Communications Systems: Systems, Techniques
and Technology (ed. 5).Hoboken, NJ, USA: Wiley.

Melvin, W. L. & Scheer, J. A. (Eds.). (2013). Principles of Modern Radar: Advanced Tech-
niques. Edison, NJ, USA: SciTech.

Mengersen, K. L., Robert, C. P. & Titterington, D. M. (Eds.). (2011). Mixtures: Estimation
and Applications (ed. 1). Hoboken, NJ, USA: Wiley.

Miridakis, N. I., Tsiftsis, T. A., Alexandropoulos, G. C. & Debbah, M. (2017). Si-
multaneous Spectrum Sensing and Data Reception for Cognitive Spatial Multi-
plexing Distributed Systems. [EEE Trans. Wireless Commun., 16(5), 3313-3327.
doi: 10.1109/TWC.2017.2681067.

Misra, S., Mohammed, P. N., Guner, B., Ruf, C. S., Piepmeier, J. R. & Johnson, J. T. (2009).
Microwave Radiometer Radio-Frequency Interference Detection Algorithms: A Com-
parative Study. IEEE Trans. Geosci. Remote Sens., 47(11), 3742-3754. doi: 10.1109/T-
GRS.2009.2031104.

Misra, S. (2011). Development of Radio Frequency Interference Detection Algorithms for
Passive Remote Sensing. (Ph.D. thesis, Univ. of Michigan).

Mitra, S. K. (2001). Digital Signal Processing: A Computer-Based Approach (ed. 2nd). New
York, NY, USA: McGraw-Hill.

Motella, B. (2008). Interference Monitoring for Global Navigation Satellite Systems. (Ph.D.
thesis, Dept. of Electron. and Telecommun., Polytechnic Univ. Turin, Turin, Italy).

Motella, B., Pini, M. & Dovis, F. (2007). Investigation on the Effect of Strong Out-of-band
Signals on Global Navigation Satellite Systems Receivers. Springer GPS Solutions,
12(2), 77-86. doi: 10.1007/s10291-007-0085-5.



295

Miiller, R. R., Cottatellucci, L. & Vehkaperd, M. (2014). Blind Pilot Decontamination. /EEE
J. Sel. Topics Signal Process., 8(5), 773-786. doi: 10.1109/JSTSP.2014.2310053.

Musumeci, L. & Dovis, F. (2012, Jun.). A comparison of transformed-domain techniques
for pulsed interference removal on GNSS signals. Proc. Int. Conf. on Localization and
GNSS (ICL-GNSS), pp. 1-6.

Nadakuditi, R. R. & Edelman, A. (2008). Sample Eigenvalue Based Detection of High-
Dimensional Signals in White Noise Using Relatively Few Samples. IEEE Trans. Signal
Process., 56(7), 2625-2638. doi: 10.1109/TSP.2008.917356.

Nakano, T., Okaie, Y., Kobayashi, S., Koujin, T., Chan, C., Hsu, Y., Obuchi, T., Hara, T.,
Hiraoka, Y. & Haraguchi, T. (2017). Performance Evaluation of Leader—Follower-
Based Mobile Molecular Communication Networks for Target Detection Applications.
IEEE Trans. Commun., 65(2), 663-676. doi: 10.1109/TCOMM.2016.2628037.

Nakano, T., Eckford, A. W. & Haraguchi, T. (2013). Molecular Communication. Cambridge
Univ. Press. doi: 10.1017/CBO9781139149693.

Newtec. (2018). Newtec Inc. Consulted at https://www.newtec.eu/.

Newtec and IRG. (Sep. 2013). 93% of the industry suffers from satel-
lite  interference. Consulted at  http://www.newtec.eu/article/release/
93-of-the-industry-suffers-from-satellite-interference.

Nguyen et al. (2015). Radio Interference Modeling and Prediction for Satellite Operation
Applications (Tech. Rep.): Air Force Research Laboratory and The Catholic Univ. of
America.

NRAO. (2017). Very Large Array of The National Radio Astronomy Observatory. Consulted
at http://www.vla.nrao.edu/.

Oltrogge, D. & Rashid, H. (2012, Oct.). Effective strategies for satellite communications RFI
mitigation. Proc. the Ist IEEE AESS European Conf. on Satellite Telecommun. (ESTEL),
pp- 1-7. doi: 10.1109/ESTEL.2012.6400106.

