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Abstract

The key idea behind Cognitive Radio (CR) is to allow opportunistic access to tem-
porally and/or geographically unused licensed bands, avoiding conflicts with the
rightful license owners in those bands. To achieve this, novel interference manage-
ment algorithms are required to limit the interference seen by the primary (licensed)
users. A key aspect of any interference management scheme is spectrum monitoring,

that allows to detect and track primary (licensed) users.

This PhD. Thesis contributes to the field of CR in two different ways. First,
we address the problem of primary user monitoring using novel detection schemes
which exploit multiple antennas, wideband processing, and the available a priori
knowledge about primary transmissions. Then, we propose a general framework for
interference management in cognitive radio networks in which certain interaction is

allowed between primary and secondary systems.

Specifically, the detection problems investigated in this thesis include multi-
antenna detection exploiting a priori spectral information when the noise statistics
are assumed known. In this setting we will also derive novel diversity order analysis
of the proposed detectors. The case of multiantenna detection under unknown noise
statistics is covered under different hypotheses, including both the detection of pri-
mary signals with spatial rank larger than one and detection in presence of spatially
unstructured noise. Additionally we study the problem of multichannel monitoring.
In this context, wideband acquisition can be performed using traditional analog to
digital converters or the recently proposed analog to information converters. When
the channelization of the primary network is assumed known, we show that guard
bands and weak channels can be used to improve detection performance, both when
the detection is performed from a set of samples at Nyquist rate, or from a set of

Compressed measurements.

Finally, we propose a general framework for interference management in cogni-



tive radio networks in which the primary network is allowed to dynamically adjust
the tolerable interference margin to be met by the secondary system. In particular,
we propose a game theoretical formulation which allows us to study the perfor-
mance gain which can be expected from this limited interaction between primary
and secondary systems. Moreover, we show that certain architectures fulfilling these
requirements are implementable in practice and present good performance in both

static and dynamic environments.



Resumen

Introducciéon

En los ultimos afios hemos sido testigos de una importante escalada del precio de
ciertas bandas de frecuencia. Este aumento del precio de los recursos espectrales
se debe principalmente a la creciente demanda de ancho de banda por parte de los
operadores a raiz de los nuevos servicios y aplicaciones emergentes. Sin embargo,
al mismo tiempo, gran parte de las frecuencias asignadas a los operadores presenta
una baja utilizaciéon. Esta paradoja es consecuencia de una politica de asignacion
de frecuencias estatica que se ha mostrado ineficiente (FCC, 2002, 2003). Esto es
debido a que los operadores de comunicaciones (tanto de telefonia como de otras
redes de difusién) no utilizan la totalidad de los recursos espectrales en todos los

lugares en todo momento.

Asi existe un interés considerable en el desarrollo de esquemas de acceso dindmico
que permitirfan mejorar la utilizacién espectral (FCC, 2002, 2003). En este sentido
el paradigma de Radio Cognitiva (CR) (Mitola and Maguire Jr., 1999) se plantea
como la tecnologia que permitiria un esquema de acceso dindmico en bandas espec-
trales actualmente en explotacién bajo licencia. La idea clave detrds de CR es crear
radios mas inteligentes que puedan adaptarse a su entorno. Por lo tanto, en las
bandas con licencia los nodos cognitivos seran capaces de detectar y monitorizar a
los usuarios primarios (que tienen los derechos de explotacién), para asi hacer uso
de la los recursos que éstos no utilicen. Por ejemplo, la Comisién Federal de Co-
municaciones de los EE.UU. (FCC) ha aprobado recientemente el uso la banda de
television VHF y UHF por parte de dispositivos secundarios (FCC, 2010), siempre

evitando interferir con los operadores de televisién.

Sin embargo para que la tecnologia que requiere la Radio Cognitiva sea posible

es necesario por una parte el desarrollo de nuevos esquemas de deteccién de usuarios
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primarios, y por otra nuevos métodos de gestion de interferencia.

En primer lugar, la interferencia producida a los usuario primarios se debe
mantener en niveles suficientemente bajos en todas las condiciones. Sin embargo, el
medio inaldmbrico presenta diversos fenémenos derivados de la propagacién de las
senales, tales como desvanecimientos o nodos ocultos, por lo que la senal recibida
puede ser muy débil. Por ello se requieren detectores capaces de operar en estas
bajas condiciones de senial a ruido (SNR) de forma fiable (Akyildiz et al., 2008).

Por otro lado, los sistemas de CR puede dar lugar a redes muy complejas, en
las que usuarios primarios y secundarios interactiian en entornos cambiantes con el
tiempo. De esta forma también son necesarios nuevos mecanismos de analisis de
prestaciones y gestién de interferencia que permitan asegurar el funcionamiento del

sistema en cualquier situacion.

En esta tesis se estudian estos dos aspectos de un sistema de radio cognitiva. Por
un lado, se analizan las mejoras de rendimiento obtenidas por detectores asicronos,
tanto mediante el uso de multiples antenas como por medio del procesado simultdneo
de varios canales primarios. Por otra parte, se presenta una arquitectura completa de
un sistema CR en la que se permite una cierta interaccion entre las redes primaria
y secundaria, produciendo una mejora global de las prestaciones del sistema. A
continuacién presentamos un resumen de las contribuciones mas relevantes que se
proponen en el marco de esta tesis, junto con una revisién de la literatura relacionada

con las mismas.

Monitorizacion espectral

La monitorizacién espectral se basa en la capacidad de detecciéon de senales pri-
marias y/o secundarias muy débiles a través de las observaciones locales de los no-
dos cognitivos, ya sea individualmente o de forma colaborativa. Si bien la detecciéon
colaborativa tiene el potencial de compensar ciertos efectos de propagacién, tales
como desvanecimientos o el problema del nodo oculto (Ganesan and Li, 2007a,b),
ésta se construye sobre esquemas de deteccién locales que necesitan ser optimiza-
dos. Debido a eso, en este trabajo nos centraremos principalmente en esquemas de

deteccion local.

Tradicionalmente los esquemas de deteccién local se pueden dividir en tres

grandes grupos, en funcién de los grados de conocimiento y sincronizacién con la
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red primaria.

1. Filtro adaptado: la estrategia de detecciéon éptima en ruido gausiano esta-
cionario es el filtro adaptado (Kay, 1998), requiriendo que el usuario secundario

esté enganchado a la red primaria.

2. Deteccién basada en caracteristicas: ciertas propiedades de la senal primaria,
tales como la presencia de pilotos o cicloestacionariedad, pueden ser explotadas
para mejorar las prestaciones de los diversos detectores. Sin embargo, tanto la
deteccién basada en filtro adaptado como la deteccion basada en caracteristicas
son muy sensibles a errores de sincronizacién (Cabric, 2008). Con SNR muy
baja, es dificil obtener una sincronizacién con la precision requerida con la

frecuencia portadora y/o tasa de muestreo.

3. Deteccion asincrona: Estos sistemas de deteccion se basan en ciertas propiedades
de la senal que no requieren sincronizacién, como pueden ser energia o estruc-
tura temporal/espacial. Entre estos, el mas popular es el detector de energia,
que se reduce a integrar la energia recibida en una banda de frecuencias y
comparar esta energia con un umbral, que en general depende del nivel de
ruido presente en el sistema. Sin embargo, cualquier incertidumbre con re-
specto al nivel de ruido se traduce en la degradacién grave del rendimiento del
detector (Tandra and Sahai, 2008).

Las razones expuestas motivan la biisqueda de detectores asincrénos robustos a
incertidumbre en el nivel de ruido. Dos opciones serian el uso de muiltiples antenas
en el proceso de detecciéon o procesado simultaneo de un ancho de banda grande
abarcando multiples canales primarios. Adicionalmente, cabe preguntarse si existen
caracteristicas de la senal primaria que podrian ser explotadas por un detector sin
necesidad de una sincronizacion precisa. De hecho, en muchos casos el sistema
secundario dispone de cierta informacién acerca de las transmisiones primarias, tal
como informacién acerca de la canalizacién y/o modulacién, que podria ser utilizada

para aumentar las prestaciones de deteccion.

A lo largo de esta tésis asumiremos tanto la modulacién como la canalizacién
de la red primaria conocidas por el monitor espectral. Este conocimiento se traduce
en informacién sobre la forma espectral de las transmisiones primarias. Ademas,
dado que requerimos unos niveles de sincronizacién reducida centraremos nuestro
estudio en sefiales gausianas. Los motivos para la adopcién de un modelo gausiano

para la senal principal son los siguientes. En primer lugar, si la distribucién real
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es desconocido, y dado que el ruido se supone gausiano, una distribuciéon gausiana
para la senal primaria es la menos informativa de todas las posibles. Segundo, si
el sistema primario utiliza una modulacién multiportadora, comtun para casi todos
los estandares de comunicaciones modernos, una distribuciéon gausiana es una muy
buena aproximacién de la distribucién real (Tellado, 2000). En tercer lugar, el
modelo matematico resultante es lo suficientemente sencillo como para permitir el

desarrollo de esquemas de deteccién implementables en la practica.

Sistemas de deteccién con multiples antenas

La tecnologia de multiples antenas en sistemas de comunicacién ya ha alcanzado
una gran madurez, por lo que es muy probable que se incorpore en futuros termi-
nales de CR. En términos de transmisién/recepcion, varias antenas proporcionan
un medio para aumentar la capacidad del canal para un ancho de banda fijo, asi
como para paliar efectos derivados del multitrayecto a través del uso de codificacion
espacio-temporal (Larsson and Stoica, 2003). Recientemente miiltiples autores han
estudiado los beneficios de contar con multiples antenas para mejorar las presta-

ciones de deteccién en el contexto de sistemas CR.

La ganancia ofrecida por el uso de multiples antenas en sistemas de deteccion
basados en el detector de energia fue analizado en Pandharipande and Linnartz
(2007) bajo el supuesto de que la informacién de canal es conocida por la red secun-

daria. Sin embargo, esto no es realista en a practica y el canal debe ser estimado.

En la literatura se han propuesto diversos esquemas de deteccién suponiendo un
modelo gausiano para la senal y el ruido cuando el canal es desconocidos. Estamos
particularmente interesados en detectores basados en el test de razén de verosimil-
itud generalizado (GLRT), ya que por lo general son simples y ofrecen un buen
rendimiento. El GLRT para senales temporalmente blancas de rango espacial 1 y
ruidos iid se aplica a deteccién en sistemas CR en Taherpour et al. (2010); Wang
et al. (2010). Sila matriz de covarianza de la senal no esté estructurada, el GLRT se
corresponde con el test de esfericidad (Mauchly, 1940), aplicado a CR en Lim et al.
(2008); Zhang et al. (2010a). Asumiendo la varianza del ruido conocida los autores
de Lim et al. (2008); Zhang et al. (2010a) desarrollan el el GLRT cuando las senales
primarias tienen rango espacial P > 1. Otro caso de interés viene dado cuando
el ruido no presenta la misma varianza en todas las antenas. En este supuesto, el
GLRT para deteccién de senales sin estructura espacial estd dado en Wilks (1935)

y se aplicé a radioastronomia en Leshem and Van der Veen (2001a,b).



Sin embargo, exceptuando Lim et al. (2008); Zhang et al. (2010a), donde los au-
tores asumen varianza de ruido conocida, todos los detectores asumen o bien senales
primarias de rango 1 o bien sin estructura espacial. Ninguno de estos trabajos con-
sidera tampoco el impacto de una cierta correlacién temporal en la senal primaria,
que como hemos visto se puede considerar conocida en muchos casos de interés. En

este aspecto las contribuciones mas resenables de esta tésis son las siguientes:

e Deteccién multiantena explotando informacién espectral de las trans-
misiones primarias en ruido con estadisticos conocidos. Partiendo del
detector 6ptimo (aunque no implementable) de Neyman-Pearson se derivan

una familia de detectores multiantena con diferentes niveles de complejidad:

1. Detector de energia generalizado (GED, Seccién 2.3.3). Este detector estd
basado en el detector de energia y simplemente suma la energia presente
en cada una de las antenas una vez ponderada por una mascara espectral.
Asi, este detector ignora cualquier correlacién espacial existente entre
las diferentes antenas. El andlisis de sus prestaciones (Apéndice 2.A.1)
demuestra que éstas dependen tinicamente de la relacién senal a ruido
(SNR) total (suma de las SNRs en cada unas de las antenas) y no de la

realizacién particular del canal.

2. Detector basado en combinacién por seleccién (SC, Seccion 2.4.1). Este
detector elige la antena con mayor energia ponderada, que es la usada en el
test. Su andlisis demuestra que es éptimo cuando una de las componentes
del canal es mucho mayor que las demads, y por tanto sus prestaciones

dependen de la componente esférica del canal (Apéndice 2.A.2).

3. Detector basado en combinacién con igual ganancia (EGC, Seccién 2.4.2).
Bajo la suposiciéon de que todas las antenas presentan una SNR similar,
el detector 6ptimo explota la correlacion existente entre las antenas aline-
ando las fases de los diversos términos de la matriz de covarianza antes de
proceder a su combinacién. El detector propuesto en este escenario pre-
senta una complejidad reducida, aunque requiere de los productos cruza-

dos entre las senales presentes en las diversas antenas.

4. Detector basado en combinacién de razén maxima (MRC, Seccién 2.4.3).
El detector 6ptimo cuando no se asume ningin tipo de estructura sobre
el canal espacial es viene dado por el mayor autovalor de la matriz de

covarianza espacial empirica. Este detector requiere entonces obtener el
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Figura I: Prestaciones de deteccion en entornos con desvanecimientos. Pr4 = 0.05,
L =4, K = 256. (a) Canales Ricean vs. Rayleigh (Senal OFDM). (b) Explotando

la informacién espectral en canales Rayleigh (senal GSM).

autovalor maximo de una matriz, ademas de calcular los productos cruza-
dos entre diversas antenas, ofreciendo generalmente buenas prestaciones
(Apéndice 2.A.4).

