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Resumo

A primeira parte desta Dissertacao consiste da andlise de vérias técnicas de sen-
soriamento espectral (SS, spectrum sensing), tais como, detector de energia (ED,
energy detector), filtro casado (MF, matched filter), detector cicloestacionério,
detector de autovalores e detector baseado na covariancia, todos aplicaveis ao SS
em banda tunica (SB, single-band). Resultados numéricos permitem uma com-
paracao justa entre os detectores analisados considerando aplicagoes de sensoria-
mento espectral monobanda. Para SS em sistemas multibanda (MB, multi-band),
héa diversas técnicas que vém sendo desenvolvidas nos tltimos anos, tais como,
sensoriamento de borda (edge) baseado em wavelets (WSS, wavelet spectrum sen-
sing), compressed sensing (CS) e direction of arrival (DoA). Finalmente, para
lidar com a agressividade do canal sem fio mével, esquemas cooperativos podem
ser utilizados em conjunto com radio cognitivo (CR, cognitive radio). Os mais co-
nhecidos protocolos para comunicagao assistida por retransmissores (relays) sdo o
protocolo AF (amplify-and-forward) e o protocolo DF (decode-and-forward) em-
pregados no relay e também aqueles que empregam combinacoes de sinais, tais
como, soft combining, que podem ser MRC (mazimal ratio combining) e EGC
(equal gain combining) empregados no receptor e hard combining baseados em
regras de escolha, tais como, AND, OR e majority.

Na segunda parte deste trabalho ¢ desenvolvida a solugcao de um problema de
otimizagdo que permite reduzir o tempo de sensoriamento (STO, sensing time
optimization) e como resultado aumentar a vazao de um usuério secundario (SU,
secundary user). O problema de otimizagao resultante é um problema concavo
e nao linear (NLP, nonlinear program), que pode ser resolvido analiticamente e
de forma direta. Resultados numéricos permitiram corroborar o tratamento de
otimizacao analitico proposto.

Na terceira parte deste trabalho, uma técnica de sensoriamento espectral coope-
rativo (CSS, cooperative spectrum sensing), chamada regra de consenso com pesos
melhorada (IWAC, improved weighted average consensus) foi proposta sob a forma
de regras de consenso, que permite o desenvolvimento de solugoes distribuidas em
vez de solugoes centralizadas (utilizando regra de combinagao hard ou soft), sendo
que a tltima abordagem requer uma central de fusao (FC, fusion center). A téc-
nica de consenso IWAC permite que o CSS local troque informacoes entre os
SUs vizinhos e também leva em consideracao a propria condicao de canal do SU,
obtendo-se assim vantagens sobre o CSS centralizado, e performance parecida
com os demais CSS decentralizados baseados em regras de consenso existentes na
literatura, tais como, consenso médio (AC, average consensus), consenso médio
com pesos (WAC, weighted average consensus) e o consenso médio com pesos
acurado (WAC-AE, weighted average consensus - accuracy exchange), boa velo-
cidade de convergéncia para o mesmo custo computacional entre as regras com
peso, porém com perda marginal de desempenho em alguns cenarios especificos.

Palavras-Chave: sensoriamento espectral, rede de radio cognitivo, usuéario
primério, usuario secundario, tempo de sensoriamento, maximizacao da vazao,



sensoriamento espectral cooperativo distribuido, consenso.



Abstract

The first part of this work consists of analyzing of various spectrum sensing (SS)
techniques, such as energy detector (ED), matched filter (MF), cyclostationary
detector, eigenvalue detector and covariance detector, all applied to single band
spectrum sensing (SB-SS) systems. Numerical results allow the comparison be-
tween SB detectors. For SS in multiband systems (MB-SS), there are several tech-
niques that have been developed in recent years, such as edge sensing based on
wavelets (WSS), compressed sensing (CS) and direction of arrival (DoA). Finally,
to deal with the aggressiveness of the wireless channel, cooperative SS schemes
can be used in combination with cognitive radio (CR). The well-established coop-
erative protocols are those that use one or more relays with one hop, namely AF
protocol and DF protocol and also those that employ combinations of signals,
such as soft combining (MRC and EGC) and hard combining (AND, OR and
majority).

In the second part, it is presented the formulation and solution of a concave
optimization problem that allows to reduce the sensing time (STO); as a result
the proposed algorithm is able to increase the throughput of a secondary user
(SU). Indeed, the formulated problem is a concave nonlinear optimization pro-
gram (NLP). Numeric results allow one to check the solutions presented.

In the third part of this paper, a Cooperative Spectral Sensing (CSS) technique
called improved weighted average consensus (IWAC) was developed in the form of
consensus rules, which allows the development of distributed solutions rather than
centralized solutions (using the hard or soft combining rule), the latter approach
requires a central of decisions (FC, fusion center). The IWAC consensus tech-
nique allows the local CSS to exchange information between neighboring SUs and
also takes into account the SU channel condition itself, thus gaining advantages
over the centralized CSS and similar performance to consensus-based decentral-
ized CSS in the literature, such as, average consensus (AC), weighted average
consensus (WAC) and weighted average consensus - accuracy exchange (WAC-
AE), such as good convergence velocity for same computational cost among the
rules with weight, but with a marginal performance loss under specific scenarios.

Keywords: spectrum sensing, cognitive radio networks, primary user, sec-
ondary user, sensing time, throughput maximization, distributed cooperative
spectrum sensing, consensus .
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1 Introducao

Devido ao crescimento dos servigos de comunicacoes sem fio, tais como, redes soci-
ais, armazenamento em nuvem, streaming de dudio, e-books, servicos de streaming
de video (que utilizam 70% do trafego de rede sem fio) dentre outros o espectro
de frequéncias de interesse disponiveis vem se tornando cada vez mais escasso.
As medigoes efetuadas pela Federal Communications Commission (FCC) (FCC
Spectrum Policy Task Force, 2002), tém demonstrado que a maior parte do espectro
licenciado nao é utilizado de forma eficiente. O periodo de tempo de ocupacao
do espectro por um usuério licenciado varia de milissegundos até horas. Isto mo-
tiva a utilizacdo do radio cognitivo (CR, cognitive radio)(MITOLA; MAGUIRE G.Q.,
1999), o qual é capaz de aumentar a eficiéncia espectral (SE, spectrum efficiency)
dos sistemas de comunicagoes consideravelmente. Em uma rede do tipo IEEE
802.22 WRANSs (Wireless Regional Area Networks), o objetivo principal em se
utilizar o CR é maximizar a utilizacao do espectro dos canais de TV, que nao sao
utilizados de forma continua pelos usuarios, tendo momentos em que a faixa de

espectro permanece sem uso.