Oppenheim, A. V. & Schafer, R. W. (2010). Discrete-Time Signal Processing (ed. 3). Upple
Saddle River, NJ, USA: Pearson Higher Edu.

Orlando, D. (2017). A Novel Noise Jamming Detection Algorithm for Radar Applications.
IEEE Signal Process. Lett., 24(2), 206-210. doi: 10.1109/LSP.2016.2645793.

Papoulis, A. & Pillai, S. U. (2002). Probability, Random Variables, and Stochastic Processes
(ed. 4). New York, NY, USA: McGraw-Hili.

Patel, A., Biswas, S. & Jagannatham, A. K. (2016). Optimal GLRT-Based Robust Spectrum
Sensing for MIMO Cognitive Radio Networks With CSI Uncertainty. /EEE Trans. Sig-
nal Process., 64(6), 1621-1633. doi: 10.1109/TSP.2015.2500183.



296

Plataniotis, K. N. & Hatzinakos, D. (2001). Gaussian Mixtures and their Applications to Signal
Processing. In Stergiopoulos, S. (Ed.), Advanced Signal Processing Handbook (ch. 3).
Boca Raton, FL, USA: CRC Press.

Poor, H. V. (1994). An Introduction to Signal Detection and Estimation. New York, NY, USA:
Springer-Verlag.

Proakis, J. G. & Manolakis, D. K. (2006). Digital Signal Processing (ed. 4). Upper Saddle
River, NJ, USA: Prentice-Hall.

Proakis, J. G. & Salehi, M. (2008). Digital Communications (ed. 5). New York, NY, USA:
McGraw-Hill.

Quan, Z., Cui, S. & Sayed, A. H. (2008). Optimal Linear Cooperation for Spectrum Sens-
ing in Cognitive Radio Networks. IEEE J. Sel. Topics Signal Process., 2(1), 28-40.
doi: 10.1109/JSTSP.2007.914882.

Quan, Z., Cui, S., Sayed, A. H. & Poor, H. V. (2009). Optimal Multiband Joint Detection for
Spectrum Sensing in Cognitive Radio Networks. IEEE Trans. Signal Process., 57(3),
1128-1140. doi: 10.1109/TSP.2008.2008540.

Ramirez, D., Via, J., Santamaria, I. & Scharf, L. L. (2010). Detection of Spatially
Correlated Gaussian Time Series. [EEE Trans. Signal Process., 58(10), 5006-5015.
doi: 10.1109/TSP.2010.2053360.

Ramirez, D., Vazquez-Vilar, G., Lopez-Valcarce, R., Via, J. & Santamaria, I. (2011). Detection
of Rank-P Signals in Cognitive Radio Networks With Uncalibrated Multiple Antennas.
IEEE Trans. Signal Process., 59(8), 3764-3774. doi: 10.1109/TSP.2011.2146779.

Richharia, M. (2014). Mobile Satellite Communications: Principles and Trends (ed. 2). West
Sussex, UK: Wiley.

Roemer, F. (2012). Advanced Algebraic Concepts for Efficient Multi-Channel Signal Process-
ing. (Ph.D. thesis, Fakultit Elektrotechnik Informationstechnik, Tech. Univ. Ilmenau,
Ilmenau, Germany).

Roemer, F. & Haardt, M. (2010). Tensor-Based Channel Estimation and Iterative Refinements
for Two-Way Relaying With Multiple Antennas and Spatial Reuse. IEEE Trans. Signal
Process., 58(11), 5720-5735. doi: 10.1109/TSP.2010.2062179.

Roemer, F., Becker, H., Haardt, M. & Weis, M. (2009, Dec.). Analytical performance
evaluation for HOSVD-based parameter estimation schemes. Proc. 3rd IEEE Int.
Workshop on Comput. Adv. in Multi-Sensor Adapt. Process. (CAMSAP), pp. 77-80.
doi: 10.1109/CAMSAP.2009.5413232.

Roemer, F., Haardt, M. & Del Galdo, G. (2014). Analytical Performance Assessment of Multi-
Dimensional Matrix- and Tensor-Based ESPRIT-Type Algorithms. IEEE Trans. Signal
Process., 62(10), 2611-2625. doi: 10.1109/TSP.2014.2313530.