Si definimos y; como el vector de dimension K x 1 compuesto por las mues-
tras temporales obtenidas de la antena [ = 1,..., L; la matriz de datos Y =
[y1y2---yr]; la matriz de covarianza temporal de la senal transmitida por el
sistema primario C, de dimension K x K y normalizada tal que tr{C} = Ky,
o2 la potencia de ruido igual para cada una de las antenas, podemos presentar

los detectores descritos en la siguiente tabla:

Detector Test
SC / OR %ﬂ maxi<m<r, YA Cyn,

GED s Sk el Cry
EGC KL102 Zﬁ:l an:l ‘ngYn’
MRC 77 Amax (Y CY)

Es interesante resaltar que esta familia de detectores presenta ciertos com-

promisos entre complejidad y prestaciones. Este compromiso es estudiado a



través de un analisis tedrico y simulaciones, que muestra el precio que pagan
los detectores SC y GED por admitir implementaciones distribuidas. Como
comclusiones més relevantes podemos destacar las incluidas en la Figura I(a),
donde se muestran las prestaciones de los diversos detectores para un canal
estocastico con desvanecimientos. Se puede ver que mientras el MRC ofrece
las mejores prestaciones, tanto en escenarios con visién directa entre nodos pri-
mario y secundario como en escenarios Rayleigh, esta ventaja es pequena con
respecto al detector EGC, que presenta una complejidad de implementacion
mucho menor. Sin embargo estos dos detectores requieren extraer las cor-
relaciones cruzadas entre las diversas antenas, por lo que no son dados a una
implementacién distribuida. Por otra parte, mientras que los detectores GED
y SC ofrecen unas menores presaciones, si admiten una implementacién dis-
tribuida. Entre ellos el GED ofrece mejores prestaciones, a costa de transmistir
una cantidad mayor de informacion al centro de fusién que realizara la decisién
final.

Por otra parte, la Figura I(b) muestra las ventajas de utilizar la informacién
espectral disponible a la hora de realizar el proceso de deteccién para el caso
de una senal GSM. En la Fig. I(b) se pueden ver las prestaciones obtenidas
cuando la senal recibida se asume blanca, caso en el que estamos despreciando
la informacion espectral de la sefial, comparadas con las prestaciones obtenidas
por el sistema que si considera esta informacion. Se puede ver que en este
escenario la ganancia obtenida es de hasta 3dBs para un mismo esquema de

deteccién, por tanto de complejidad similar.

Deteccién multiantena de senales primarias con rango espacial ar-
bitrario bajo estadisticos de ruido desconocidos. Asumiendo senales
gausianas, derivamos el GLRT para senales temporalmente blancas y trans-
misiones primarias con un rango P mayor que uno, tanto para ruidos con
la misma varianza en las diversas antenas, como para el caso de varianzas

diferentes.

Este escenario presenta importantes implicaciones practicas. Por una parte,
tenemos que los sistemas de comunicaciones modernos utilizan senales pri-
marias con rango espacial mayor que uno con mucha frecuencia. Por ejemplo, si
varios usuarios independientes transmiten simultaneamente en el mismo canal
de frecuencia, o si un usuario primario emplea un estandar de comunicaciones
moderno. Esto ultimo es debido a que los nuevos estandares de comunicaciones

recientes emplean técnicas de multiplexado espacial y/o técnicas de extraccién
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de diversidad con multiples antenas. Asi se puede conseguir un aumento de la
cantidad de informacion transmitida y aumentar la diversidad espacial medi-
ante el uso de cddificacién en espacio-tiempo Paulraj et al. (2008). La senal
recibida por un sensor multiantena exhibird un rango espacial mayor que uno
en cualquiera de los estos casos. Otra caracteristica fundamental del modelo
propuesto es la relajacién de la condicién de que la varianza de ruido deben
ser igual en todas las antenas. Esto es debido a que las tolerancias de los com-
ponentes analdgicos en las cadenas de recepcién en diferentes antenas daran
lugar en general a desviaciones en el nivel de ruido de antena a antena. A no
ser que se haga un calibrado preciso de estas desviaciones, los detectores que
asumen la misma varianza de ruido en todas las antenas presentan una impor-
tante pérdida de prestaciones. En cambio, si estas desviaciones se introducen

en el modelo, obtendremos detectores robustos a errores de calibracion.

En el caso de considerar igual varianza de ruido en todas las antenas el GLRT

admite una expresiéon cerrada, dada por

% 25:1 Ai g
(H,L-L:l )\i)l/L

L—-P’
|: ﬁ Zz‘L:P+1 Aq :|
( )

L 1/(L—P
i=P+1 Ai)

donde )\; denota el i-ésimo autovalor de la matriz de covarianza espacial
Y'Y /K. Esta expresion muestra como el GLRT se puede ver como un co-
ciente entre dos medidas de esfericidad: uno de los términos refleja como de
diferente es la senal de ruido blanco mientras que el segundo es una medida
de la esfericidad del subespacio de ruido, y se puede ver como una referencia

de esfericidad debido a la longitud muestral finita.

Por otra parte el problema de deteccién con ruidos de diferentes varianzas no
ofrece una solucién cerrada, por lo que se proponen dos opciones: un algoritmo
iterativo y un detector asintético en baja SNR (Seccién 3.3.2). El desarrollo
del algoritmo iterativo se basa en dividir el problema de optimizacién origi-
nal, no convexo, en dos subproblemas de optimizacién convexa que se pueden
ir resolviendo iterativamente, en lo que se conoce como un esquema de opti-
mizacion alternativa. Este esquema presenta muy buenas prestaciones para
el modelo considerado, aunque, en ciertos casos, puede resultar excesivamente
complejo para su implementacién practica. Considerando un modelo de baja

SNR se puede simplificar el proceso de optimizacién y obtener una expresién
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Figura II: Probabilidad de deteccién fallida vs. P asumiendo (a) ruidos iid y (b)
ruidos no non-iid.

cerrada para el GLRT asintético, dada por

P
TT 6
=1

donde f; representa el i-ésimo autovalor de la matriz de coherencia espacial
(matriz de covarianza espacial Y#Y /K normalizada por su diagonal). Este
GLRT asintotico estd dado por el producto de los P mayores autovalores de
la matriz de coherencia espacial, después de ser ponderados por un término

exponencial que hace que todos tengan un peso similar en la funcién final.

El estudio mediante simulaciones de las prestaciones de los detectores prop-
uestos muestra claramente la ventaja de utilizar detectores para senales de
rango mayor que uno, tal y como se puede ver en la Figura II. Aqui se puede
ver que, cuando las senales presentan un rango espacial intermedio los detec-
tores propuestos ofrecen las mejores prestaciones para el modelo considerado.
Por otra parte, para rangos igual a 1 y para rangos proximos a ser de rango
completo, sus prestaciones convergen a las de los detectores desarrollados bajo

esta suposiciones.

La sensibilidad de los detectores a errores de calibracién de las diversas antenas

se muestra en la Figura III. En ésta se puede ver la sensibilidad de los detectores
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Figura III: Curvas ROC (SNR= -8 dB, P =1, L = 4, K = 128) (a) asumiendo
ruidos iid y (b) con un error de calibracién entre antenas.

desarrollados bajo la suposicién de igual varianza de ruido en todas las antenas
cuando esto no se cumple. Se puede ver que incluso para pequenas desviaciones
en esta potencia de ruido nominal sus prestaciones se degradan notablemente,
mientras que los detectores que asumen diferentes varianzas son robustos frente

a estos errores de calibrado.

Desarrollo y anélisis de esquemas de deteccién multiantena en pres-
encia de interferencia. Si se una asume interferencia suficientemente fuerte
como para enmascarar al ruido térmico presente en las antenas, ésta se podria
modelar como un proceso ruidoso que presenta una matriz de covarianza ar-
bitraria y no necesariamente incorrelada entre antenas. Un escenario con este
tipo de interferencia, se puede dar, por ejemplo, si el nodo detector recibe una
senal muy fuerte de otros nodos secundarios, bien de su propia red o de otras
redes secundarias. En este caso, si la senal primaria a detectar es de banda
estrecha, las contribuciones secundarias se puede modelar como ruido blanco

con estructura espacial arbitraria.

Bajo estas condiciones, el GLRT no se puede obtener en forma cerrada para
el caso general. Sin embargo el problema de optimizacién se puede reducir a

un problema de optimizacién escalar, de forma que el GLRT exacto esta dado
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Figura IV: Probabilidad de detecciéon en funcién de la SNR en un escenario con
Pry=0.05 L=4y K =128.

por

A (U (I 4 pC)1UYy)
max ,

p det(IK + ,OC)

donde la matriz de datos recibida Y presenta la descomponsiciéon en valores
singulares Y = Uy Sy Vy. Es decir, el detector éptimo ignora la informacién
espacial de la senal recibida, dada por {Sy,Vy} y se queda dnicamente con
la matriz unitaria Uy, con la informacién temporal de la sefial en cada una

de las antenas.

Si particularizamos este detector para el caso de baja SNR (que resulta ser
exacto para sefiales pasobanda planas en la banda de paso) si se obtiene un

detector en forma cerrada, dado por
Amax(U¥CUY).

Este detector ofrece buenas prestaciones en el rango de SNRs de interés, tal y
como se puede ver en la Figura I'V. Esta figura también muestra una excelente
coincidencia entre los resultados empiricos y el andlisis de prestaciones teérico
realizado en el régimen asintético para un nimero de muestras grande. Por

otra parte, a partir de los resultados tedéricos se puede ver que las prestaciones
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del detector dependen directamente de la métrica de esfericidad

tr{Ix + poC}/K
(det(Ix 4 poC))" 5

donde pg se define como la SNR efectiva en el receptor. Esta métrica mide
la distancia entre la matriz de covarianza temporal Ix + pgC y una version
escalada de la matriz identidad. Asi esta distancia aumenta con la SNR pyg,
y, para una SNR dada se maximiza para una matriz C que concentra toda su
energia en un unico autovalor. Es decir, en presencia de interferencia de banda
ancha, las sefiales que presentan fuertes picos frecuenciales son més sencillas

de detectar.

A la hora de evaluar las prestaciones de un detector se han propuesto varias

posibilidades, incluyendo medidas de la ganancia por diversidad en recepcién de un

detector multiantena. En este sentido Duan et al. (2010) propone usar una definicién

analoga a la empleada en comunicaciones, asintdtica para SNRs grandes. De cardcter

asintético, aunque basada en la J-divergencia es la dada en Kim et al. (2009). Por

otra parte, en el contexto de radar diversidad es, sin embargo, un concepto de baja

SNR. Por ejemplo, Daher and Adve (2010) define diversidad para valores intermedios

de la probabilidad de deteccidon. FEn esta tesis utilizamos ambas aproximaciones:

primero proponemos un analisis asintotico de la diversidad en deteccién, de forma

similar a Duan et al. (2010), y, en segundo lugar, desarrollamos el concepto de

Daher-Adve para sistemas de radio cognitiva:

e Analisis de diversidad en sistemas de deteccién multiantena. Con el

fin de comparar y clasificar los diferentes detectores en presencia de candles
dindmicos, proponemos el uso de dos métricas diferentes. Por una parte el
concepto de diversidad utilizado en comunicaciones, que se corresponde a la
pendiente asintética de la probabilidad media de “no-deteccién” Py/p con

respecto a la SNR (en escala log-log) para valores altos de la SNR:

log pMD

dasympt. = logsnr

La segunda métrica propuesta se basa en considerar también la pendiente de la
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probabilidad de deteccién media alrededor del punto en que ésta es Pp = 1/2.

OPp(snr)

Osnr Pp(snr)=1/2 .

dlow =

Estas dos métricas resumen las prestaciones obtenidas por un sistema multi-
antena, de forma que pueden ser empleadas para comparar y clasificar diversos

esquemas de deteccién.

En la Figura V(a) se puede ver un ejemplo del primer concepto de diversidad,
que resulta ser igual para los diversos detectores GED, SC, EGC y MRC, y se
corresponde con el nimero de antenas presente en el sistema, de forma similar
a lo que ocurre en el campo de comunicaciones. Por otra parte, la Figura V(b)
muestra el comportamiento de la segunda métrica de diversidad, mas adecuada
para sistemas de radio cognitiva. Aqui podemos ver que esta métrica si tiene
en cuenta las prestaciones de detecciéon que podriamos esperar en un entorno
de CR, que se refieren a la minima SNR de funcionamiento y el concepto de
diversidad propiamente dicho. Este ltimo se relaciona con la variacién de las
prestaciones de deteccion a partir de la SNR minima de funcionamiento. Se
puede ver que el MRC ofrece mejores prestaciones consiguiendo una diversidad
diow que crece de forma lineal en el niimero de antenas L como o(\/E L)yel

EGC presenta un crecimiento o(vKL). A pesar de que no hemos podido
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obtener una expresion cerrada para el orden de diversidad del detector SC,
creemos que este podria ser del orden o(v/ K log L), lo que se ajustaria bien a

las graficas obtenidas.

Deteccion simultanea de multiples canales

El sistema de sensado de un nodo CR debe ser capaz de monitorizar anchos de banda
grandes para asi aprovechar todas las posibilidades de transmisién existentes. Asi,
un monitor espectral que puede procesar miltiples canales primarios simultanea-
mente mejorara la agilidad del sistema de radio cognitiva. Ademas, el procesado de
multiples canales proporciona informacién adicional para estimar los estadisticos del
ruido. Esto se debe principalmente a la disponibilidad de bandas de guarda entre
canales adyacentes, asi como la presencia de ciertos canales bien no utilizados o muy

débiles, que ayudan a la estimacién de la varianza de ruido.