Pode-se dizer que o CR permite aos usuérios primarios (PUs, primary users),
que detém o direito de uso do espectro e aos usuarios secundérios (SUs, secondary
users), que irdo utilizar o espectro de forma oportunista, compartilhar a mesma
banda de frequéncias, se e somente se, as politicas de acesso forem cumpridas por
ambos os usudarios. Neste esquema, o SU acessa o espectro do usuério licenciado
(PU), sem causar danos a operagao do PU; isto é chamado de esquema de acesso
underlay. Em alternativa ao esquema de acesso underlay, o SU pode ocupar o
espectro autorizado quando o PU é ausente; Neste contexto, o SU é visto como
um usuério oportunista e chamado de esquema de acesso overlay (WYGLINSKI

MAZIAR NEKOVEE, 2009), (ZHANG; ZHENG; CHEN, 2010) e (IBNKAHLA, 2014).

Formalmente, o CR é qualquer dispositivo de comunicacdo que possui ca-
racteristicas que remetem ao aprendizado e a inteligéncia (HAYKIN, 2005), e a
partir disto consiga tomar decisoes, tais como, transmitir, decodificar, etc. As

principais tarefas realizadas por um CR sdo: sensoriamento espectral (SS, spec-
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trum sensing) e o compartilhamento do espectro sem causar interferéncia ao PU

(spectrum sharing)(IBNKAHLA, 2014), (HOSSAIN DUSIT NIYATO, 2009).

Outra tarefa importante que deve ser realizada pelo CR é a mudanca de
espectro devido a mobilidade ou padrao de atividade do usuéario primério (SH,
spectrum handoff) (IBNKAHLA, 2014). Sempre que um PU retorna para a sua
banda licenciada, o SU que esta utilizando a banda do PU tem de mudar sua
banda atual para outra parte do espectro eletromagnético que esteja livre, a fim
de evitar interferéncia ao PU. Este procedimento deve ser realizado com cuidado,
a fim de evitar danos a comunicacao do SU, o que afeta consideravelmente a
qualidade de servico (QoS, quality of service). Ha duas opgoes para o SH: modo
reativo e modo proativo. No modo reativo, o SU realiza o SS de outros canais
disponiveis assim que o PU retorna a sua banda de uso. Neste tipo de SH, o
SU consome algum tempo sensoriando o espectro novamente. Por outro lado, no
modo proativo o SU possui de forma prévia uma lista de canais candidatos ao
acesso uma vez que aconteca o retorno do PU, isto é, o SU constroéi registros de
dados sobre o comportamento de PUs, a fim de prever quais os canais vao estar

disponiveis para acesso futuro.

1.1 Motivacao

A proxima geragao de sistemas de comunicacao sem fio (5G) que esta prevista
para entrar em funcionamento a partir de 2020, exige grande eficiéncia espectral
uma vez que ha pouco espectro disponivel e uma alta taxa de dados sera exigida
por estes sistemas. Neste sentido, o radio cognitivo apresenta-se como uma al-
ternativa viavel para atender a estas demandas, uma vez que é capaz de otimizar
o uso do espectro, aumentando a eficiéncia espectral. Porém, um procedimento
inerente ao radio cognitivo e que apresenta grandes desafios é o sensoriamento
espectral pois necessita de diversos estudos para viabilizar futuras aplicacoes.
Desta forma, o estudo de novas técnicas de sensoriamento espectral é de funda-
mental importancia e apresenta oportunidades e desafios de pesquisas na atuali-
dade.

1.2 Temas em Sensoriamento Espectral Desenvol-
vidos

Neste trabalho de Dissertacao de Mestrado trés aspectos da temética sensoria-

mento espectral em radio cognitivo sao abordados:
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¢ Ampla analise dos fundamentos e desenvolvimentos relativos ao Sensoria-

mento Espectral em Redes de Radio Cognitivo;

o Compromisso Tempo de Sensoriamento versus Vazao em Redes de Radio

Cognitivo;

¢ Sensoriamento Espectral Cooperativo Distribuido em Redes de Radio Cog-

nitivo.

Assim, neste trabalho, diversas técnicas de SS foram analisadas, tanto em
sistemas de comunica¢ao de unica banda (SB, single-band) quanto em sistemas
multibanda (MB, multi-band), bem como tem sido abordado até aqui de forma
introdutoéria o sensoriamento espectral CR no contexto cooperativo. Também
foi estudada a relagao entre o tempo de sensoriamento e a vazao de um SU; e
como pode ser otimizado o compromisso tempo de sensoriamento versus vazao.
Finalmente, na terceira parte deste trabalho foi proposta e caracterizada uma
nova técnica para o sensoriamento espectral cooperativo na forma distribuida

utilizando-se de técnicas de consenso.

Nos proximos capitulos serao abordados de forma mais detalhada os princi-
pios béasicos do problema do SS, o compromisso tempo de sensoriamento versus
vazao e finalmente o sensoriamento espectral cooperativo distribuido. O texto de

dissertacao esta divido em:

e Capitulo 2: Trata de forma geral os principios basicos das principais técni-
cas de SS em redes de radio cognitivo em diversos tipos de sistemas: tinica

banda, multiplas bandas e SS cooperativo;

e Capitulo 3: Discussao do problema de tempo de sensoriamento versus va-
zao em uma rede de radio cognitivo a partir da solugao de uma problema
de otimizacao convexa. Este problema ¢ de fundamental importancia em
Radio Cognitivo pois impacta profundamente na capacidade de transmissao

do SU bem como na confiabilidade do sensoriamento espectral;

e Capitulo 4: Extensiva analise e comparagao de técnicas de SS cooperativo
distribuido baseado em técnicas de consenso médio. Métodos distribuidos
possuem vantagens em relacao aos métodos centralizados, porque aprovei-

tam melhor os recursos disponiveis da rede com mesma performance dos
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métodos centralizados;



2 Sensoriamento Espectral em
Redes de Radio Cognitivo

O SS ¢é a tarefa na qual o CR avalia uma porcao do espectro, e estima se esta

ocupado ou nao por um PU (YUCEK; ARSLAN, 2009) e (IBNKAHLA, 2014).