297

Ruf, C. S., Gross, S. M. & Misra, S. (2006). RFI Detection and Mitigation for Microwave
Radiometry with an Agile Digital Detector. /[EEE Trans. Geosci. Remote Sens., 44(3),
694-706. doi: 10.1109/TGRS.2005.861411.

Salvo Rossi, P., Ciuonzo, D. & Ekman, T. (2015a). HMM-Based Decision Fusion in Wireless
Sensor Networks With Noncoherent Multiple Access. IEEE Commun. Lett., 19(5), 871-
874. doi: 10.1109/LCOMM.2015.2413407.

Salvo Rossi, P, Ciuonzo, D., Kansanen, K. & Ekman, T. (2015b). On Energy Detection
for MIMO Decision Fusion in Wireless Sensor Networks Over NLOS Fading. [EEE
Commun. Lett., 19(2), 303-306. doi: 10.1109/LCOMM.2014.2379714.

Salvo Rossi, P.,, Ciuonzo, D., Kansanen, K. & Ekman, T. (2016). Performance Anal-
ysis of Energy Detection for MIMO Decision Fusion in Wireless Sensor Networks
Over Arbitrary Fading Channels. IEEE Trans. Wireless Commun., 15(11), 7794-7806.
doi: 10.1109/TWC.2016.2607703.

Sardarabadi, A. M., van der Veen, A. J. & Boonstra, A. J. (2016). Spatial Filtering of RF
Interference in Radio Astronomy Using a Reference Antenna Array. IEEE Trans. Signal
Process., 64(2), 432-447. doi: 10.1109/TSP.2015.2483481.

Scharf, L. & Lytle, D. (1971). Signal Detection in Gaussian Noise of Unknown
Level: An Invariance Application. IEEE Trans. Inf. Theory, 17(4), 404-411.
doi: 10.1109/TIT.1971.1054668.

Scharf, L. L. & Friedlander, B. (1994). Matched Subspace Detectors. IEEE Trans. Signal
Process., 42(8), 2146-2157. doi: 10.1109/78.301849.

Scharf, L. L. & McCloud, M. L. (2002). Blind Adaptation of Zero Forcing Projec-
tions and Oblique Pseudo-Inverses for Subspace Detection and Estimation When
Interference Dominates Noise. [EEE Trans. Signal Process., 50(12), 2938-2946.
doi: 10.1109/TSP.2002.805245.

Scharf, L. L. & McWhorter, L. T. (1996, Nov.). Adaptive Matched Subspace Detectors and
Adaptive Coherence Estimators. Proc. 30th Asilomar Conf. Signals, Syst., Comput.,
pp. 1114-1117. doi: 10.1109/ACSSC.1996.599116.

Scharf, L. L. (1991). Statistical Signal Processing: Detection, Estimation, and Time Series
Analysis. Reading, MA, USA: Addison-Wesley.

Schonhoff, T. A. & Giordano, A. A. (2006). Detection and Estimation Theory and Its Appli-
cations. Upper Saddle River, NJ, USA: Prentice-Hall.

Seber, G. A. F. (2003). Linear Regression Analysis (ed. 2). Hoboken, NJ, USA: Wiley.

Selim, B., Alhussein, O., Muhaidat, S., Karagiannidis, G. K. & Liang, J. (2016). Modeling and
Analysis of Wireless Channels via the Mixture of Gaussian Distribution. /EEE Trans.
Veh. Technol., 65(10), 8309-8321. doi: 10.1109/TVT.2015.2503351.



298

Sgammini, M., Antreich, F., Meurer, M., Kurz, L. & Noll, T. (2012, Sep.). Blind adaptive
beamformer based on orthogonal projections for GNSS. Proc. the 24th Annu. Int. Tech.
Meeting of the Satellite Division of the Institute of Navigation (ION) - Global Satellite
Navigation System (GNSS), pp. 1-8. doi: 10.1109/NAVITEC.2014.7045134.

Sharma, S. K., Bogale, T. E., Chatzinotas, S., Ottersten, B., Le, L. B. & Wang, X. (2015).
Cognitive Radio Techniques Under Practical Imperfections: A Survey. IEEE Commun.
Surveys Tuts., 17(4), 1858-1884. doi: 10.1109/COMST.2015.2452414.