Otros autores han propuesto con anterioridad esquemas de sensado de banda
ancha. En Hwang et al. (2010) se asume la varianza de ruido conocida, mientras que
los anchos de banda y frecuencias centrales de las transmisiones primarias, as{ como
su numero, se suponen desconocido. Por otra parte, Taherpour et al. (2008, 2009)
asumen canalizacion del sistema principal conocida y varianza del ruido desconocida.
Sin embargo, estos métodos no explotan la informacién sobre la forma espectral de
las transmisiones primarias, y asumen un numero minimo de canales no utilizados

en la banda bajo examen.

En un entorno de banda ancha, puede no ser posible la adquisicién de la senal
recibida a tasa de Nyquist. Novedosos métodos de muestreo permiten reconstruir
las senales recibidas a partir de un conjunto de muestras comprimidas si se cumplen
ciertas propiedades de la senal (Donoho, 2006). La tecnologia clave que posibilita
ésto es el muestreo comprimido, una técnica capaz de construir soluciones dispersas
para un sistema de ecuaciones indeterminado. Varios autores han aplicado muestreo
comprimido al problema de monitorizacién espectral. Suponiendo un modelo de
espectro que consiste en varias senales pasobanda planas en la banda de paso, y
teniendo en cuenta los bordes entre las diversas bandas, la senal observada es dispersa
en el dominio “bordes”. Este hecho se utiliza en Tian and Giannakis (2007); Polo
et al. (2009) para proponer un algoritmo de reconstruccién espectral. Asumiendo
que la informacién de canalizacién de la red primaria es conocida, Vazquez-Vilar
et al. (2010a) propone un algoritmo de estimacién de los parametros necesarios para

la reconstruccién de la banda de interés.
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alarma.

En este trabajo presentamos el analisis del problema de deteccién asumiendo
canalizacién conocida y nivel de ruido desconocido. Las principales contribuciones

relativas a la monitorizaciéon multicanal son las siguientes:

e Deteccion GLRT de multiples canales con nivel de ruido descono-
cido. Partiendo del desarrollo del detector GLRT para bandas con multiples
canales se derivan varios esquema de deteccion practicos. A pesar de que en
este caso no es posible obtener una expresién cerrada para los detectores, estos

presentan la siguiente forma

~0
52

donde g, se corresponde con la energia observada en el canal bajo escrutinio
y 62 es una estimacién del nivel de ruido, que se debe computar a partir de un
sencillo procedimiento iterativo. El analisis del proceso de estimacion del nivel
de ruido muestra que, tanto las bandas de guarda entre canales consecutivos
como los propios canales en caso de presentar senales recibidas con un nivel
de potencia muy bajo, pueden ser usados para mejorar la estimacion del nivel

de ruido y asi mejorar las prestaciones en deteccion.

Por otra parte, el analisis de las prestaciones de estos detectores permite cuan-
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tificar las ventajas del empleo de deteccién de banda ancha en lugar de realizar
un muestreo canal a canal. Asi la Figura VI muestra las prestaciones obtenidas
para la monitorizacién de una banda compuesta por N canales primarios di-
vidiéndola en subbandas que cubren M canales, y que son procesadas por el
esquema presentado. Asumiendo un tiempo de deteccion fijo para la mon-
itorizacién de los N canales podemos ver que las prestaciones de deteccion
mejoran con el nimero de canales procesados simultaneamente M y empeoran

a mayor utilizacién de la banda.

Deteccién en multiples canales partiendo del muestreo comprimido
de la senal recibida. Proponemos un esquema de deteccién de senales pri-
marias basado en el GLRT a partir de un conjunto de datos comprimidos. Para
ello establecemos una conexion entre ciertas técnicas de muestreo comprimido
y el problema de estimacién basado en el Méximo a Posteriori. Esto permite
presentar una formulacién para estimacion espectral basada en un algoritmo
iterativo que ofrece unas prestaciones similares a los (més complejos) métodos

clésicos basados en optimizacion convexa.

Mientras que los detectores presentados bajo este modelo no admiten una
expresion en forma cerrada, son sencillos de implementar en forma de un pro-

cedimiento iterativo. La Figura VII muestra como a pesar de que los métodos
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basados en muestreo comprimido ofrecen peores prestaciones que un método
trabajando a tasa de Nyquist, se puede ver que el algoritmo iterativo propuesto
ofrece virtualmente las mismas prestaciones que una formulaciéon convexa, mu-

cho mas compleja.

Gestion de interferencia

Para lograr un verdadero acceso dinamico a los recursos espectrales hoy asignados a
operadores con licencia se han propuesto diversos enfoques. El que ha recibido una
mayor atencién por parte de la comunidad cientifica ha sido un aceso jerarquico en
el que los usuarios secundarios se encargan de limitar el nivel de interferencia visto

por el usuario primario de la banda.

Algunas de las arquitecturas que se han propuesto en este sentido a lo largo de
los tltimos anos son Kim et al. (2008); Le and Hossain (2008); Xing et al. (2007);
Fattahi et al. (2007); Etkin et al. (2007); Menon et al. (2008). Sin embargo, todas
estas obras se construyen sobre la suposicién de que los usuarios primarios no son
conscientes de la presencia de una red secundaria. Por lo tanto el proceso de gestion
de interferencia recae principalmente en el sistema secundario. En particular, o bien
(i) hay un nivel de interferencia maxima que el sistema de atencién primaria estd
dispuesto a tolerar y la actividad de la red secundaria se debe ajustar dentro de esta
restriccién, o bien (ii) los usuarios secundarios pueden acceder de forma oportunista

al espectro bajo la condicién de no interferir con los usuarios con licencia.

Un concepto diferente se presenta en Jayaweera and Li (2009), denominado
cesion de espectro dindmica (DSL). Un esquema DSL se caracteriza por el papel
activo del usuario principal, que pueden interactuar con el sistema secundario con
el fin de definir el nivel de interferencia permitido. Este esquema permite que el
sistema se adapte a las condiciones cambiantes del entorno, y puede mejorar la uti-
lizacién del espectro. En esta tésis por una parte cuantificamos cual es el incremeto
en prestaciones que se puede obtener por el uso de un sistema DSL, y por otra

presentamos y analizamos una arquitectura DSL completa. En concreto:

e Andlisis de la ganancia de prestaciones obtenida con paradigmas
basados en DSL. Se propone un analisis tedrico de la ganancia de rendimiento
obtenido permitiendo un cierto grado de interaccién entre los sistemas primario

y secundario. Para ello se define una familia de métricas de prestaciones y se
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formula un juego de Stackelberg en el que el usuario primario maximiza su
funcién de recompensa ajustando el nivel de interferencia permitida al sistema
secundario, mientras este tultimo debe ajustarse al margen de interferencia

marcado Q.

Este andlisis muestra que la ganancia en rendimiento puede ser en efecto con-
siderable en entornos dindmicos en los que los coeficientes del canal o la confi-
guracién de las redes (nimero de usuarios, posiciones de los mismos...) varian
con el tiempo. En concreto, se concluye que la métrica de prestaciones media
obtenidas por un esquema DSL y por un sistema que asume (g fijo son

U3 = Bfmax{U; (Qo)},

Uy = max{E[U;(Qo)]},

respectivamente, donde Uy (Qo) son las prestaciones que el sistema obtiene
para una determinada realizacién del canal y para un valor de )y dado. A
partir de estas expresiones, y por la inigualdad de Jensen, se puede ver que
USSI > U;ixed con igualdad si se trata de un sistema estatico. Es decir, un

esquema DSL ofrecera una cierta ventaja en condiciones dindmicas.

La Figura VIII muestra la comparacion entre un sistema basado en DSL y
un esquema en el que el nivel de interferencia permitido esta fijo, cuando se
emplean unas métricas de prestaciones concretas. Se puede ver que, dada la
variabilidad del entorno, el esquema DSL mejora al esquema fijo incluso para
el punto de funcionamiento éptimo de éste. Es decir, en este contexto tanto los
usuarios de la red primaria como los de la secundaria pueden beneficiarse de la
utilizacién de un esquema DSL. Ademas, los sistemas DSL, al ser adaptativos,

son robustos con respecto al conocimiento inexacto de ciertos parametros del



xxiii

sistema.

e Aplicacién practica de arquitecturas DSL. El anélisis previo no puede ser
aplicado directamente a un escenario real, ya que no es evidente como se puede
implementar un juego de Stackelberg en el que el usuario primario no puede
conocer cual es la respuesta éptima por parte sistema secundario. Sin embargo,
simplificando el modelo y asumiendo un juego competitivo entre los sistemas
primario y secundario es posible desarrollar un esquema DSL implementable,
que, ademds presenta un tUnico equilibrio de Nash. Esto es, en régimen esta-
cionario las prestaciones del sistema se ajustan a las que se derivan de este
equilibrio, por lo que puede ser estudiado mediante herramientas analiticas en

clertos casos de interés.

Este esquema presenta ademads ciertas virtudes que lo hacen adecuado para
su implementacion practica. Por una parte las interacciones entre el sistema
primario y secundario se reducen a la diseminacién del nivel de interferencia
permitido QQg. Ademads, no se requieren complejos esquemas de estimacion y
monitorizacion de canal, ya que el sistema se puede implementar tan sélo a

partir de ciertas medidas de potencia en cada uno de los nodos.

En la Seccion 5.4.4 se puede encontrar un anélisis exhaustivo de la arquitectura
propuesta. De este andlisis se deduce ademaés que la degradacién de presta-
ciones en entornos dindamicos es minima a pesar de que en estos casos no hay
garantias de que el sistema converja al equilibrio de Nash. Esto sucede incluso
para entornos complejos con un numero variable de usuarios y en el que los

canales presentan desvanecimientos lentos.

Conclusiones

La presente tesis se enmarca dentro del campo de la radio cognitiva. Este paradigma
se basa en dotar a la proxima generacion de radios de una mayor inteligencia que les
permitan adaptarse al entorno y asi poder acceder a bandas con licencia sin interferir

con los usuarios primarios de las mismas.

La tesis se divide en dos partes diferenciadas. En los primeros capitulos pre-
sentamos diversos esquemas de monitorizacién espectral que utilizan la informacién
disponible sobre la senal primaria asi como su estructura espacial. En concreto,
en los capitulos 2 y 3 estudiamos el problema de deteccién con multiples antenas

aprovechando la informacién disponible sobre la red primaria. Asi, se proponen
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diversos detectores con diferentes grados de complejidad adecuados para diferentes
escenarios. En conjunto, esta tesis presenta un conjunto de herramientas, que de-
pendiendo de los pardmetros conocidos sobre la red primaria y el tipo de sistema de
deteccién a disefiar, permiten obtener un detector adecuado al modelo considerado,
que puede estar basado en un tnico nodo con multiples antenas, o en varias ante-
nas distribuidas en diferentes nodos. Para cada uno de los detectores presentados
se ofrece un anadlisis de prestaciones, bien analiticamente en los casos en los que
es matematicamente factible, o bien mediante simulaciones en otro caso. En este
sentido se proponen un analisis del orden de diversidad en deteccién en canales con

desvanecimientos.

El capitulo 4 aborda el tema de adquisicién y deteccion de banda ancha, tanto
cuando la senal recibida se muestrea a tasa de Nyquist como cuando la detecciéon
se debe realizar a partir de un conjunto de datos comprimidos. En ambos casos el
proceso de deteccién tiene informacion simultdnea de multiples canales que puede
utilizar para mejorar las prestaciones de deteccién. En concreto, tanto las bandas de
guarda presentes entre canales como los canales vacios ofrecen informacién implicita
sobre el nivel de ruido presente en el sistema, que puede ser usado para mejorar el

disenio de los detectores mientras su nivel de complejidad apenas se ve afectado.

La segunda parte de la tesis se centra en el estudio de una arquitectura general
para la gestién de interferencia en redes de radio cognitiva. Asi, en el capitulo 5 se
analizan las ventajas de permitir una cierta interaccién entre el sistema primario y
el sistema secundario, concluyendo que esta ventaja puede ser notable en entornos
dindmicos. En este sentido, y dada la actual tendencia creciente en el uso de dis-
positivos moéviles, el estudio de sistemas en entornos dindmicos presenta una enorme

relevancia a la hora de disenar la proxima generacién de estandares de comunicacion.

Los resultados presentes en esta tesis han dado lugar a varios articulos en presti-
giosas revistas internacionales, tales como la IEEE Transactions on Vehicular Tech-
nology o el IEEE Transactions on Wireless Communications, mientras que otros ain
se encuentran en proceso de revision. Adicionalmente, y de cara a la diseminacién de
la investigacion realizada, se han presentado resultados parciales en algunas de las
conferencias con mayor impacto en el &mbito de procesado de senal, como es el IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP), asi
como en conferencias especificas en el campo de Radio Cognitiva, como pueden ser
la ICST Conference on Cognitive Radio Oriented Wireless Networks (CrownCOM)

o el IEEE International Workshop on Signal Processing Advances for Wireless Com-
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munications (SPAWC).

Finalmente resaltar que partes importantes de esta tésis se han realizado en
colaboraciéon con otros grupos de investigacion de todo el mundo. En concreto,
dentro del marco de los proyectos nacionales de investigacion SPROACTIVE (ref-
erence TEC2007-68094-C02-01/TCM) y COMONSENS (CONSOLIDER-INGENIO
2010 CSD2008-00010), la parte del capitulo 3 relativa a la deteccién de senales pri-
marias de rango mayor que 1 se ha desarrollado en colaboracién con el Grupo de
Tratamiento Avanzado de la Senal (GTAS, Universidad de Cantabria), mientras que
la parte relativa a la deteccién en presencia de interferencia se ha realizado en co-
laboracién con el Grupo de Investigacién de Procesado de Senal y Comunicaciones
(SPCOM, Universidad politécnica de Cataluna). Por otra parte, una estrecha co-
laboracién con el Communications and Information Sciences Lab (CISL, University
of New Mexico) ha permitido la realizacién del capitulo 5, relativo al andlisis de un
nuevo paradigma de gestién de interferencia. Adicionalmente, se ha iniciado una
colaboracién con el centro de investigacién de Philips (Philips Research, Holanda)
que ha dado lugar a una publicacién conjunta estudiando la diversidad de los es-
quemas de deteccién en comunicaciones. Esta tésis se ha realizado en parte durante

una estancia






Publications

The following is a list of journal and conference publications that have been produced

as a result of the work of this thesis.