No SS, o CR deve detectar com confiabilidade a presenca do PU sem causar
qualquer interferéncia durante a execucao do sensoriamento do espectro. Hé&
muitas maneiras de detectar a presenca ou auséncia de um PU em uma faixa
especifica do espectro; a mais usual é comecando por uma hipotese da presenca
ou auséncia do PU, a construcdo de um teste estatistico 7(-) e com base na
comparacao do sinal recebido pelo CR com um threshold especifico A toma-se
a decisdo, isto é, presenga ou auséncia do PU (IBNKAHLA, 2014). De forma
simplificada, a figura (2.1) mostra como funciona a etapa do SS em um sistema
de CR.

AWGN Channel Spectrum Sensing

I

I [ — | |

| Pre- y . 1 Hy
™| -processing () | [T
| 1 Hy
I

I

PU
signal

Figura 2.1: Esquema geral do SS em redes de radio cognitivo (CRNs,
Cognitive Radio Networks).
Fonte: Préprio autor.

2.1 Sensoriamento Espectral em Sistemas Mono-
banda

A maneira mais simples e de menor complexidade computacional de realizar o SS
¢ o detector de energia (ED, energy detector), que nada mais faz do que avaliar
a energia contida em uma faixa espectral (YUCEK; ARSLAN, 2009), (BHARGAVT;
MURTHY, 2010) e (IBNKAHLA, 2014). Caso esta energia for maior do que o

threshold escolhido a decisao ¢ tomada a favor da presenca do PU, caso contrario
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a decisao é pela auséncia do PU. A principal desvantagem do ED é a sua elevada
sensibilidade (baixa robustez) as incertezas do ruido aditivo gaussiano branco
(AWGN, Additive White Gaussian Noise).

Existem muitos outros tipos de detectores descritos na literatura, por exem-
plo, filtro casado (MF, matched filter)(YUCEK; ARSLAN, 2009), (BHARGAVI; MURTHY,
2010) e (IBNKAHLA, 2014); detector cicloestacionario (SUTTON; NOLAN; DOYLE,
2008), (BHARGAVI; MURTHY, 2010) e (IBNKAHLA, 2014); detector de covariancia
(ZENG; LIANG, 2009b) e (IBNKAHLA, 2014) e o detector baseado em autovalores
(ZENG; LIANG, 2009a) e (IBNKAHLA, 2014). Cada um deles, possuem caracterfs-

ticas proprias conforme mostra a Tabela 2.1.

Tabela 2.1: Comparacao entre os detectores aplicados ao SS em CRNs para
sistemas SB.
Fonte: Adaptado de (IBNKAHLA, 2014).

Requer Diferencia Sinal PU de: Caracteristicas

Detector Pot. Sinal PU Ruido Sinais
Ruido

ED v Simples

MF v v v Otimo em
AWGN

CS v v v Alta Complexi-
dade

Covariancia v v Estimativas ma-
triz de cov.

Autocorrel. v v Similar ao Cov.

2.2 Sensoriamento Espectral em Sistemas Multi-
banda

Pode-se expandir o conceito de SS em SB para sistemas MB (HATTAB; IBNKAHLA,
2014). Sistemas MB tém recebido muita atengdo, uma vez que os sistemas MB
podem melhorar significativamente a QoS do SU. Usando sistemas MB, o SU nao
sO tem um conjunto de canais candidatos para poder ocupar, mas também pode
reduzir o SH e a interferéncia de dados devido ao retorno do PU (IBNKAHLA,
2014).

O SS em sistemas MB pode ser realizado através de técnicas de SS em série
ou por meio de técnicas de SS em paralelo (IBNKAHLA, 2014). No SS em série,

um detector SB utilizando um filtro passa-faixa reconfiguravel (FBP) ou um
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oscilador sintonizavel varre todas as frequéncias do espectro. No SS em paralelo,
uma estrutura na forma de banco de filtro e um detector a trabalhar em paralelo

permite detectar todo o espectro mais rapidamente do que o SS em série.

Neste trabalho de Dissertacao, ¢ dado foco nas seguintes técnicas de SS em
MB: deteccao de borda (edge) utilizando wavelets (WSS, wavelet spectrum sen-
sing) (TTAN; GIANNAKIS, 2006) e (IBNKAHLA, 2014), compressed sensing (CS)
(TIAN; GIANNAKIS, 2007) e (IBNKAHLA, 2014), direction of arrival (DoA) (DHOPE;
SIMUNIC, 2012), principalmente os estimadores MUltiple SIgnal Classification
(MUSIC) (SCHMIDT, 1986) e FEstimation of Signal Parameters via Rotational
Invariance Technique (ESPRIT) (ROY; PAULRAJ; KAILATH, 1986) foram as que
demonstraram mais importancia nos ultimos anos. De forma sucinta, a Tabela

2.2 resume as principais propriedades dos detectores MB.

Tabela 2.2: Comparacao entre os principais detectores para sistemas MB.
Fonte: Proprio Autor.

Detector Vantagens Desvantagens

WSS Limites entre bandas desco- Falsas bordas (edges)
nhecidos

CS Reducgao da taxa de amos- Conhecimento das matrizes
tragem de medidas e base esparsa

DoA Nova dimensao a ser explo- Uso especifico em sistemas
rada MIMO

2.3 Sensoriamento Espectral Cooperativo

Sistemas hibridos que podem ser utilizados em conjunto com CRNs sao os re-
lays de cooperac¢ao (DOHLER; LI, 2010) e os SUs cooperativos (IBNKAHLA, 2014),
chamados de técnicas de sensoriamento espectral cooperativo (CSS,cooperative
spectrum sensing) que proporcionam diversidade espacial ao sistema de comuni-
cagdo quando inserido em canal com desvanecimento (fading) e sombreamento

(shadowing) (IBNKAHLA, 2014).