Shen, Y., Baingana, B. & Giannakis, G. B. (2017). Tensor Decompositions for Identifying
Directed Graph Topologies and Tracking Dynamic Networks. IEEE Trans. Signal Pro-
cess., 65(14), 3675-3687. doi: 10.1109/TSP.2017.2698369.

Shi, K., Zhou, Y., Kelleci, B., Fischer, T. W., Serpedin, E. & 1. Karsilayan, A. (2007). Impacts
of Narrowband Interference on OFDM-UWB Receivers: Analysis and Mitigation. IEEE
Trans. Signal Process., 55(3), 1118-1128. doi: 10.1109/TSP.2006.887153.

SIG. (2018). Satcoms Innovation Group (SIG). Consulted at https://satig.space/.

Sigut, J., Demetrio, J., Moreno, L., Estevez, J., Aguilar, R. & Alayon, S. (2005). An Asymp-
totically Optimal Detector for Gaussianity Testing. IEEE Trans. Signal Process., 53(11),
4186-4193. doi: 10.1109/TSP.2005.857042.

Simon, M. K. & Alouini, M.-S. (2005). Digital Communication over Fading Channels (ed. 2).
Hoboken, NJ, USA: Wiley.

Sofotasios, P. C., Rebeiz, E., Zhang, L., Tsiftsis, T. A., Cabric, D. & Freear, S. (2013). Energy
Detection Based Spectrum Sensing Over k—u and k—u Extreme Fading Channels.
IEEE Trans. Veh. Technol., 62(3), 1031-1040. doi: 10.1109/TVT.2012.2228680.

Sofotasios, P. C., Mohjazi, L., Muhaidat, S., Al-Qutayri, M. & Karagiannidis, G. K. (2016).
Energy Detection of Unknown Signals Over Cascaded Fading Channels. IEEE Antennas
Wireless Propag. Lett., 15, 135-138. doi: 10.1109/LAWP.2015.2433212.

Song, B., Haardt, M. & Roemer, F. (2013, Aug.). A tensor-based subspace method for blind
estimation of MIMO channels. Proc. Int. Symp. on Wireless Commun. Syst. (ISWCS),

pp- 1-5.

Song, B., Roemer, F. & Haardt, M. (2010a, Nov.). Blind estimation of SIMO channels using
a tensor-based subspace method. Proc. Asilomar Conf. on Signals, Syst. and Comput.,
pp- 8-12. doi: 10.1109/ACSSC.2010.5757455.

Song, S. H., Hamdi, K. & Letaief, K. B. (2010Db). Spectrum Sensing with
Active Cognitive Systems. IEEE Trans. Wireless Commun., 9(6), 1849-1854.
doi: 10.1109/TWC.2010.06.090924.



299

Sonnenschein, A. & Fishman, P. M. (1992). Radiometric Detection of Spread-Spectrum Sig-
nals in Noise of Uncertain Power. IEEE Trans. Aerosp. Electron. Syst., 28(3), 654-660.
doi: 10.1109/7.256287.

Sorber, L., Barel, M. V. & Lathauwer, L. D. (Jan. 2014). Tensorlab v2.0. Consulted at http:
/Iwww.tensorlab.net/.

Stevenson, C. R., Chouinard, G., Lei, Z., Hu, W., Shellhammer, S. J. & Caldwell, W. (2009).
IEEE 802.22: The First Cognitive Radio Wireless Regional Area Network Standard.
IEEE Commun. Mag., 47(1), 130-138. doi: 10.1109/MCOM.2009.4752688.

Stoica, P. & Selen, Y. (2004). Model-Order Selection: A Review of Information Criterion
Rules. IEEE Signal Process. Mag., 21(4), 36-47. doi: 10.1109/MSP.2004.1311138.

Strang, G. (2003). Introduction to Linear Algebra (ed. 3). Wellesley, MA, USA: Wellesley-
Cambridge Press.

Subbaram, H. & Abend, K. (1993). Interference Suppression via Orthogonal Projec-
tions: A Performance Analysis. IEEE Trans. Antennas Propag., 41(9), 1187-1194.
doi: 10.1109/8.247744.

Sun, H., Nallanathan, A., Wang, C. X. & Chen, Y. (2013). Wideband Spectrum Sensing
for Cognitive Radio Networks: A Survey. [EEE Wireless Commun., 20(2), 74-81.
doi: 10.1109/MWC.2013.6507397.