Journal publications

1. Gonzalo Vazquez-Vilar, Roberto Lépez-Valcarce, and Josep Sala. Multi-
antenna detection of multicarrier primary signals exploiting spectral a priori
information. Wireless Communications, IEEE Transactions on, 2011. Under

review.

2. Josep Sala, Gonzalo Vazquez-Vilar, and Roberto Loépez-Valcarce. Mul-
tiantenna detection in unknown spatially correlated noise in cognitive radio

networks. Signal Processing, IEEE Transactions on, 2011. To be submitted.

3. Gonzalo Vazquez-Vilar and Roberto Lépez-Valcarce. Wideband spectrum
sensing exploiting guard bands and weak channels. Signal Processing, IEEE

Transactions on, 2011. In second review round.

4. David Ramirez, Gonzalo Vazquez-Vilar, Roberto Lopez-Valcarce, Javier
Via, and Ignacio Santamaria. Detection of rank-P signals in cognitive ra-
dio networks with uncalibrated multiple antennas. Signal Processing, IEEE

Transactions on, 2011. Accepted for publication.

5. Gonzalo Vazquez-Vilar, Carlos Mosquera, and Sudharman K. Jayaweera.
Primary user enters the game: Performance of dynamic spectrum leasing in
cognitive radio networks. Wireless Communications, IEEE Transactions on,
9(12):3625-3629, December 2010.

xXxXVvil



xxviii

6.

Sudharman K. Jayaweera, Gonzalo Vazquez-Vilar, and Carlos Mosquera.
Dynamic Spectrum Leasing (DSL): A new paradigm for spectrum sharing
in cognitive radio networks. Vehicular Technology, IEEE Transactions on,
59(5):2328-2339, jun. 2010.

Conference publications

. Gonzalo Vazquez-Vilar, Roberto Lépez-Valcarce, and Ashish Pandhari-

pande. Detection diversity of multiantenna spectrum sensors. In 2011 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP
2011), Prague, Czech Republic, May 2011.

David Ramirez, Gonzalo Vazquez-Vilar, Roberto Loépez-Valcarce Javier
Via, and Ignacio Santamaria. Multiantenna detection under noise uncertainty
and primary user’s spatial structure. In 2011 IEEFE International Conference
on Acoustics, Speech and Signal Processing (ICASSP 2011), Prague, Czech
Republic, May 2011.

Roberto Lépez-Valcarce, Gonzalo Vazquez-Vilar, and Josep Sala. Multi-
antenna spectrum sensing for cognitive radio: overcoming noise uncertainty.
In The 2nd International Workshop on Cognitive Information Processing (CIP
2010), Elba Island (Tuscany), Italy, June 2010.

. Georges El-Howayek, Sudharman K Jayaweera, Kamrul Hakim, Gonzalo

Vazquez-Vilar, and Carlos Mosquera. Dynamic spectrum leasing (DSL) in
dynamic channels. In ICC’10 Workshop on Cognitive Radio Interfaces and
Signal Processing (ICC°10 Workshop CRISP), Cape Town, South Africa, May
2010.

Gonzalo Vazquez-Vilar, Roberto Loépez-Valcarce, Carlos Mosquera, and
Nuria Gonzalez-Prelcic. Wideband spectral estimation from compressed mea-
surements exploiting spectral a priori information in cognitive radio systems.
In 2010 IEEFE International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP 2010), Dallas, U.S.A., March 2010.

Roberto Lopez-Valcarce, Gonzalo Vazquez-Vilar, and Marcos Alvarez Dfaz.

Multiantenna detection of multicarrier primary signals exploiting spectral a



XXix

priori information. In 4th International Conference on Cognitive Radio Ori-
ented Wireless Networks and Communications (Crowncom 2009), Hannover,

Germany, Jun 2009.

. Roberto Lopez-Valcarce and Gonzalo Vazquez-Vilar. Wideband spectrum
sensing in cognitive radio: Joint estimation of noise variance and multiple
signal levels. In 2009 IEEFE International Workshop on Signal Processing Ad-
vances for Wireless Communications (Spawc 2009), Perugia, Italy, Jun 2009.






Contents

1 Introduction
1.1 Cognitive Radio: Motivation . . . ... ... ... .. ... .....
1.2 Previouswork . . . . . . ...
1.2.1 Spectrum Monitoring . . . . . .. .. ... ... ... ...
1.2.2 Interference Management . . . ... ... ... ... .....
1.3 Contributions . . . . . . ... L o
1.3.1 Multiantenna and multichannel detection of primary users . .
1.3.2 DSL: an Interference Management Scheme . . . . . . . . . ..
1.4 Structure of the thesis . . . . . .. .. ... ... ... ...

1.5 Notation . . . . . . . . . e

2 Calibrated Multiantenna Detection
2.1 Imtroduction . . . . . . . . ...
2.2 Systemmodel . . . ..o
2.3 Problem formulation . . . . . .. .. ... o0
2.3.1 Neyman-Pearson detector . . . . . ... ... ... ......
2.3.2 Detection with multiple antennas . . . . . . .. .. ... ...
2.3.3 Generalized energy detector . . . . . . . ... ...
2.4 Parameter estimation and detection . . . . ... ... ... ...

2.4.1 Selection Combining detector . . . . . . ... ... ... ...

XXX1

N 9w

10
11
11

13



Xxxii

CONTENTS

2.4.2 Equal Gain Combining detector . . . . . . . . ... ... ... 22
2.4.3 Maximal Ratio Combining detector . . . . . . ... ... ... 24

2.5 Detection diversity in fading environments. . . . . ... .. .. ... 25
2.5.1 High SNR diversity order analysis . . . .. ... .. ..... 26
2.5.2 Daher-Adve diversity order analysis . . . . ... ... .... 28

2.6 Numerical results and discussion . . . . . ... ... ... .. .... 33
2.7 Conclusions . . . . . . . . e 39
2.A Statistical Analysis for large data records . . . . .. ... ... ... 41
2.A.1 Generalized Energy Detector . . . ... ... ... ... ... 41
2.A.2 Selection Combining Detector . . . . . . ... ... ... ... 42
2.A.3 Equal Gain Combining detector . . . . . .. . ... ... ... 43
2.A.4 Maximal Ratio Combining detector . . . . . . ... ... ... 46

2.B Asymptotic analysisof gr.(1te€) . .. ... ..o 47
3 Multiantenna Detection under Unknown Noise Statistics 49
3.1 Imtroduction . . . . . . . . . .. 49
3.2 Problem formulation . . . . ... ... ... L 51
321 Systemmodel . . . .. .. ... ... .. 51
3.2.2 Hypothesis testing problem . . . . . .. ... ... ... ... 53

3.3 Detection of rank-P signals in spatially uncorrelated noise . . . . . . 54
3.3.1 Spatially uncorrelated iid noise process . . . . . . . . .. . .. 54
3.3.2 Spatially uncorrelated non-iid noise process . . . . . . . . .. 56
3.3.3 Numerical results and discussion . . . ... ... ... .... 61

3.4 Detection of rank-1 signals in spatially correlated noise . . . . . . . . 65
3.4.1 Genie-aided detectors . . . . . ... ... L. 66
3.42 GLRT detector . . . . . ... ... ... ... ... 68
3.4.3 Asymptotic performance analysis . . . . . . .. ... ... .. 79

3.4.4 Numerical results and discussion . . . . . .. ... ... ... 83



CONTENTS xxxiii

3.5 Conclusions . . . . . . . .. 86
3.A Proof of Lemma 3.2 . . .. ... ... ... 89
3.B Detailed computation of (ILx + (hsh)T@C)=t. . . ... ... .. 90
3.C Proof of Lemma 3.7 . . . . . ... ... 90
3.D Proof of Lemma 3.8 . . .. ... ... Lo 91
3.E Proof of Theorem 3.2. . . . . . . ... ... ... .. ... ... 92
4 Wideband Spectrum Sensing 97
4.1 Introduction . . . . . . . . .. L 98
4.2 Problem formulation . . . . ... ... Lo oo 99
4.2.1 Wideband acquisition . . . .. ... ... o0 99
4.2.2 Signal model . . . . ... Lo oo 100
4.2.3 Hypothesis testing problem . . . . . ... ... ... 101

4.3 Wideband spectrum sensing at Nyquist rate . . . . . . . .. ... .. 102
4.3.1 GLRT detection . . . . .. ... .. ... ... ... ... 102
4.3.2 Orthogonal Frequency-flat Signals in White Noise . . .. .. 106
4.3.3 Statistical analysis . . . . .. ... L 0oL 112
4.3.4 Numerical results and discussion . . .. .. .. .. .. .. .. 114

4.4 Compressed spectrum sensing . . . . . . . . . . .. ... 119
4.4.1 Estimation from compressed meassurements . . . . . . . . .. 119
4.4.2 Quasi-GLRT detection . . . . . ... .. .. ... ... ..., 125
4.4.3 Numerical results and discussion . . . . .. .. .. ... ... 126

4.5 Conclusions . . . . . . . . 128
4.A Proof of Theorem 4.1 . . . . . . . . .. ... ... ... 129
4.B Proof of Theorem 4.2 . . . . . . . . .. .. ... 130
4.C Proof of Proposition 4.1 . . . . . . .. .. ... 131
4.D Proof of Proposition 4.2 . . . . . . . ... 131
4.E Analysis of the detectors Test 1 and 2 . . . . ... ... ... .... 132



XXXIV CONTENTS

4.F Proof of Proposition 4.3 . . . . . . . ... ... 135
4.G Proof of Corollary 4.1 . . . . . . . . . . . . 136

5 Dynamic Spectrum Leasing 139
5.1 Introduction . . . . . . . . . .. L 139
5.2 Systemmodel . . . ... Lo 141
5.3 Performance gain of DSL based schemes . . . . . . ... ... .... 144
5.3.1 Performance metric . . . .. ... ... ... ... ...... 145

5.3.2 Performance analysis . . . . . ... ... L. 146

533 Example. . . . .. .. 148

5.3.4 Numerical results . . . . . ... ... ... 0L 150

5.4 General formulation for practical DSL schemes . . . .. .. .. ... 151
5.4.1 Non-cooperative Game Model . . . . . . . .. ... ... ... 152

5.4.2 Nash equilibrium . . . . . ... ... o000 154

5.4.3 Best response adaptations and implementation issues . . . . . 155

5.4.4 Performance Analysis . . . ... ... ... L. 157

5.5 Conclusions . . . . . . . . . 169
5.A Proof of Theorem 5.1 . . . . . . . . . . . ... ... ... ....... 170

6 Conclusions 171
6.1 Futurework . . . . . . . .. .. 172

6.2 Concluding remarks . . . . .. ... . L o 173



List of Tables

1.1

21

3.1

Notation used in this Thesis. . . . . . . . . . . . . . ... ... ... 12

Summary of the proposed multiantenna detectors under known noise

statistics in independent Rayleigh fading. I Conjecture. . . . . . .. 40

Summary of the GLRT for multiantenna detection under unknown

noise statistics. T Proposed. . . . . . ... ... ... L. 88

XXXV






List of Figures

2.1

2.2

2.3

2.4

2.5

2.6

3.1

3.2

3.3

Theoretical versus the empirical distributions for a DVB-T OFDM
signal with L = 2: (a)-(d), and for a square root raised cosine signal
with rolloff factor 1/2 and L =4: (e)-(h). . . .. ... ... .. ...

Detection ROC curves of the detectors with (a) L =2 and (b) L =4
antennas assuming the same instantaneous per antenna SNR. Lines

represent analytical results while markers show simulation results.

Detection performance versus the SNR spread factor  for fixed Ppg4 =
0.05, L =4, K =512 and average SNR equal to =5 dB. . ... ...

Detection performance versus the SNR under spatial fading. Ppa =
0.05, L = 4, K = 256. (a) Ricean versus Rayleigh fading. OFDM
signal. (b) Exploiting spectral information under Rayleigh fading.
GSM signal. . . . . . . . L

High SNR and Daher-Adve diversity orders. (a) High SNR detection
performance. (b) Detection performance around Pp = 1/2. Solid

lines: simulation results. Dashed lines: analytical approximations.

Comparison of the different detectors. (a) Daher-Adve diversity order
d. (b) Minimum operational SNR. . . . ... ... ... .......

Misdetection probability versus P assuming (a) iid noise and (b) non-

iid noise. . . . .. e,

ROC curves (SNR= -8 dB, P =1, L = 4, K = 128) (a) without

noise power mismatch and (b) with noise power mismatch. . . . . .

Misdetection probability versus SNR for different detectors. Same
scenario as in Fig. 3.2(b), with Ppa = 0.0l and 0.1. . . . . . . . . ..

XXXVii

34

38

65



XxxVviii

3.4

3.5

3.6

4.1

4.2

4.3

4.4

4.5

4.6

5.1

5.2

5.3

5.4

9.5

5.6

LIST OF FIGURES

Distribution of the statistic —2logT for L = 4 and K = 128. (a)
Under Ho (b) Under Hy. . . . . . . . . oo oo

ROC curve showing the detection performance for OFDM and square
root raised cosine signals when p =0.15, L =2 and K =512. . . . .

85

Pp performance versus SNR for fixed Ppyq = 0.05, L = 4 and K = 128. 86

False alarm and missed detection performance in a setting with M = 4
channels. (a) Test 1 (analytical). (b) Test 2 (analytical). (c) QGLRT

(empirical). . . . ..

Complementary ROC curves in a setting with M = 8 channels, for
activity factor (a) a=0.1and (b) a=09. ... ... ... ... ...