Ha basicamente trés protocolos de comunicacao cooperativos por relays, que

sao os protocolos AF (amplify-and-forward), DF (decode-and-forward) e CF (compress-

and-forward). HA também esquemas de combinagdo soft e combinagao hard

quando emprega-se a cooperacao por SUs. O protocolo AF é o esquema mais
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simples e recebe uma versao do sinal do n6 de origem (source) em um primeiro
slot de tempo, ao passo que num segundo slot de tempo uma versao amplificada
é enviada pelo relay para o no de destino (sink). Em contraste, o protocolo DF
decodifica o sinal recebido pelo relay a partir do source e, em seguida, reecodifica
e reetransmite para o sink. A vantagem do protocolo AF é a sua simplicidade,
mas tem a desvantagem de amplificar o ruido de entrada com o sinal do source.
O protocolo DF tem a vantagem de decodificacdao; por conseguinte, o ruido nao
é amplificado. A desvantagem do protocolo DF é se o sinal recebido pelo source
contém erros, o sinal nao podera ser decodificado corretamente e a comunicacao
pelo relay ficard comprometida. Se isso acontecer, a comunicacao cooperativa

deve ser imediatamente interrompida (DOHLER; LI, 2010).

No esquema em que se utilizam SUs cooperativos, o combinador hard é sim-
plesmente a soma de decisao de todos SUs na rede; os SUs enviam suas decisoes
finais para uma central de decisoes. J& para o combinador soft, os SUs comparti-
lham suas informacgoes com a central de decisoes que faz a decisao pela pondera-
¢ao, por um fator (pesos) que leva em consideragdo a importancia da decisao de
cada SU (IBNKAHLA, 2014). A tabela (2.3) sintetiza as principais caracteristicas
de cada esquema CSS.

Tabela 2.3: Comparacao entre as técnicas de CSS.
Fonte: Proprio Autor.

Esquema CSS Vantagens Desvantagens

Hard Combinacao simples de Sujeito a erros de propaga-
cada usuério ¢ao

Soft Pesos determinam a melhor Maior complexidade
performance

AF Sinal melhora com ganho e Propaga ruido com ganho

menos complexo que outros

protocolos

DF Reduz propagacao de ruido Se a decodificacao falha, a
reentrasmissao falha (baixa
SNR)
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Finalmente, no contexto de CRNs, vale a pena notar que, por um lado, os
PUs colocam exigéncias rigorosas sobre o uso do canal e limites de interferéncia
pelo SUs; enquanto que, por outro lado, os SUs esperam elevados QoS a um baixo
custo; o que caracteriza um problema do alta complexidade, abrindo espaco para

muitos temas de pesquisas.

2.4 Resultados Numeéricos

Nesta secao sao apresentadas as principais contribuicoes e resultados desenvol-
vidos no trabalho do Apéndice A.1 em relagao & primeira parte do trabalho de

dissertacao relacionado ao tema de SS em CRNs.

2.4.1 Contribuicoes

As principais contribuicoes do primeiro trabalho que é o capitulo de livro intitu-
lado Spectrum Sensing in Cognitive Radio Networks: Achievements and Challen-
ges escrito por Aislan Gabriel Hernandes, Ricardo Tadashi Kobayashi e Taufik

Abrao e anexado no Apéndice A.1 sao:

1. Analise sistematica das principais técnicas de SS-SB em termos do desem-
penho via ROC;

2. Comparacao das principais técnicas SS-SB;
3. Comparacao das principais técnicas SS-MB;

4. Comparacao dos principais esquemas cooperativos.

Resultados numéricos relacionados com SS para sistemas SB em CRNs in-

cluem as seguintes figuras de mérito:

a) caracteristicas operacionais do receptor (ROC, receiver operating charac-
teristics), sintetizada pela curva que relaciona a probabilidade de detecgao
(detection probability) com a probabilidade de falso alarme (false alarm pro-
bability);

b) probabilidade de detecgdo em funcao da SNR;

c¢) probabilidade de deteccao em fun¢ao do ntimero de amostras do sinal rece-
bido.
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Todas estas figuras de mérito foram analisadas para os seguintes detectores
SS monobanda: ED, MF, cicloestacionario, autovalores e de covariancia. O de-
sempenho do ED sob valores de SNR € [—30; —15][dB]| é mostrado na Figura 2.2.
Pode-se observar que para 1000 amostras, a curva da ROC em (a), esta longe do
valor ideal, isto é, probabilidade de deteccao de 0.9 para probabilidade de falso
alarme de 0.1 para SNR = —15[dB]. Conclui-se que o ED deve operar em altos
valores de SNR, para evitar interferéncias aos PUs. Na Figura 2.2.(b), pode-se
observar que altos valores de probabilidade de deteccao sao obtidos para valores
de SNR superiores a —10[dB]; como consequéncia, mais amostras sao necessa-
rias para que o detector opere em baixos valores de SNR. Finalmente, na Figura
2.2.(c) tomando o valor de 0.1 para a probabilidade de falso alarme, o ED requer
por volta de 10* amostras para atingir altos valores de probabilidade de deteccao,

quando operando em valores de SNR acima de —15[dB].
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01 SNR=-15[dB] (Theo.) 0.2 Pf=0.4 (Theo.)
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Ns

(c) Py x N, @P; = 0.1

Figura 2.2: Performance do ED.

Figura 2.3 mostra o desempenho do MF. Na Fig. 2.3.(a) pode-se observar

que a ROC converge rapidamente para a regiao de operacao de interesse, por
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exemplo, quando a SNR = —20[dB| a probabilidade de detec¢ao é superior a
90%, enquanto que a probabilidade de falso alarme é somente 5%. Em (b), pode-
se observar que a probabilidade de deteccao converge para 1 para uma SNR de
aproximadamente —20[dB], considerando apenas 1000 amostras. Finalmente, na
Fig. 2.3.(c¢) é evidenciado que, por exemplo, 1000 amostras sao suficientes para

uma bom desempenho em termos de SS.
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Figura 2.3: Performance do MF.