Sun, Y., Baricz, A. & Zhou, S. (2010). On the Monotonicity, Log-Concavity, and Tight Bounds
of the Generalized Marcum and Nuttall Q-Functions. IEEE Trans. Inf. Theory, 56(3),
1166-1186. doi: 10.1109/TIT.2009.2039048.

Szumski, A. (2010). Finding the Interference: KLT (Karhunen-Loeve Transform) as an Instru-
ment to Detect Weak RF Signals. Inside GNSS, 67(3), 56 - 64.

Taherpour, A., Nasiri-Kenari, M. & Gazor, S. (2010). Multiple Antenna Spectrum
Sensing in Cognitive Radios. IEEE Trans. Wireless Commun., 9(2), 814-823.
doi: 10.1109/TWC.2009.02.090385.

Tandra, R. & Sahai, A. (2008). SNR Walls for Signal Detection. IEEE J. Sel. Topics Signal
Process., 2(1), 4-17. doi: 10.1109/JSTSP.2007.914879.

Tani, A. & Fantacci, R. (2008). Performance Evaluation of a Precorrelation Interference De-
tection Algorithm for the GNSS Based on Nonparametrical Spectral Estimation. /EEE
Syst. J., 2(1), 20-26. doi: 10.1109/JSYST.2007.914772.

Tavana, M., Rahmati, A., Shah-Mansouri, V. & Maham, B. (2017). Cooperative Sensing With
Joint Energy and Correlation Detection in Cognitive Radio Networks. IEEE Commun.
Lert., 21(1), 132-135. doi: 10.1109/LCOMM.2016.2613858.



300

Tian, Z. & Giannakis, G. B. (2006, Jun.). A Wavelet approach to wideband spectrum sensing
for cognitive radios. Proc. Int. Conf. Cogn. Radio Oriented Wireless Netw. Commun.,
pp- 1-5. doi: 10.1109/CROWNCOM.2006.363459.

Trigui, L., Laourine, A., Affes, S. & Stephenne, A. (2009). Performance Analysis of Mobile Ra-
dio Systems over Composite Fading/Shadowing Channels with Co-located Interference.
IEEE Trans. Wireless Commun., 8(7), 3448-3453. doi: 10.1109/TWC.2009.081250.

Tsakalaki, E., Alrabadi, O. N., Tatomirescu, A., de Carvalho, E. & Pedersen, G. F.
(2014). Concurrent Communication and Sensing in Cognitive Radio Devices: Chal-
lenges and an Enabling Solution. [EEE Trans. Antennas Propag., 62(3), 1125-1137.
doi: 10.1109/TAP.2013.2280051.

Tugnait, J. K. (2012). On Multiple Antenna Spectrum Sensing Under Noise Vari-
ance Uncertainty and Flat Fading. [EEE Trans. Signal Process., 60(4), 1823-1832.
doi: 10.1109/TSP.2011.2180721.

Urkowitz, H. (1967). Energy Detection of Unknown Deterministic Signals. Proc. IEEE, 55(4),
523-531. doi: 10.1109/PROC.1967.5573.

van der Tol, S. & van der Veen, A. J. (2005). Performance Analysis of Spatial Filtering of
RF Interference in Radio Astronomy. [EEE Trans. Signal Process., 53(3), 896-910.
doi: 10.1109/TSP.2004.842177.

Van Trees, H. L. (2002). Optimum Array Processing: Part IV of Detection, Estimation, and
Modulation Theory. New York, NY, USA: Wiley.

Vasilescu, M. & Terzopoulos, D. (2007, Oct.). Multilinear projection for appearance-based
recognition in the tensor framework. Proc. IEEE Int. Conf. on Comput. Vision (IEEE
ICCV), pp. 1-8. doi: 10.1109/ICCV.2007.4409067.

Venkataramani, R. & Bresler, Y. (2000). Perfect Reconstruction Formulas and Bounds on
Aliasing Error in Sub-Nyquist Nonuniform Sampling of Multiband Signals. IEEE Trans.
Inf. Theory, 46(6), 2173-2183. doi: 10.1109/18.868487.

Via, J., Santamaria, I. & Pérez, J. (2006). Effective Channel Order Estimation Based on
Combined Identification/Equalization. IEEE Trans. Signal Process., 54(9), 3518-3526.
doi: 10.1109/TSP.2006.879271.