Detector performance with frequency selective channels. . . . . . . .

Analytical performance of Test 2 as a function of the number of chan-
nels M. The sample size is given by K = 128M?2. (a) Probability of

misdetection. (b) Probability of false alarm. . . . . . ... ... ...

Complementary ROC curves in a setting with M = 16 channels,
K/N = 128/2048, for an activity factor (a) a = 0.1 and (b) a = 0.3.

Example of reconstruction of a mixed analog/digital broadcasting

television band. . . . . . . . ...

Secondary system 2-user rate region for different values of Qg. . . . .

Primary/secondary users average performance in a time varying en-
vironment. (a) Primary user performance. (b) Secondary user per-

formance. . . . . . . e

Primary user utility ug for a fixed secondary interference Iy in a single-

user secondary system. . . . .. ...

System behavior for identical secondary users when g(v) = g(M(v).

(a) Secondary utility. (b) Best-response functions. . . . ... .. ..

System behavior for identical secondary users when g(v) = g (7).

(a) Secondary utility. (b) Best-response functions. . . .. ... ...

Game outcome assuming identical secondary users for a quasi-static

scenario versus the number of secondary users K. . . . . . ... ...

116
117



LIST OF FIGURES

5.7

5.8

5.9

5.10

5.11

5.12

5.13

System performance of the DSL game in quasi-static environments
assuming identical secondary users. (a) Primary user utility. (b)

Secondary user reward function. . . . . ... ... ...

Game outcome in the presence for a quasi-static scenario versus the

number of secondary users K. . . . . . . ... ... .. ... ...,

System performance of the DSL game in quasi-static environments.

(a) Primary user utility. (b) Secondary user reward function.

Outcome averaged over the fading for two different values of the
weighting coefficient Ay versus a growing channel variation rate e.

(a) Game outcome. (b) Probability of undesired operation. . . . . .

Outcome averaged over the fading for two different values of the
weighting coefficient Ay versus a varying channel estimation period

L. (a) Game outcome. (b) Probability of undesired operation. . . . .

Game outcomes averaged over fading for a quasi-static scenario and

for time-varying scenario for a varying number of secondary users K.

System performance averaged over fading for a quasi-static scenario
and for time-varying scenario. (a) Primary user utility. (c¢) Secondary

reward function. . . . . . . ...

XXX1X

163

167

168






Chapter 1

Introduction

Contents
1.1 Cognitive Radio: Motivation . .. ... .......... 1
1.2 Previouswork .. ...... ... 2
1.2.1 Spectrum Monitoring . . . . . . .. ... ... 3
1.2.2 Interference Management . . . . . ... ... ... ..... 7
1.3 Contributions . . . . . ... ... ... 00000000 7
1.3.1 Multiantenna and multichannel detection of primary users . 8
1.3.2  DSL: an Interference Management Scheme . . . . . . . . .. 10
1.4 Structure of thethesis ... ... .............. 11
1.5 Notation . . . . . . ... .. it 11

1.1 Cognitive Radio: Motivation

In the recent years we have witnessed a constant increase in the price of the spectral
resources. The main reason is the rising demand of spectrum as a result of emerging

communication standards and services.

However this scarcity of spectral resources happens while most of the allocated
spectrum is underutilized. This paradox occurs only due to the inefficiency of tra-
ditional static spectrum allocation policies, which translates in a waste of spectral
resources (FCC, 2002, 2003). Most of the useful spectrum is allocated to licensed
users (e.g. mobile carriers, TV broadcasting companies) that do not transmit at all
the geographical locations all the time. If this spectrum is opened for unlicensed

use (e.g. private users, short range networks, ...) it is highly likely that a vast array
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of new services will appear. One example of this is the huge innovation that has
occurred in WiFi and Bluetooth operating in unlicensed bands, even though these

two standards share just scraps of spectrum with many other technologies.

The wireless industry has considerable interest in the development of dynamic
spectrum access (DSA) as a means to improve spectral efficiency (FCC, 2002, 2003).
Cognitive radio (CR) (Mitola and Maguire Jr., 1999) is receiving considerable at-
tention as the enabling technology to achieve DSA in licensed bands. The key idea
behind CR is to create smarter radios which are aware of, and can adapt to, their
environment. Hence, in licensed bands CR nodes will monitor primary users in or-
der to transmit in temporally and/or spatially unused slots. For example, the U.S.
Federal Communications Commission (FCC) has recently issued a Second Report
and Order FCC (2010), allowing operation on an unlicensed basis in the TV white
spaces of VHF and UHF bands to both fixed and portable devices. While this or-
der requires secondary users to access a database with information of the available
resources, it is expected that these first steps start a major change to DSA in most

of the spectrum once the CR, technology is mature enough.

One of the problems pointed out in FCC (2010) is that the available sens-
ing technology is not reliable enough to guarantee that the interference produced
to licensed (primary) users is kept at sufficiently low levels. Wireless propagation
phenomena such as shadowing and fading pose significant challenges to the reliable
detection of primary users. The received primary signal may be very weak, resulting
in very low Signal-to-Noise Ratio (SNR) operation conditions and “hidden node”
situations. Hence novel powerful spectrum monitoring techniques are required in
order to increase CR network agility (Akyildiz et al., 2008).

On the other hand, CR schemes may lead to very complex networks, in which
primary and secondary users coexist in dynamic environments. This may lead to
unexpected behavior and/or an impact on system performance. Hence, new schemes
and analytical tools are required to control and model the interactions between the

different elements of the system.

1.2 Previous work

While CR is a relatively novel area (Mitola’s landmark paper appeared in 1999 (Mi-
tola and Maguire Jr., 1999)), it has received significant research interest in the last

few years. In this section we present the most relevant previous work directly related
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to this thesis.

1.2.1 Spectrum Monitoring

Spectrum monitoring is based on the detection of weak signals from primary trans-
mitters through the local observations of cognitive users, either individually or in a
collaborative fashion. While cooperative sensing has the potential to overcome the
effects of shadowing (Ganesan and Li, 2007a,b), it still relies on standalone detectors

whose performance should be optimized.

Three schemes are generally used for sequential individual sensing of primary
channels, each of them requiring different degrees of knowledge and synchronization

with the primary network:

1. Matched filter detection: If the secondary user is locked! to the primary net-
work, the optimal detection strategy in stationary Gaussian noise is matched
filtering (Kay, 1998). Note that matched filter detection schemes require full
synchronization with the primary network and thus they are difficult to im-
plement in the low SNR conditions cognitive networks are expected to work

in.

2. Feature based detection: Certain properties of the primary signal, such as
the presence of any pilots or cyclostationary features, could in principle be
exploited in order to obtain powerful detectors. However, such approaches
become very sensitive to synchronization errors (Cabric, 2008). With very low
SNR, the synchronization loops of the monitoring system cannot be expected
to provide the required accuracy for the carrier frequency and/or clock rate

estimates.

3. Asynchronous detectors: These detection schemes do not assume any synchro-
nization with the primary signal. Hence they rely on other signal properties
such as certain temporal and/or spatial structure. Among these, the most
popular one is the energy detector, which does not require (or exploit) any
a priori knowledge about the signal structure. The detector reduces to inte-
grating received energy in a given frequency band and comparing it to a noise

level dependent threshold. However, computation of the threshold in energy

'Meaning that both frequency and timing synchronization loops are locked to a given set of
signals.
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detection requires knowledge of the noise variance. Any uncertainty regard-
ing this parameter translates to severe performance degradation, so that the
detection/false alarm requirements may not be satisfied (Tandra and Sahai,
2008).

The reasons exposed motivate the search for asynchronous detectors robust to
noise uncertainty, two possibilities being the use of multiple-antenna sensors and
wideband monitoring covering multiple frequency channels. Moreover, if certain
information about the primary network, such as channelization and modulation,
is available to the spectrum monitor, it should be exploited to increase detection
performance. In this thesis we will consider that this knowledge can be summarized

as the spectrum shape / temporal correlation of the received signal.

Several authors considered the problem of exploiting temporal structure of the
received signal. Under the assumption that the power spectral density (psd) of
the signal is completely known, Zhang et al. (2010b) derives the optimal Neyman-
Pearson detector for both scalar and vector-valued signals. However, in spectrum
sensing applications the propagation channel is unknown, and thus only partial
knowledge of the second order statistics is available in practice. A possible approach
in that case is to neglect this partial knowledge, and consider test statistics that
quantify the departure of the sample temporal autocorrelation matrix of the ob-
servations from the noise temporal covariance (Zeng and Liang, 2009a,b). Under
the assumption that the signal is bandlimited, while its actual bandwidth, spec-
tral shape and carrier frequency are unknown, Derakhtian et al. (2009) proposes a
heuristic detector. Alternatively, metrics quantifying the distance of the sample cor-
relation matrix from a “candidate” matrix summarizing a priori knowledge can be
used: in the single antenna setting, for example, Perez-Neira et al. (2009) assumes
the signal psd known up to a scaling and a shift, respectively modeling uncertainty
about the power level and carrier frequency of the signal. Also assuming a single
antenna, Quan et al. (2011) adopts a similar approach when the carrier frequency
is known, as it often occurs in practice: for instance, for frequency division multiple
access (FDMA) primary networks with public channelization parameters. However,
all these works either assume that temporal correlation of the primary signal is un-
known to the receiver or they do not consider the multiple-antenna and wideband

settings.
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Multiantenna detection

The gain offered by multiple antenna processing in energy detection schemes was
analyzed in Pandharipande and Linnartz (2007) under the assumption of channel
information available to the secondary system. This assumption is not realistic
in practice and the channel needs to be estimated. Assuming a temporally white
Gaussian model for both signal and noise, spatially white noise with unknown (equal)
variance across antennas, and an unknown spatial covariance matrix for the signal,

several detectors have been proposed in the literature.

We are particularly interested in the works based on the generalized likelihood
ratio test (GLRT), since this approach usually results in simple detectors with good
performance Mardia et al. (1979). Under rank-1 spatial covariance for the signal and
assuming iid noises, the GLRT is derived in Besson et al. (2006) and its application
to CR was presented in Taherpour et al. (2010); Wang et al. (2010). When the
signal covariance matrix is unstructured, and the noise assumed iid, the GLRT is
the well-known test for sphericity (Mauchly, 1940), which was applied to CR in Lim
et al. (2008); Zhang et al. (2010a). In these works the authors derived the GLRT
for primary signals with spatial rank P > 1 under the assumption of iid noises
with known variance. In Wilks (1935) the GLRT was derived for the case of an
unstructured signal covariance matrix for non-iid noises. This detector was later
applied to array signal processing in Leshem and Van der Veen (2001a,b). Other
detectors which can handle different (unknown) noise variances have been proposed
in Boonstra and Van dgeen (2003); Zeng and Liang (2009b).

However, all of thém either assume rank-1 primary signals or unstructured
primary signals. Moreover, they do not exploit any available information about the

spectral shape of the primary signals.

Once a multiantenna detector is proposed its performance must be evaluated.
In order to quantify and compare the performance gain of multiantenna systems
in fading environments, several metrics have been considered, including different
concepts of detection diversity. One option is to adopt a definition analogous to the
one from the communications literature for a certain performance tradeoff (between
the probabilities of detection and false alarm), as proposed in Duan et al. (2010).
A similar asymptotic definition based on J-divergence is given in Kim et al. (2009).
In the context of radar, diversity order is however a low-SNR concept. For example,
Daher and Adve (2010) define diversity order as the slope of the average probability
of detection (Pp) curve with respect to the SNR at Pp = 0.5.
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Wideband detection

In order to improve detection performance, the sensing system may also perform
simultaneous acquisition of multiple frequency channels. This scheme improves the
agility of the detector since multiple channels are processed at once and it provides
the spectrum monitor with additional information to estimate the noise statistics
as we will see in Chapter 4. This is mainly due to the availability of guard bands
between adjacent channels, as well as to the fact that the presence of unused/weak

channels within the subband can be exploited for noise variance estimation.

Wideband spectrum sensing has been previously considered by several authors.
In Hwang et al. (2010), knowledge of the noise variance is assumed, but the band-
widths and central frequencies of primary transmissions, as well as their number, are
assumed unknown and estimated in turn. In the setting of Taherpour et al. (2008,
2009) primary system channelization is known, and the noise variance is regarded
as unknown. However, these methods do not exploit a priori information about the
psd of primary transmissions, and they assume that a minimum number of unused

channels exist in the subband under examination.

In a wideband setting, it may not be feasible to acquire the received signal at
Nyquist rate. Novel sampling methods allow the reconstruction of the received sig-
nals from a set of compressed measurements if certain properties are met (Donoho,
2006). The key technology allowing this is compressive sensing, which is able to
construct sparse solutions from a set of underdetermined equations. Several authors
have applied compressed sensing to the detection of primary users in cognitive radio
systems. Assuming a spectrum model consisting of several flat bandpass signals,
and considering the edges between them, the observed signal is sparse in the “spec-
tral edges domain”. This fact is used in Tian and Giannakis (2007) to propose a
spectrum reconstruction algorithm from compressed samples of the signal autocorre-
lation estimate. This method was extended in Polo et al. (2009) in order to process

directly a compressed version of the received signal (and not of its autocorrelation).

These methods do not assume information about the primary network channel-
ization, so that the spectral edges could occupy any position within the frequency
band.



1.8 Contributions 7

1.2.2 Interference Management

In order to improve spectral efficiency, the wireless industry has prompted proposals
for various dynamic spectrum access (DSA) approaches. A DSA scheme in which
secondary users are allowed to opportunistically access the spectrum on the basis
of no-interference to the primary (licensed) users, denoted as hierarchical access, is

arguably the method that has received the most attention in recent literature.