A Figura 2.4 mostra o desempenho do detector cicloestacionério, obtido ape-
nas via simula¢ao, para Ny, = 1000 amostras. Em (a), a ROC considerando SNR
de —15|dB] e probabilidade de falso alarme de 0.1 pode-se verificar pela curva
que a probabilidade de detecgao resulta ~ 0.53. Em (b), com a probabilidade de
falso alarme de 0.1 e SNR de —15[dB], a probabilidade de detec¢ao fica em torno
de ~ 0.5; note-se que para SNR < —15[dB|, o desempenho do detector ciclo-
estacionario decresce rapidamente, tornando-se inadequado por volta de ~ —20
a ~ —25 [dB]. Finalmente, examinando-se a Fig. 2.4.(c) pode-se concluir que

o detector cicloestacionario deve operar com um nimero de amostras igual ou
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superior a 10° amostras para uma SNR de —15|dB]| tendo em vista garantir um

desempenho préximo a regiao ideal de operacao.
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Figura 2.4: Desempenho do detector cicloestacionario.

Para o desempenho do detector de covariancia, observa-se que os resultados
apresentados na Figura 2.5.(a) e (b) indicam que as probabilidades de deteccao
P, sao inadequados para valores de SNR abaixo de —15[dB]. Entretanto, deve-se
levar em consideragao que o detector de covariancia para operar nao necessita
de uma estimacao da SNR. Ressalte-se, porém, que caso a estimativa para o
segundo momento estatistico for imprecisa, o desempenho do detector sera muito
degradado. Em (c) pode-se observar que 2000 amostras sao suficientes para o
detector de covariancia atingir alta probabilidade de deteccdo (> 0.9), dado 10%
de probabilidade de falso alarme e SNR de —15[dB|.
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Figura 2.5: Performance do detector de covariancia.

O desempenho do detector baseado em Autovalores é mostrado na Fig. 2.6.

Pode-se observar em (a) e em (b) que a probabilidade de detec¢ao converge ra-

pidamente para regiao de interesse (i.e., P; > 0.9) quando a SNR > —15[dB].

Em (c), valores de Ny ~ 1000 amostras indicam desempenho adequado para o

detector de covariancia operando sob SNR> —15dB, dada a probabilidade de

falso alarme abaixo de 10%.
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Figura 2.6: Performance do detector de autovalores.

Figura 2.7 mostra a comparacao de todos detectores SS mono-banda tratados
nesta Dissertacdo. Em (a), sintetizam-se as curvas de desempenho obtidas com
numero de amostras de 1000 e SNR fixa em —15[dB|. Pode-se observar que ED
possui o pior desempenho dentre todos os detectores até valores de probabilidade
de falso alarme de 0.6. Por outro lado, o detector de autovalores possui melhor
performance do que o detector de covariancia até uma probabilidade de falso
alarme de 0.15, quando o detector de covariancia supera o detector de autovalores.
O detector de covariancia possui melhor perfomance do que o ED para todos os
valores de probabilidade de falso alarme. Como esperado, confirma-se o melhor

desempenho do detector MF em cenarios puramente AWGN.

Na Fig. 2.7.(b) tomam-se 1000 amostras e probabilidade de falso alarme fixa
em 0.1. Para valores de SNR até —20[dB| todos os detectores SS, exceto o MF
apresentam desempenhos em termos de P; despreziveis. No entanto, observe-se
que o ED resulta marginalmente menos degradado, com P; =~ 0.23, em relacao

aos detectores de covariancia, de autovalores e cicloestacionario. Para faixa de



2.4 Resultados Numéricos 15

valores de probabilidade de detecgao mais adequados (P > 0.5), pode-se observar
de (¢) que o ED apresenta o desempenho mais degradado, enquanto que o detector
de autovalores e covariancia apresentam desempenhos em termos de P; similares
e mais adequados para faixa de SNR> —15dB. Mais uma vez, o MF possui o

melhor desempenho.

Na Fig. 2.7.(c) com probabilidade de falso alarme fixa de 0.1 e SNR de
—15[dB], os detectores de energia, cicloestacionario, de autovalores e covarian-
cia apresentaram desempenhos bastante degradados para N, < 500 amostras,
sendo que na faixa Ny < 300 amostras, o ED resulta no desempenho menos
degradado deste grupo de detectores. Adicionalmente, para valores na faixa de
N, € [700;2000] amostras, o ED possui o pior desempenho entre todos. Os de-
tectores de autovalores e covariancia apresentam desempenhos semelhantes. Para
valores acima de 3000 amostras, o detector de autovalores, covariancia e o cicloes-
tacionario resultam em desempenhos bastante adequados. Desempenho adequado

é obtido com o detector MF a partir de N, > 200 amostras.
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Figura 2.7: Comparacao entre as técnicas de SS operando sob ruido AWGN.
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Portanto, pode-se concluir que o detector de energia (ED) possui menor com-
plexidade computacional se comparado aos outros detectores analisados neste
trabalho. Entretanto, o ED apresenta baixo desempenho quando operando em
baixa SNR, i.e quando o sinal recebido possui baixa poténcia em relagao a po-
téncia do ruido sendo por isso um detector que apresenta baixa robustez. Esta
caracteristica pode ser observada nos resultados apresentados neste capitulo. Por
outro lado, o MF possui desempenho 6timo entre todos os detectores analisados
quando operando em canais AWGN, entretanto, o MF requer informacoes a priori
do sinal do PU, que geralmente nao estao disponiveis ao SU em aplicacoes prati-
cas. O detector cicloestacionario resultou em desempenhos superiores em termos
ROC ou ainda em termos de SNR e ntimero de amostras, mostrando-se mais ro-
busto que o ED para a maioria dos casos analisados neste trabalho; ademais, o
detector cicloestacionario requer que o sinal do PU contenha a propriedade ciclo-
estacionaria, isto ¢, mantenha suas propriedades estatisticas em periodos ciclicos
o que permite diferenciar o sinal do PU do ruido AWGN. No entanto, o detector
cicloestacionario apresenta maior complexidade computacional em comparacao
ao ED. Finalmente, os detectores de covariancia e o de autovalores sao baseados
nas medidas de correlacao do sinal do PU, oferencendo um SS robusto e pouco
dependente de informacoes a priori do PU; no entanto para a obtencao de desem-
penhos adequados, estes detectores devem operar em SNR mais elevadas, como

pode ser observado nos resultados numéricos apresentados neste capitulo.
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3  Compromisso Tempo de