Wang, B. & Liu, K. J. R. (2011). Advances in Cognitive Radio Networks: A Survey. IEEE J.
Sel. Topics Signal Process., 5(1), 5-23. doi: 10.1109/JSTSP.2010.2093210.

Wang, P, Fang, J., Han, N. & Li, H. (2010). Multiantenna-Assisted Spectrum
Sensing for Cognitive Radio. IEEE Trans. Veh. Technol., 59(4), 1791-1800.
doi: 10.1109/TVT.2009.2037912.



301

Wax, M. & Kailath, T. (1985). Detection of Signals by Information Theo-
retic Criteria. IEEE Trans. Acoust., Speech, Signal Process., 33(2), 387-392.
doi: 10.1109/TASSP.1985.1164557.

Wildemeersch, M. & Fortuny-Guasch, J. (2010). Radio Frequency Interference Impact Assess-
ment on Global Navigation Satellite Systems (Tech. Rep.): EC Joint Research Centre,
Security Tech. Assessment Unit.

Wolfram Research Inc. (Feb. 2007). MeijerG. Consulted at http://functions.wolfram.com/
HypergeometricFunctions/MeijerG/21/02/07/0005/.

Wolfram Research Inc. (Jan. 2002). Incomplete gamma function. Consulted at http://functions.
wolfram.com/GammaBetaErf/Gamma2/20/01/02/0001/.

Woods, F. S. (1934). Advanced Calculus (New ed.): A Course Arranged with Special Refer-
ence to the Needs of Students of Applied Mathematics. Boston, MA, USA: Ginn and
Company.

Yin, H., Cottatellucci, L., Gesbert, D., Miiller, R. R. & He, G. (2016). Robust Pilot Decontam-
ination Based on Joint Angle and Power Domain Discrimination. /EEE Trans. Signal
Process., 64(11), 2990-3003. doi: 10.1109/TSP.2016.2535204.

Ying, Y., Whitworth, T. & Sheridan, K. (2012, Oct.). GNSS interference detection with soft-
ware defined radio. Proc. the Ist IEEE AESS European Conf. on Satellite Telecommun.
(ESTEL), pp. 1-6. doi: 10.1109/ESTEL.2012.6400121.

Yousif, E., Ratnarajah, T. & Sellathurai, M. (2016). A Frequency Domain Approach to
Eigenvalue-Based Detection With Diversity Reception and Spectrum Estimation. /EEE
Trans. Signal Process., 64(1), 35-47. doi: 10.1109/TSP.2015.2474309.

Yuan, J. (1998). Tests of Gaussianity and Linearity for Random Fields Using Estimated Higher
Order Spectra. IEEE Trans. Signal Process., 46(1), 247-250. doi: 10.1109/78.651229.

Yucek, T. & Arslan, H.  (2009). A Survey of Spectrum Sensing Algorithms for
Cognitive Radio Applications. I[EEE Commun. Surveys Tuts., 11(1), 116-130.
doi: 10.1109/SURV.2009.090109.

Zeng, Y. & Liang, Y. C. (2009a). Spectrum-Sensing Algorithms for Cognitive Radio
Based on Statistical Covariances. [IEEE Trans. Veh. Technol., 58(4), 1804-1815.
doi: 10.1109/TVT.2008.2005267.

Zeng, Y. & Liang, Y.-C. (2009b). Eigenvalue-Based Spectrum Sensing Algorithms
for Cognitive Radio. [IEEE Trans. Commun., 57(6), 1784-1793. doi: 10.1109/T-
COMM.2009.06.070402.

Zhao, Q. & Sadler, B. M. (2007). A Survey of Dynamic Spectrum Access. IEEE Signal
Process. Mag., 24(3), 79-89. doi: 10.1109/MSP.2007.361604.



302

Zhou, X., Zhang, R. & Ho, C. K. (2013). Wireless Information and Power Transfer: Archi-
tecture Design and Rate-Energy Tradeoff. IEEE Trans. Commun., 61(11), 4754-4767.
doi: 10.1109/TCOMM.2013.13.120855.

Zoubir, A. & Iskander, D. (2004). Bootstrap Techniques for Signal Processing. Cambridge
Univ. Press.

Zoubir, A. & Robert Iskander, D. (2007). Bootstrap Methods and Applications. /EEE Signal
Process. Mag., 24(4), 10-19. doi: 10.1109/MSP.2007.4286560.