Various architectures have been proposed and investigated in recent years to
achieve hierarchical dynamic sharing of licensed bands (see Kim et al. (2008); Le
and Hossain (2008); Xing et al. (2007); Fattahi et al. (2007); Etkin et al. (2007);
Menon et al. (2008) and references therein). A common assumption in these works
is that the licensed users which own the spectrum rights are unaware of the presence
of secondary users. Hence the burden of interference management relies mainly on
the secondary system. In particular, either (i) there is a maximum interference level
that the primary system is willing to tolerate, and the secondary powers/activity
are to be adjusted within this constraint, or (ii) secondary users are allowed to
opportunistically access the spectrum on the basis of no-interference to the primary

(licensed) users.

As opposed to this is the the concept of dynamic spectrum leasing (DSL), first
presented in Jayaweera and Li (2009). A DSL scheme is characterized by the active
role of the primary user, which may interact with the secondary system in order
to define the allowed interference cap. This scheme allows the system to adapt to

changing environmental conditions and may lead to a better spectral utilization.

1.3 Contributions

This thesis treats different aspects of a cognitive radio system. On the one hand,
assuming a non-interfering DSA network we propose and analyze novel asynchronous
multiantenna detectors and wideband detection schemes. Then, in the last chapter,
we will study a DSA system in which certain interference is allowed at primary users,

namely a DSL network.
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1.3.1 Multiantenna and multichannel detection of primary users

In the previous section we showed the importance of deriving powerful asynchronous
detectors for cognitive radio systems. To this end we need to exploit any available
information about the primary network. In most of the analysis in this thesis we
assume that the modulation / channelization of the primary network known to the
spectral monitor, which translates into a priori knowledge on the spectral shape of

the primary transmissions.

Additionally, we focus our study on Gaussian signals. The reasons for adopting
a Gaussian model for the primary signal are as follows. First, under asynchronous
sampling, the actual distribution is unknown; and since the noise is assumed Gaus-
sian as well, the Gaussian pdf for the signal is the least informative one for the
detection problem. Second, if the primary system uses multicarrier modulation
with a sufficiently large number of subcarriers (which is the case in e.g. broad-
casting applications), the Gaussian model is accurate (Tellado, 2000). Third, this
model is tractable and leads to useful detectors under other distributions: note that
Gaussianity is a common assumption in the development of signal detectors, either
explicitly or implicitly, as many ad hoc methods that limit themselves to the use
of second-order statistics of the observations can often be derived from a Gaussian

model (the Energy Detector is the most prominent example).

The main contributions of this thesis in spectrum monitoring are the following:

e Derivation and analysis of different multiantenna detectors exploit-
ing a priori knowledge of the spectral shape of the primary trans-
missions when the noise statistics are assumed known. From the
(non-implementable) Neyman-Pearson optimal detector we derive a family of
practical multiantenna detectors with different levels of complexity. This will
allow us to study both the advantages of exploiting spectral information and

multiantenna processing under different scenarios.

e Diversity order analysis of multiantenna detection systems in cog-
nitive radio. In order to compare and rank the different detectors in fading
environments we propose the use of two different performance metrics which
reflect the diversity gain obtained by multiantenna systems. The first is analo-
gous to the one used in communications and measures the asymptotic slope of
the probability of misdetection with respect to the SNR (in log-log scale) for

increasing SNRs. The second is borrowed from the radar community and is re-
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lated to the behavior of the probability of detection around the point at which
it equals 1/2. These key measures show the advantage of multiple antenna

processing when detecting primary signals.

e Multiantenna detection of primary signals with spatial rank larger
than one when the noise statistics are assumed unknown. Under the
Gaussian assumption, we derive the GLRT when both signal and noise are
assumed temporally white and the primary signal may present an arbitrary
spatial rank larger than one, both for spatially iid noises and when the noise

is spatially uncorrelated but not necessarily iid.

We emphasize the practical implications of this scenario. A primary signal
with spatial rank larger than one will occur, for example, if multiple indepen-
dent users (e.g. from adjacent cells) simultaneously access the same frequency
channel. Alternatively, many state-of-the-art communication standards con-
sider the simultaneous transmission of different data streams through multiple
antennas to achieve multiplexing gain and/or the use of space-time codes to
enhance spatial diversity. For these systems, the signal received at the multi-
antenna sensor will exhibit a spatial rank equal to the number of independent
streams or the spatial size of the code, respectively. On the other hand, tol-
erances in the components of the analog frontends at different antennas will
result in deviations of the noise level from antenna to antenna, and as it turns
out, detectors derived under the iid assumption are very sensitive to these

calibration errors.

e Derivation and analysis of multiantenna detection of primary sig-
nals under strong interference. Assuming strong interference, modeled
as temporally white noise with arbitrary spatial covariance matrix, we derive
the GLRT for detection of primary signals with known temporal structure.
We additionally propose a low SNR asymptotic analysis of this detector which
can be tightened in the SNR range of interest. This analysis shows the ex-
isting tradeoff between the spectral shape of the primary signal and detection

performance when the spatial structure of the signal is masked by the noise.

This scenario may occur in the presence of strong cochannel interference gen-
erated by other secondary users. In this case, the secondary contributions can

be modeled as noise with arbitrary and unknown spatial covariance.

e Wideband detection in the presence of unknown noise level. Intu-

itively, if multiple primary channels are simultaneously acquired and channel-
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ization information is available, the guard bands between adjacent channels
could be used to estimate the noise power. We will show that when consider-
ing the problem of GLRT detection of one of the channels, not only the guard
bands but also the empty/weak channels are used to improve the noise esti-
mate. This analysis shows the advantages of performing wideband detection

instead of channel-by-channel scanning.

e Wideband detection from compressed measurements. We propose a
primary user detection scheme from a set of compressed samples based on the
GLRT when the channelization of the primary network is assumed known.
From a Maximum a Posteriori formulation we establish a connection between
the estimation problem of the unknown parameters and certain compressed
sensing techniques. Additionally, we propose a simple iterative procedure that
conducts to similar detection performance as by using more complex convex

optimization schemes.

1.3.2 DSL: an Interference Management Scheme

A DSL based paradigm allows certain amount of secondary interference at the pri-
mary system. Then primary user detection becomes less important in comparison
to interference management. The main contribution in this section is the study of a

family of DSL architectures showing their interference management capabilities.

e Performance gain of DSL based paradigms. We present a theoretical
analysis of the performance gain obtained by allowing a certain amount of
interaction between primary and secondary systems. To this end, we define a
family of performance metrics and propose a Stackelberg game formulation for
the interactions between primary and secondary systems. We show that the
performance gain obtained by allowing this interaction can be indeed large in

dynamic environments.

e Practical DSL scheme. Finally, we analyze certain practical DSL schemes
which are shown to have a unique Nash equilibrium. In the stationary regime,
the global performance of the system can be assumed to be the performance
at the (unique) Nash equilibrium, which makes its analysis tractable. More-
over, the proposed DSL schemes show a graceful degradation under dynamic

conditions and thus perform well in practice.



1.4 Structure of the thesis 11

1.4 Structure of the thesis

This thesis is divided in two different parts. In the first we address different spectrum
monitoring schemes, focusing on multiantenna and wideband detectors. Then, in
the second part, we propose a general framework for interference management in

cognitive radio networks.

In Chapter 2 we will study the problem of multiantenna detection exploiting
a priori spectral information when the noise statistics are assumed known. In this
chapter we will also pose the diversity order analysis of the proposed detectors. The
case of multiantenna detection under unknown noise statistics will be covered in
Chapter 3, including both the detection of primary signals with spatial rank larger
than one, and detection in the presence of spatially unstructured noise. Chapter
4 covers the topic of wideband acquisition and detection, both when the band is
acquired at Nyquist rate and when the detection must be performed from a set of

compressed measurements.

The analysis of a family of DSL schemes is presented in Chapter 5. Concluding

remarks, as well as future lines of research, are included in Chapter 6.

1.5 Notation

Any non-standard notation used in this thesis is defined for the particular chapter
at the point where the symbols first occur. For reader’s reference, we also include a

comprehensive list of the notation in Table 1.1.



Symbol Description
R(a), S(a) Real and imaginary parts of «
||, arg(a) Absolute value and argument of «
()T, (HH Transpose and conjugate transpose
|- lle (resp. || - 1) norm ¢ (resp. norm 2)
det(A), tr(A) Determinant and trace of A
A2 (resp. A=1/2) Hermitian square root matrix of A (resp. A™1)
diag(a) Diagonal matrix with diagonal equal to a
adj(A) Adjugate matrix of A
vec (A) Column-wise vectorization of A
® Hadamard product
& Kronecker product
0y, Zero L x 1 vector or L X L matrix
1 L x 1 all-ones vector
Iz Identity matrix of size L x L
ay, k-th column of matrix A
ey k-th column of the identity matrix
E[] Expectation operator
var{-} Variance operator
cov{z,y} Covariance between vectors  and y
CN (1, R), N (11, R) (Complex circular) Gaussia? random (.iistribution
of mean p and covariance matrix R
U(a,b) Uniform random distribution with support [a, b]
Q(x) Q-function: tail probability of the standard normal distribution

1(-) Indicator function
o) f(z) € O(g(x)) iff lim,_, f(2)/g(x) equals a constant
) f(z) € o(z) iff imgy—yo f(x)/x =0

Table 1.1: Notation used in this Thesis.
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14 Chapter 2. Calibrated Multiantenna Detection
2.1 Introduction

Primary user monitoring in Cognitive Radio systems is based on the detection of
the signal from a primary transmitter from the local observations of cognitive users,
either individually or in a collaborative fashion. In either case, it is very likely that
future CR terminals will incorporate multiple antennas, given that multiple-input
multiple-output (MIMO) technologies for communications have reached considerable

maturity (Larsson and Stoica, 2003).

In terms of transmission/reception, multiple antennas provide a means to in-
crease channel capacity without bandwidth expansion, as well as to overcome the
effects of fading via space-time coding (Larsson and Stoica, 2003). Several authors
have recently studied the benefits of having multiple antennas in terms of enhanc-
ing detection performance in the context of CR systems, see e.g. Pandharipande
and Linnartz (2007); Taherpour et al. (2010); Lunden et al. (2009). However, these
schemes do not exploit that in several cases certain primary network parameters,
such as channelization, modulation type, etc., are available as a priori knowledge. In
this chapter we study the problem of multiantenna detection in the low SNR regime
when some a priori information, summarized into knowledge about the spectral

shape of primary transmissions, is available to the spectrum monitor.

To this end, we first pose the Neyman-Pearson (NP) detector for this problem.
This detector is not implementable due to the presence of unknown parameters,
which need to be estimated. The maximum likelihood (ML) estimation of these
parameters in different scenarios leads to a family of multiantenna detectors which

result in an increased diversity gain with respect to single-antenna systems.

2.2 System model

Here we formalize the signal model that will be used in this chapter, and which,

with some additional refinements, will also be useful in the following chapters.

Multiantenna reception

We assume the primary system employs Frequency Division Multiplexing with fixed
channelization. The spectrum monitor is equipped with L antennas with their re-

spective Radio Frequency (RF) chains. A given primary channel is selected and



2.2 System model 15

downconverted to baseband, where it is sampled at fs samples/s to obtain K
complex-valued samples at each antenna (7" = K/ fs is the observation time). The

samples at the [-th antenna are collected into the K x 1 vector y; which can be

written as
y; = his + ony, 1<I<L, (2.1)
where
e s=[sps1 - - sxg_1]" comprises the samples of the primary signal.

e h; is the complex-valued channel gain at antenna [. If the channel is vacant,
then h; = 0 for all [.

e n; ~ CN(0,Ix) comprises the noise samples at antenna I.

e 02 > 0 is the background noise power, assumed known and equal at all the

antennas®.

e The noise processes at different antennas are assumed statistically indepen-
dent, i.e. Elnnl/] = I 1(1 = n).

By introducing the vectors

the model (2.1) can be compactly written as
y=h®s+on. (2.3)

Without loss of generality we assume E[|sx|?] = 1, since the signal power can be

absorbed into the channel vector h. Then, the average SNR per antenna is given by

_E[lhes|l  |hlE
= Elonlll] ~ Lo® 24

1Since the noise variance is assumed known at each of the antennas, the derivation can be trivially
extended to the case of different noise levels by rescaling the input signals so that all present noise
variance equal to one.
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16 Chapter 2. Calibrated Multiantenna Detection

Primary signal model

In order to protect primary users from interference, the operational range of spec-
trum sensors must include primary signals well below decodability levels; in such
situations, attempting to synchronize with the potentially present primary signal is
unrealistic. Hence, we regard {s;} as a wide-sense stationary random process with
power spectral density (psd) Sss(e?). We additionally adopt a Gaussian model for

the primary signal.

Then we have that s ~ CAV(0, C), where C = E[ss”/]. Provided that the chan-
nelization and modulation parameters of the primary system are fixed and public
(as would be the case, e.g., for broadcast networks), then Ss4(e’) is known (and so
is C). Note that C is Toeplitz with ones on the diagonal. In general, {s;} will be

colored (and C # I) as a result of interchannel guard bands, pulse shaping, etc.

In the sequel we will find useful the following asymptotic eigendecomposition

of the primary signal temporal covariance matrix.

Let C = UAUY with A = diag(Ag A1 --- Ax_1) be an eigendecomposition of
C, and let W be the K x K orthonormal IDFT matrix. As K — oo (long observation
time) we have the following asymptotic result (Kay, 1998):

S Ao = Ses(@PK), 0< k<K —1. (2.5)

Hence, we have the asymptotic equivalence of the sequences of matrices {C} and
{WAWH} for K = 1, 2,...Gray (2006), which has been exploited extensively in
the literature; as shown in Zhang et al. (2010c), the loss in detection performance

when adopting the approximation
C~WAWH (2.6)

often becomes negligible even for moderate values of K.