Sensoriamento versus Vazao em
Redes de Radio Cognitivo

Recentemente, muita importancia vem sendo dada ao problema do compromisso
entre tempo de sensoriamento versus vazao (sensing-throughput tradeoff) no con-
texto de CRNs (LIANG et al., 2007), (LIANG et al., 2008) e (PEH; LIANG; GUAN,
2009). O esquema que permite lidar com este tipo de problema consiste em
formular e resolver satisfatoriamente o problema de otimizacdao associado & ma-
ximizacao da vazao sujeito a diferentes restri¢oes, tais como probabilidade de de-
teccao, probabilidade de falso alarme, tempo méaximo de frame, threshold 6timo,
etc. Neste sentido, faz-se necessario definir o tempo de frame, que esta associado
com a camada MAC (Medium Acess Control) do modelo OSI (Open System Inter-
connection). Basicamente, o tempo de frame pode ser representado pela Figura
3.1.

Frame 1 Frame 2 o e e e e Frame N

— —
-
-~
-

Sensing Time Throughput Time

Figura 3.1: Estrutura basica de um tempo de frame associado & camada
MAC. Neste modelo representa-se o tempo de sensoriamento (sensing time) e o
tempo de vazao (throughput time).

Fonte: Proprio Autor.

A primeira porcao do tempo de frame é usado para sensoriar o espectro, isto é,
realizar o SS e a segunda porcao é utilizada como tempo de transmissao (spectrum
sharing), que impacta diretamente na vazao. Considerando que o tempo de frame
é fixo, entao o tempo de sensoriamento e a vazao sao parametros que estao em

permanente conflito.
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Em (LIANG et al., 2008), um problema de otimizagao nao-linear (NLP, nonli-
near problem) foi formulado para lidar com a otimizac¢ao do tempo de sensoria-
mento (STO, sensing time optimization) em uma CRN monobanda (SB). Basi-
camente, o problema de otimizagao que retrata o compromisso entre o tempo de

sensoriamento e a vazdo, pode ser descrito pela equagao (3.1).

max. R(T)

st.  (Cl) 0<7<T (3.1)
(C2)  Pyr)>P

sendo P; = 0.9 a probabilidade de deteccdo minima de acordo com o padrao
IEEE 802.22 WRAN; R é a expressao para a funcao objetivo, a qual descreve a
vazao em uma CRN em funcao de 7, o tempo de sensoriamento; finalmente, T’
define o tempo de quadro (frame) de uma CRN (LIANG et al., 2008). As restri¢oes
de desigualdade (C.1.) e (C.2.) sdo também condigbes de igualdade para manter

o conjunto de busca convexo.

O problema de otimizacao em (3.1) pode ser interpretado como tendo o obje-
tivo de identificar o tempo de sensoriamento 6timo 7* para cada tempo de frame
T distinto. Tal otimizacao é realizada na camada MAC da rede, tal que a vazao do
SU é maximizada, enquanto é assegurada a protecao ao PU, que esté relacionado

ao valor minimo assumido por Fy.

Neste sentido, a contribuicao deste trabalho de Dissertacao consiste na ex-
tensdo da analise numérica do trabalho feito em (LIANG et al., 2008). O problema
STO pode ser resolvido de forma expedita usando o Matlab Optimization Tool-
bozx. Foi usada a funcao fmincon que permite resolver problemas de otimizacao

nao-linear utilizando-se para isso um algoritmo interno do tipo pontos-interiores.

3.1 Resultados Numeéricos

Neste secao sao apresentadas as principais contribuicoes e resultados desenvol-
vidos no trabalho do Apéndice A.2 em relagdo a segunda parte do trabalho de
dissertacao relacionado com o tema de Compromisso entre o Tempo de Sensori-

amento e Vazao.

3.1.1 Contribuicoes

As principais contribuicdes do segundo trabalho sao:
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1. Formulacao de uma expressao analitica obtida a partir de outra j& exis-
tente na literatura (LIANG et al., 2008), a qual descreve a probabilidade de

deteccao considerando-se a probabilidade de ocupacao do canal pelo PU;

2. Analise numérica comparada relacionando a solucao do problema de otimi-

zacao com diversas probabilidades de ocupacgao do canal;

3. Avaliacao da qualidade das solugoes com ou sem a simplificagao da fungao

objetivo do problema de otimizacao proposto.

Usando a funcao fmincon do pacote MATLAB Optimization Toolbox do soft-
ware MATLAB, o STO pode ser resolvido de modo expedito, resultando em um
tempo de sensoriamento 6timo de 7* = 2.6 [ms| para os diferentes cenarios de ocu-
pagao de canal analisado, isto é, para baixa (probabilidade de ocupagao de 0.2),
média (probabilidade de ocupagao de 0.5) e alta ocupagao do canal (probabili-
dade de ocupagao de 0.8). Os valores estimados a partir da expressao simplificada
para: a) vazao Otima @; b) a expressao original da vazao 6tima; c) a diferenca
percentual entre as duas sao mostrados na tabela 3.1.

Tabela 3.1: Vazao 6tima estimada, original e diferenca percentual
considerando os casos de baixa, média e alta ocupagao do canal por PU.