The following spectral shape parameters will feature in the statistical analysis

of the detectors:

~ 1 1 K-1
bo = - tr{C"} = > (2.7)

Q

k=0

1 s

2/ St (e™)0w  for K — oo. (2.8)
m —Tr


valcarce
Note
Añade aquí:
\bm U \rightarrow \bm W, 

valcarce
Note
This result is based on the asymptotic equivalence of the sequences of matrices $\{\bm C\}$ and $\bm W \bm\Gamma \bm W^H \}$, where
$\bm \Gamma = \diag\{ S_{ss}(1) S_{ss}(e^{j2\pi/K}) ··· S_{ss}(e^{j2\pi(K-1)/K}) \}$ for K= 1, 2, ...

valcarce
Highlight
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Note that b; = 1 since E[|sg|?] = 1. For white {s;}, C = I so that b, = 1 for all n

(in general, one has b, > 1 by Jensen’s inequality).

2.3 Problem formulation

S

The Neyman-Pearson lemma, when implementable, results in optimal detectors in
the sense that the probability of detection is maximized for a given probability of
false alarm (Kay, 1998). While in our setup the NP test is not implementable in
practice it will lead to a series of practical detectors with a strong connection to the
diversity combining techniques employed in communications (Simon and Alouini,
2004).

2.3.1 Neyman-Pearson detector

Based on the LK x 1 vector y from (2.3), and under the Gaussian model, the

corresponding hypothesis test is given by

Ho: y~CN(0,Rp) (primary is absent) (2.9)
Hi: y~CN(0,Ry) (primary is present) (2.10)

where we have introduced

Ro = o1, (2.11)
Ry =0’I+hh” ® C, with |h|3>0. (2.12)

This is a composite test (Kay, 1998), since h is unknown.

Let now G = hh” ® C. The NP test for this Gaussian detection problem is
an estimator-correlator (Kay, 1998) declaring #; true if y*2 exceeds a threshold,
where z is the minimum mean squared error (MMSE) estimator of z =h ® s given

y and h. After some straightforward manipulations we obtain

72 =GR{y, (2.13)
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18 Chapter 2. Calibrated Multiantenna Detection

so that
Tye = yz (2.14)
=y7G(c’1+G)ly (2.15)
= yf(hh' ® C)(¢?1 + hhf ® C)~'y. (2.16)

Note that this test cannot be directly implemented, since it requires knowledge of
hh?.

Single-antenna case

At this point it is instructive to consider the single-antenna case. If L = 1, then
G = |h|*>C, and the NP test statistic can be written as

Tap = Z Mmﬁ (2.17)
pyar o2+ |h|2)\k ’

where v = [vgvy - vi_1]T = UMy, so that B C {0,1,...,K — 1} is the set of
indices of nonzero eigenvalues of C. In view of (2.5), for large K one has v ~ Wiy
(the DFT of the observations), and B is the support of Sss(e’). In the following

asymptotic cases, the NP test becomes independent of |h|?:

e High SNR case: if |h|2\, > o? for all k € B, then y2 ~ Y, 5 |vg|?. Thus the
NP test reduces to an Energy Detector (ED) over the spectral support of the

H

primary signal. If C is full rank, then y?z ~ vfv = yfy, i.e. the standard

energy detector.

e Low SNR case: if |h|?\; < o for all k € B, then the NP test declares H; true
if > e Melvk|? = yH Cy exceeds a threshold. This is also the Locally Most
Powerful (LMP) test for this problem, derived from weak signal detection
theory (Kay, 1998). In contrast to the ED test, it makes use of the available
information about the primary signal spectrum, since y” Cy can be interpreted
as the energy at the output of a filter with frequency response Ssls/g(ej‘“) (a

matched filter) fed by the observations y.
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2.3.2 Detection with multiple antennas

However, with L > 1 antennas, neither in the high nor low SNR regimes does the
dependence of the NP test with hh? disappear. In the following we will focus in

the case of asymptotically small SNR, of interest in Cognitive Radio systems.

For asymptotically small SNR, if we make use of the first order Taylor expansion

721_1 ~ 0—121, one has that the test Typ is proportional to

Ty = y(hh® @ C)y (2.18)

L L
= Y hikiylcy, (219)

i=1 j=1
= g'cCg, (2.20)

where we defined
L

g =gure = »_hivi. (2.21)

=1

Here, as in the single antenna case, Ty can be interpreted as the energy at the
output of a matched filter, which now is fed by a linear combination g of the signals
received at each of the antennas. We use the subscript MRC since this processing is
akin to the Mazimal Ratio Combining technique for multiantenna receivers (Simon
and Alouini, 2004), by which the signals collected at each of the antennas are phased-
aligned and combined with optimal weighting to maximize the SNR at the combiner
output and prior to the demodulation stage. Note that the computation of the NP
test statistic for low SNR does not require knowledge of the total channel gain, but
only of the spherical component h = h/||hl||s. The threshold can be set to achieve a

given false alarm rate under Hy, i.e. under ||h|j2 = 0.

Now if we neglect the magnitude gains of the channel coefficients in (2.21), then

g can be approximated as

L
g~grac =y e My, (2.22)
=1

where 0; = arg{h;}. In this case we correct the phase of the signals received at each
of the antennas before the linear combination. This is analogous to the Equal Gain

Combining (EGC) technique in diversity reception.
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The resemblance with different diversity combining techniques suggests a third
detector based on Selection Combining (SC). In this case g is approximated by the
signal at the branch with highest SNR:

g~ gsc =y, with m =argmax |h;]% (2.23)
1<i<L

Note that if the channel gains at all branches have similar magnitudes, then
grac =~ gMmrce. On the other hand, when one of the channel gains is much larger

than the remaining ones, then gsc ~ gMmre-

However, as the reader should have noted, none of these three schemes (MRC,
EGC and SC) is directly implementable, since they depend on unknown channel
parameters. In order to avoid this problem, one option is to replace the unknown
parameters by their estimate. Inspired by the Generalized Likelihood Ratio (GLR)
approach, in Section 2.4 we present different scenarios in which the Maximum Likeli-
hood (ML) estimates of the unknown parameters can be obtained; substituting these
ML estimates in the corresponding statistics will in turn yield practical detectors.
A second approach in order to handle the unknown parameters h;, is to disregard
antenna crosscorrelation and assume equal weighting for the energy estimates at the

different antennas. In this case we obtain the following detector:

2.3.3 Generalized energy detector

By disregarding in Ty the cross terms depending on h;h; for i # j and assume
|hi| = |hj| for i # j, (2.19) reduces to

L
1 o Ha
Terp = KLo2 ;% Cy; 50 YGED, (2-24)
1=

where the scaling factor (K LO‘2)_1 was introduced for convenience and 7yggp is the
decision threshold. We refer to this test as “Generalized Energy Detector” (GED),
as it merely collects the (spectrally weighted) energy at all the branches.

Notice that this detector is applicable to distributed settings with L collabo-
rating single-antenna sensors: each node reports its local statistic y” Cy; (scaled
by the inverse of the local noise variance, if different nodes are affected by different

noise levels) to a Fusion Center, where all such statistics are added together.

The asymptotic performance of this detector is analyzed in Appendix 2.A.1,
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showing that for sufficiently large K and for a fixed threshold yqgp, the probabilities

of false alarm and detection are respectively given by

Vb2
Py =0 (\/ﬁ Yoo — (1 +Cb2) ) ' (2.26)

Pex = Q (\/KL%ED_l> : (2.25)

V/LbaC? + 203 + by

Note that the performance of the GED test depends only on the average SNR (,

but not on the spherical component h of the channel vector.

2.4 Parameter estimation and detection

In order to derive the low SNR ML estimates of the unknown parameters under the
different models, we first obtain the likelihood function of the estimation problem.
The log-likelihood function under #H; is log f(y |h) = —logdet Ry + —yHRfly,
where R depends on h as per (2.12). In the low SNR regime, using the fact that

log(1 4+ z) ~ z for small |z|, we can approximate

g

t
logdet Ry ~ K Llogo? + r—z (2.27)
o
On the other hand,
1 1 17 1
-1 _ ~
YD Y | .
Thus, noting that tr G = trhh tr C = ||h||2K, for low SNR one has
Klnl2 2 H

o2 o? ot
2.4.1 Selection Combining detector

The SC detector is based on the approximation (2.23), and thus requires the estima-
tion of the index I of the antenna with largest SNR. ML estimation of this index in
the general case is difficult, and thus we resort to the low SNR approximation (2.29);
in addition, we will assume that h = he;, where €; is the [-th unit vector. The rea-

son for this is that, as mentioned above, the SC approach is expected to provide
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close-to-optimal performance in scenarios in which the SNR at one of the antennas

is dominant.
Under this assumption, one has ||h|3 = |h|?> and y7 Gy = |n|?y Cy, in (2.29).
Therefore, the ML estimate of [ is just [ = arg max; ylH Cy;. The resulting decision

rule is given by

2 Ysos (2.30)
H

where the scaling factor (Ko?)~! does not affect the test. Thus, the SC detector
picks the antenna with largest spectrally weighted energy and uses that energy as
statistic. Note that this amounts to an OR fusion rule, applicable to distributed
settings: the channel is declared busy if the spectrally weighted energy at any of the
L nodes exceeds a threshold. In that case, only one bit of information has to be sent

to the Fusion Center by each node, in contrast with the GED scheme.

In Appendix 2.A.2 the asymptotic performance analysis of the SC detector is

given. For large K and for a local threshold v5¢, we obtain the global false alarm

L
1 _ Ysc — 1
Py =1 (1 Q (\/W>> . (2.31)

On the other hand, the probability of detection cannot be expressed in closed form,

rate

although it can be straightforwardly computed by means of a multivariate Gaussian
integration routine; see Appendix 2.A.2. It must be noted that, in contrast with
GED, the performance of the SC detector does depend on the spherical component

of the channel vector.

2.4.2 Equal Gain Combining detector

For EGC detection, an estimate of the phases {6;}%, introduced at the different
branches is needed in order to combine the respective signals as per (2.22). Consid-
ering again the low SNR approximation (2.29), it is seen that in order to obtain the

ML estimates we must maximize the following quantity w.r.t. 61, ..., 0:

L L
v Gy = > [hullhmlyy Cyme 2Om =0, (2.32)

n=1m=1
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Let anm = |hnl|hm|yH Cyp. Since apg, = ak,,,, it is clear that

mn?

yiGy = Zamm+2z Z R{apme 7m0}

n=1m= n+1

< Zamm+2z Z |@nml, (2.33)

n=1m=n+1

with equality iff 0, — 0, = arg{anm} for all (n,m) such that m > n. These con-
stitute a set of L(L — 1)/2 (linear) conditions on our L free parameters, which in
general cannot be satisfied if L > 3. Nevertheless, careful inspection of the resulting
detection statistic g Cg with g = ZlL: 1 e y; reveals that it is a function of the
phase differences émn = ém — én only. Thus, if we take these phase differences as
our free optimization variables and neglect the dependence among them, the cor-
responding ML estimates are Orn = arg{yCy,,}. This yields the following EGC

detection rule:

1
Tece = KLo2 Z Z |YmCYn‘ ’VEGca (2.34)

n=1m=1 Ho

which is intuitively satisfying: the lack of knowledge about the phase differences is

sidestepped by considering the modulus of the crosscorrelation terms.

Unfortunately, finding the distribution of Tpge (under either hypothesis) is
intractable. An asymptotic Gaussian approximation is used in Appendix 2.A.3,

showing that for large K for a given threshold vgqc,
YeGC — <1+L 1\/ ;;)
JEL=1+(1-1)3)b

-~ YeGe — (1 + KCBQ)
e (ﬁ\/fM(HOQ + 2b3k¢ + Bz) (250)

Po~Q | VKL , (2.35)

where x = ||h||?/||h/|2 = ||h||?. Note that (2.36) is a function of the scaled average
SNR per antenna x(, and that the scaling term x € [1, L] achieves its maximum
value when all elements of h have the same magnitude. Note that it is precisely in

such scenarios that one expects the EGC detector to perform best.
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2.4.3 Maximal Ratio Combining detector

For MRC detection, an estimate of the spherical component of the channel vector

h = h/||h|s is needed. Let us introduce the data matrix Y = [ y; --- ya |-
Focusing again on the low SNR approximation (2.29), the ML estimate of h must
maximize
y?Gy = y"(bn" @ C)y
= hi(Y#CY)*h
= |2 (YZCY)*h. (2.37)

This is achieved when h is the unit-norm eigenvector of (Y7 CY)* associated to
its largest eigenvalue (up to a phase term e/® which does not affect the test). This
results in the following scaled MRC detection rule:

. Amax(YHCY) 7
Tyurc = a(KUQ) 5 Y™MRC- (2.38)
0

Note that neither Tyge nor Tyre lend themselves to distributed implementation,
since they require the computation of (spectrally weighted) crosscorrelations across

the different antennas.

The statistical analysis of the MRC detector amounts to finding the distribution
of the largest eigenvalue of the random matrix Y CY under each hypothesis. For
a general covariance matrix C, this remains an open problem. In Appendix 2.A.4
we present the analysis for a special case of practical interest: strictly bandlimited
primary signals using a fraction B of the total channel bandwidth, and with flat psd
within their passband. In this case, the distribution of Tz under Hg asymptotically
follows a (shifted and scaled) Tracy-Widom distribution, which can be used to set
the threshold yyrce for a given probability of false alarm. For fixed threshold yygrc
the asymptotic probability of detection is given by

YMRC — (51 + %)

PEGC ~
D Q 61/\/E

(2.39)

where 6; = 1+ by L(.
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2.5 Detection diversity in fading environments.

In the analysis of the previous section we considered that the SNR at each antenna
is fixed. In practical conditions this is unlikely to occur. Consider a slow fading
scenario in which the channel gains remain constant during the sensing window,
then h becomes a random variable and for a fixed threshold, the probability of

detection Pp is a random variable with expected value given by
Po(@) = BelPo} = [ F(OPD(Q) . (2.0

with f¢(¢) the probability density function (pdf) of ¢, and ¢ = E¢{¢} the mean
value of the SNR.

In the following we will assume that h can be modeled with a Ricean distribu-
tion (Simon and Alouini, 2004). This accounts for the line-of-sight (LOS) component
and for the non-line-of-sight (NLOS) scattering. Hence at each realization we can

model the channel vector as

— n - 1 =~
h= 2(y/——h+/——h], 2.41
o < 1+n 1+n ( )
where ¢ denotes the average SNR and 7 stands for the Rice factor, the LOS channel
component h is defined as h = [/ &2 ...e/M%) with § ~ U(0,27) modeling the
relative phase of the antennas of a uniform linear array, h is a zero-mean complex

Gaussian vector modeling the NLOS channel component with iid components ~
CN(0,1), and independent of 6.

The worst-case scenario in terms of detection performance is given by the NLOS
channel, i.e. n = 0 with pure Rayleigh fading. We will see next that in this scenario
the probability of misdetection (asymptotically) decreases only linearly with the
SNR (in log scale) with a slope that is given by the asymptotic detection diversity
of system. However, this asymptotic measure does not reflect the true detection
performance of a detector in the SNR range of interest. To overcome this problem
we will also present an analysis based on the diversity measure first proposed by
Daher and Adve in the context of radar, related to the probability of detection
around the SNR at which Pp = 1/2.
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2.5.1 High SNR diversity order analysis

We restrict here our analysis to the worst case given by iid Rayleigh fading scenarios?,

i.e. (2.41) with = 0. In this case, the instantaneous SNR ¢ = ||h|?/(Lo?) has the

following pdf (Simon and Alouini, 2004):
Lk ¢t

fQ) = 77—

(L—1) L exp {~L¢/C}, ¢>0. (2.42)

We will next present the analysis for the GED. This analysis can be extrapolated
with minor changes to the MRC detector. First, from (2.26), the probability of
misdetection of the GED for a fixed threshold vqgp is given by

Pup =1- P, (2.43)

—Q (1+ CB2) — YGED . (2.44)

LbyC¢2+2b3¢+by
V KL
Using a first-order Taylor approximation of the argument of the Q-function in (2.43)
about ¢ = 0, one finds that in the low SNR regime,

[132 + %(1 - VGED):| (1 — vaep)

Vb2/KL ‘ Vb2/(KL)

In a fading environment, Pyp in (2.45) becomes a random variable. Its mean value

PMD ~ Q (2.45)
can be upper bounded by noting that

Qz) < =e %2 z>0. (2.46)

DN =

By using this bound in (2.45) and then averaging over h, the average probability of

2The analysis can be readily extended to Rayleigh fading with a certain correlation matrix Y.
The resulting asymptotic diversity will depend on the rank of X. We refer the interested reader to
Lépez-Valcarce et al. (2009).
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detection Pyp = E[Pyp] can be bounded as
_ 1 1—
PMD S — exp ﬂ
2 2\/ba /(K L)

62 + %(1 - ’YGED)
2/62/(KL)

x E [exp< —( (2.47)

Using similar steps to those in (Larsson and Stoica, 2003, Sec. 4.4), one finds that

pMD < CLciiL, (248)
where .
1 1-— 2y/byL/ K
CL = 5 eXp { — YoED } = b 2 / (249)

is a constant independent of the average SNR. Hence the diversity order, that is,
the slope of Pyp versus the SNR when plotted on a log-log scale, is upper bounded
by the number of antennas L of the receiver system. This shows the advantage
of having multiple antennas for channel sensing under fading conditions even when
considering the simple GED detector. By carrying a similar analysis, the MRC
detector can be shown to present the same asymptotic diversity order in Rayleigh

fading environments.

Note that this analysis cannot be applied to EGC and SC detectors, since their
performance depends on the actual SNR at each of the antennas and not on the
global instantaneous SNR. If we define ¢ = 1/0%[|h1|? |hal? --- |ha?]7 as the
vector with the instantaneous SNR at each of the antennas, an analysis of the SC
detector follows by the fact that, we have that

Pup = / Fe(O)Pun(¢)a¢ (2.50)
L oo
~ @
2~ wwrben) (2.51)
0 L
—< /0 f<1<<1>P§}]%<<1>8<1> = Pup, (2:52)

where in (2.51) we disregarded the correlation among antennas so that PIS/%(Q)

corresponds to the probability of misdetection of a single antenna system with the
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instantaneous SNR given by (; and in (2.52) we used the symmetry between anten-

nas.

Then, the miss probability at each of the antennas can be upper bounded using
(2.48) with L = 1. Then one obtains

Pup =~ Pyp < CECE, (2.53)

and, as a result, GED, MRC, and SC detectors cannot have a diversity order larger
than L. In fact, as we will numerically show in Section 2.6 the diversity order bound
is tight in the high SNR regime for the proposed detectors. Hence the four of them

achieve full asymptotic diversity in uncorrelated Rayleigh fading.

2.5.2 Daher-Adve diversity order analysis

The asymptotic diversity order analysis presented in the previous section is a high-
SNR concept. However, spectrum sensors for CR systems are expected to provide
high detection performance at much lower SNR values. This calls for a different
definition of the diversity order better suited to the detection problem. In the
context of radar processing, Daher and Adve (2010) define diversity order as the
slope of the average probability of detection (Pp) curve with respect to the SNR
at Pp = 0.5. This notion of diversity is more adequated to CR networks because
(i) it indicates a minimum operational SNR from which a detection scheme starts
working reasonably well (i.e. Pp > 0.5) and (ii) describes how fast Pp approaches 1

from this minimum operational SNR.

In this section, we characterize different spectrum sensing schemes in indepen-
dent Rayleigh fading in terms of the Daher-Adve diversity order. As opposed to
Daher and Adve (2010), in which the steering vectors are assumed known and a
single snapshot is used per sensor for detection, when sensing on wireless channels,
the channel is not known and sensing times are longer in order to acquire several

signal samples.

Let the minimum operational SNR (* of the detector be defined by Pp((*) =
0.5. Following (Daher and Adve, 2010), the diversity order d is defined as

= 2h(0) with  Pp(C*)

d , =_.
o¢ E=C 2

(2.54)

S
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Unfortunately, Pyp = E[Pyp] does not admit a closed form solution for any
of the detectors presented. In the high SNR asymptotic analysis we resorted to an
upper bound of Pyp which allowed us to obtain the analytical integral which is
tight for high SNR. However, it is not possible to use a similar approach here since
we are interested in intermediate SNRs. In order to obtain an approximation of
the diversity order we propose the following first-order piecewise approximation of
Pyp(¢), where ¢* is such that Pyp(¢*) = 0.5:

1, 0<( <,
Pup(¢) = §—a(C—¢Y), G < (<, (2.55)
0, ¢ > (o,

where (1 = (* — &, (2 = (* + 5. and a is the negative of the slope of Pyp(¢) at
¢ =" e

. 9Pup(¢) _ 9Pp(Q)
o= - 2B ‘C:c* - 2 ‘C:C*. (2.56)
Using (2.42) and (2.55), one obtains
P = [ L(OPm() & (257)
0

efon () o (.9

5&(%%JA1>F(%%L+1N} (2.58)

where the incomplete Gamma function is defined as
1 Y a1t
Iz, a) = / t“"eTvO, (2.59)
I'(a) Jo

with T'(a) = [ t* te™'9t the standard Gamma function.

Taking derivatives in (2.57), and after some algebra, one arrives at the following

approximation for the Daher-Adve diversity order

N ¢* 1 _ g_ 1
i=alon (G o) o (G- me) | (250

where gr(x) = I'(Lz, L + 1). While (2.60) may look like a rough approximation

of the diversity order, we will show in Section 2.6 that it effectively captures the

behavior of Pp in Rayleigh fading environments. We proceed now to compute the
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parameters ¢* and a for the different detection schemes.

GED detector performance

Using the asymptotic distribution (2.26), one readily obtains the parameters ¢* and
a for the GED detector:

. 1
(GED = 5 (veED — 1), (2.61)
KLb b b ~1/2
aAGED = 2 [ L(yerp — 1)2% + 2(yGED — 1)% +1 ; (2.62)
2w bs b3

where we used that the derivative of the Q-function is given by

9Q(r) = Lexp(—:/UQ). (2.63)

ox Vor

Now, finding the value of ¢* at which (2.57) equals 0.5 is not straightforward.
However, an obvious candidate is (* ~ CGEDp» since the instantaneous probability of

misdetection satisfies Py ((ipp) = 0.5. With egep = , this yields

1
2aGED<éED
dcep ~ acep (g1 (1 + ecep) — 91 (1 — €geD)) (2.64)

where both aggp and (&g depend on the system parameters K, L, b; and Pra.
Noting that the bracketed term in (2.64) is less than 1, the following upper bound

is obtained: _
KLb
dgeDp < agep < o 2. (2.65)

As L — oo and for any € > 0, we have that® g7 (1+¢) — 1 whereas gr,(1—¢) — 0.
Thus, for large L, dgep ~ aGED.-

Remark 2.1. Hence, Daher-adve diversity order of the GED detector under uncor-
related Rayleigh fading is asymptotically bounded by O (\/ K LBQ). Moreover, for
small values of (* this bound becomes asymptotically tight, i.e. for a small mini-
mum operational SNR, dgrp grows with the square root of the number of antennas
L multiplied by the parameter by = tr{C?}/K. Since by > 1 with equality for tem-
porally white primary signals, we have that Daher-adve diversity increases with the

temporal correlation of the primary signals.

3Intermediate steps can be found in Appendix 2.B.
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MRC Detection performance

In this case, the parameters for the first-order piecewise approximation of (2.39) are

1
Gine = 557 (8+ VEZF B~ 4numc) (2:66)

= L
[KL203 1~ Rro
p— — 2-
aMRC T W (2.67)

where 8 = YMRrC — %, so that

K L2b2
2

dMmre < aMre < (2.68)

with dyre — amre as L — oo.

Remark 2.2. Note however that for small values of ¢*, that is, detectors capable of
working in harsh SNR conditions, the Daher-Adve diversity of the MRC increases

as O(y/ K L?b3) while, the GED only achieves O(v/K Lby), i.e. Daher-Adve diversity

does reflect the improved performance of MRC over GED.

SC detection performance

In order to compute the Daher-Adve diversity order for the SC detector, we neglect

again the correlation among different antennas under ;. Then

Pun = [ Fe(€)Pun(€)6 [ I fc(C)Pﬂ£(<)8C] g

We now approximate the integral using the same technique as in the previous points.
Using the results obtained for the GED, particularized for L = 1, after some algebra,

one arrives at

) = = 1 * ~ L
Pup(¢) = [1 — 2asc( sinh < —) e_CSc/C] : (2.69)
2ascC
where
.1
Csc = b (ysc — 1), (2.70)
= — . ~1/2
Kb2 2b4 b3
=4/ = —1)= +2 —1)= +1 . 2.71
asc o (('YSC ) 5 +2(ysc )b% + ) (2.71)
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Figure 2.1: Theoretical versus the empirical distributions for a DVB-T OFDM signal
with L = 2: (a)-(d), and for a square root raised cosine signal with rolloff factor 1/2
and L = 4: (e)-(h).

Taking the derivative of (2.69), one finds that

L(Y2-1) [Gc ~ me
dsc ™ (Qascf* ) [ Z*Qasc +1 (2.72)
One must solve for ¢* in Pyp(¢*) = & in (2.69), i.e.,
1 Tk . _C* /E*
1-— 7 = 2agc(” sinh e e osa/S (2.73)

which can be solved numerically.

Remark 2.3. While we are not able here to obtain a closed-form expression for
the Daher-Adve diversity order of the SC detector we conjecture that it grows as
O(VK log(Lbs)), similarly to the result obtained in Daher and Adve (2010) for
an OR based detector. In fact, in the next section we numerically show that the
diversity order of the SC detector is smaller than that of the GED, i.e. dsc <

O/ KLb).
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2.6 Numerical results and discussion

In this section we examine the performance of the proposed detectors via both
Monte Carlo simulations and analytical results. The detectors considered are the
Generalized Energy Detector (GED), the Selection Combining based detector (SC'),
the Equal Gain Combining detector (EGC') and the asymptotic GLRT given by the
Maximal Ratio Combining detector (MRC').

Analytical statistic distributions.

In order to validate the approximations used in the derivation of the analytical
results for deterministic channels, we show in Fig. 2.1 the theoretical versus the
empirical distributions for a set of different scenarios. The first series of plots,
namely Figs. 2.1 (a)-(d), were obtained using a primary digital television DVB-T
signal? with bandwidth B = 7.61 MHz quantized to 9-bit precision. This channel
was downshifted to baseband and asynchronously sampled at f; = 8 MHz, thus
in this case the OFDM signal spectrum is bandpass flat occupying a bandwidth
fraction of ~ 97%. The receiver acquires K = 1024 samples at each of the L = 2
antennas with same instantaneous per antenna SNR equal to —11 dB. From Fig. 2.1
(a)-(d) itdis-apparent the good match between analytical and empirical distributions
for the four detectors, Secondly, Fig. 2.1 (e)-(h) asswme-that-theprimary network

emplovs-a16-OQAM primary onal-shaped—w

ifted-to-baseband-and-asy S, vt Nyquistrate; We assume
512, L = 4 and instantaneous SNR at each of the antennas equal to
—7, =12, —14 and —18 dB respectively. We can see that under the Hypothesis
Ho, the analytical distributions closely match the simulation results for the four
detectors. On the other hand, under H; we observe a deviation between analytical
and theoretical results for the EGC and for the MRC. The analytical distribution of
the EGC statistic was obtained under the assumption that the SNR of each of the
individual antennas was largerthanzerq under H;. However, in the simulated setup
for K = 512 the weakest antenna’s SNR (—18 dB) is not sufficiently large in order
for this approximation to hold. On the other hand, the analytical distribution of the
MRC was derived under the flat bandpass signal assumption. Here, in the analytical

representation we assumed a flat spectrum with frequency support corre