Pr(H') 02 05 08
R+ [2=] 51659 3.228 1.2815

s-Hz

R* | 2B 52945 355 1.807

AR* % 1281 322  52.55

Obviamente, quando a probabilidade de ocupacao do canal pelo usuério pri-
mario cresce ha uma tendéncia de crescimento da discrepancia entre a vazao 6tima
estimada e a vazao 6tima original devido a simplificacdo da funcao objetivo do

problema de otimizacao.

Obtido o tempo de sensoriamento espectral 6timo, pode-se entao, determinar
a quantidade de amostras necessarias para satisfazer o problema de otimizacao

do tempo de sensoriamento espectral.

NI =71"f; =15600 |amostras]. (3.2)

O comportamento da vazao em funcao do tempo de sensoriamento, que é
a fungdo objetivo em (3.1), pode ser visto na Fig. 3.2. Para os resultados de
simulacdo, 3-10? realizacoes Monte Carlo foram empregadas e comparadas com a
curva tedrica. A fungao vazao tem apenas um ponto de maximo, que é um ponto

de 6timo global. Portanto, a funcao objetivo é concava no dominio de interesse.
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Além disso, examinando a Fig. 3.2, observa-se por inspecao que o valor maximo
da vazao é obtido quando o tempo de sensoriamento é de ~ 2.55 [ms| para os trés
casos de probabilidade de ocupacao do canal, o qual também pode ser confirmado

pelas solugoes dos problemas de otimizacao associados na eq. (3.1).

Energy Detector — Throughput x Sensing Time for —-15 [dB]

55
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¥ o4 ]
B Original
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2 354
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3 Pr(H1) = 0.8 Marker — Simulation
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Al 4
15 ) /15|mpl|f|ed i
iw Gy R R A oy ) = 2y = R =
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1 15 2 2.5 3 3.5 4 4.5
Sensing Time [ms] x 107
Figura 3.2: Vazdo versus tempo de sensoriamento para SNR, = —15[dB].

Para se obter a probabilidade de deteccao versus threshold de um ED operando
no tempo de sensoriamento 6timo, um nimero de 3 - 10* realizacoes Monte Carlo
foi escolhido. A Fig. 3.3 mostra curvas de probabilidade de deteccao wversus
threshold adotando-se N} = 7* f = 15600 amostras. Pode-se concluir que o valor
Otimo de limiar de decisdao do ED é deslocado (incrementado) a medida que a
probabilidade de ocupacao do canal cresce, de baixa para média, alta e também
quando o canal estd completamente ocupado (probabilidade de ocupagao igual
a 1). Examinando a Fig. 3.3 pode-se concluir que a probabilidade de deteccdo
minima de P; = 0.9 é obtida para diferentes valores de threshold que podem ser

diretamente obtidos da equagdo (3.3).

Pi(r) =@ ((A—B—l) ngl), (5.3

onde 8 = P,(H')SNR,. Os valores de SNR, sao ponderados por P,(H'), que é a

probabilidade do canal estar ocupado.

Utilizando-se a equagao (3.3) pode-se calcular os valores analiticos para o
valor de limiar (threshold). O resultado ¢ sintetizado na tabela 3.2, indicando

6tima concordancia entre valores teéricos e obtidos via simulagao Monte-Carlo.
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Tabela 3.2: Valores Numéricos e Analiticos para o threshold considerando-se
P; = 0.9 e variando os valores de ocupacao do canal pelo PU.

P, (H") 0.2

0.5

0.8 1

Numérico 0.9955 1.0047 1.0147 1.020

Analitico

0.9960 1.0054 1.0148 1.0210

[R0.0.0.6.6,664.0.666,

091

0.8

0.7F

0.6

Pd

0.4

0.3

0.2

0.1R

0o

0.5

— —-Theo. -Pr(H1)=1

— — Theo. - Pr(H1) =0.2

<< OO

Theo. - Pr(H1)=0.5
Theo. - Pr(H1) =0.8
Sim. - Pr(H1) =1
Sim. - Pr(H1) = 0.2
Sim. - Pr(H1) = 0.5

Sim. - Pr(H1) =0.8

T =

0.9

0.95

Threshold

AR ARSI I KT F KKK K
1.05 11

Figura 3.3: Probabilidade de deteccao versus threshold para Ny, = 15600
amostras. Otima aderéncia dos valores teéricos com aqueles obtidos via
simulagao Monte Carlo.

Para se obter a probabilidade de deteccao versus Ng, onde N; é o numero

de amostras, o mesmo niimero de realizagoes Monte Carlo (3 - 10*) foi escolhido.

Como consequéncia, Fig. 3.4 mostra a probabilidade de detecgao wversus Ny ado-

tando valor de P; = 0.9 e valor para a SNR do PU como SNR, = —15 [dB].

Na Fig 3.4, comparou-se valores em que a probabilidade do canal ocupado seja

baixa, média, alta e também quando o canal estd completamente ocupado e para

os quatro cenéarios a probabilidade de deteccao esté acima de 0.9 para N, = 15600

amostras, como garantido pela solu¢ao do problema de otimizagao em (3.1).
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Energy Detector - Pd vs. Ns
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Figura 3.4: Probabilidade de deteccao versus Nj.

Desta forma, pode-se concluir que o problema de otimizagao (STO) apre-
sentado neste capitulo resultou convexo, possibilitando assim ser resolvido pelo
MATLAB, garantindo a obtencao do 6timo global. Portanto, utilizando-se da
funcao fmincon do MATLAB Optimization Toolbox, os resultados numéricos dis-
cutidos mostram que o ponto de maximo é um 6timo global e a fungao objetivo é
uma funcao concava garantindo a solucao 6tima do problema. Analisando-se os
resultados obtidos conclui-se que a simplificacao da funcao objetivo, i.e da vazao
s6 é valida para valores de baixa ocupacao do canal. Também é observado que os
valores de probabilidade de deteccao crescem com a probabilidade de ocupagao
do canal, como esperado, pois a definicao de probalidade de deteccao depende do
sinal recebido do PU.
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4  Sensoriamento Espectral

Cooperativo Distribuido em
Redes de Radio Cognitivo

Um tema interessante e com bastante apelo atualmente consiste na analise e
caracterizacao de técnicas de sensoriamento espectral cooperativas distribuidas e
como isso impacta no CSS em comparacao com as técnicas centralizadas, as quais

requerem uma central de fusao das informagoes relativas ao SS.

De fato, as técnicas de sensoriamento espectral centralizadas necessitam de
uma FC para realizar a decisao final, o que leva a um maior consumo de energia
pelo uso da FC, reduzindo a eficiéncia energética da CRN, além da qualidade da
transmissao do sinal do SU para a FC e depois da FC para o SU que pode ser
deteriorada pela condicao do canal, podendo impactar negativamente, portanto,
tanto na eficiéncia espectral quanto na confiabilidade do sensoriamento espectral
da CRN. Tendo em vista tais desvantagens, recentemente, tém sido propostas na
literatura técnicas de sensoriamento espectral distribuido, as quais visam o menor

consumo de energia e a melhoria na qualidade do sinal recebido.

Uma das técnicas que permite que o sensoriamento espectral cooperativo seja
feito de forma distribuida é a técnica de consenso baseada no calculo da média
(AC, average consensus) (TEGUIG et al., 2015),(ZHANG et al., 2015), (LI; YU; HU-
ANG, 2010), (YAN et al., 2012), (HONGNING; XIANJUN; LEILEI, 2014), (VOSOUGHT;
CAVALLARO; MARSHALL, 2016), (WEL, HAIXT; ZHEN, 2015), (ASHRAFI; MALMIR-
CHEGINT; MOSTOFT, 2011), (LT; YU; HUANG, 2009), (SULEIMAN; PESAVENTO; ZOU-
BIR, 2016), (YU; HUANG; TANG, 2010) e (ZHENG; YANG; LOU, 2011). A técnica
AC nada mais é do que a troca de informagao de um SU (no caso do ED, o teste
estatistico) entre os SUs vizinhos da rede até que atinjam o mesmo valor final de
decisao, tudo isso sem a necessidade de uma FC. Por questao de facilidade, sera

considerado que cada SU utilize ED para realizar o SS.

Basicamente, o modelo de sistema (rede) pode ser descrito como uma CRN
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com N SUs cooperativos. Pode-se representar a CRN a partir da teoria de grafos
(ZHANG et al., 2015). Matematicamente, o AC pode ser definido como sendo a
estimacao do i-th SU atualizado no tempo de iteracao k = 1, 2, ... de acordo com

a seguinte regra (YU; HUANG; TANG, 2010):

ik +1) = zi(k) + a Y gij(z(k) — :(k)), (4.1)

JEN;
onde « representa o passo da iteragdo que satisfaz 0 < a < (max(N;))~'. O
simbolo N representa a cardinalidade, i.e., o ntimero de elementos no modelo por
grafo (rede). A matriz de adjacéncia do grafo é definida por G, cujos elementos
g;; determinam as conexodes entre os SUs na rede. O conjunto de SUs vizinhos ao
i-th SU é definido por .4;. A estatistica inicial antes da fusao na iteracao k = 0

é considerada como sendo x;(0) = T;, onde T; é o teste estatistico do i-th SU.

As regras de consenso podem ser calculadas sem peso (AC) e com pesos WAC
(weighted average consensus), e também se dividem em maximo consenso, minimo
consenso e consenso médio (AC). Neste trabalho sera dado enfoque a regra de
consenso médio com pesos, pois é a que apresenta melhor desempenho, de acordo

com (ZHANG et al., 2015).

A regra de consenso com peso (WAC) pode ser escrita como sendo (ZHANG
et al., 2015):

zi(k+1) = i(k) + g > gis(ai(k) — 2ik)), (4.2)

b e
sendo w; os pesos de cada SU (condigao do canal) definidos conforme (ZHANG et

al., 2015).

As técnicas atuais de consenso permitem que se obtenham desempenhos seme-
lhantes as técnicas de cooperacao centralizadas. Assim, a técnica AC possibilita
que se obtenha desempenhos para o sensoriamento espectral semelhantes a téc-
nica soft combining - EGC, enquanto que a técnica WAC permite que se obtenha
performance semelhante & técnica soft combining - MRC. As técnicas hard com-
bining possuem desempenho inferior comparado as técnicas de consenso médio
e soft combining (ZHANG et al., 2015) e condizem com as regras de maximo e

minimo consenso.

Nesta parte do trabalho de Dissertacao analisou-se duas técnicas de consenso
melhoradas, sendo proposta aqui a regra denominada IWAC (improved weighted
average consensus), além de uma regra pré-existente na literatura, porém nao
explorada no contexto de SS chamada WAC-AE (weighted average consensus -

accuracy exchange). Em resumo, as duas regras de consenso se tornam respecti-
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vamente:

(IWAC)  zi(k +1) = z5(k) + wﬁ 3 wigy(a(k) —ai(k),  (4.3)

L jes;

(WAC-AE)  a(k+1) =z(k) + a Z wigi (k) — z4(k)), (4.4)

onde w; sao os pesos dos SUs vizinhos que cooperam.

Na regra IWAC proposta, a regra de consenso é atualizada levando-se em
consideracao a condicao do canal através dos pesos do i-th SU além dos pesos de
seus noés vizinhos. Em contrapartida, na regra WAC-AE somente os pesos dos

nos vizinhos sao levados em consideracao para o calculo do consenso.

4.1 Resultados Numeéricos

Neste secao sao apresentadas as principais contribuicoes e resultados desenvol-
vidos no trabalho do Apéndice A.3 em relacao a terceira parte do trabalho de
Dissertacao relacionado ao tema de Sensoriamento Espectral Cooperativo Distri-

buido baseado em diferentes regras de consenso.

4.1.1 Contribuicoes
As principais contribuicoes do terceiro trabalho sao:

1. Anélise sistemética das técnicas de consenso AC, WAC e WAC-AE;
2. Proposta de um método de consenso melhorado, denominado TWAC;

3. Anélise numeérica (via simulagdo Monte-Carlo) extensiva dos métodos de
consenso considerados, com o objetivo de corroborar e comparar o desem-

penho dos diferentes detetores de consenso distribuidos.

A convergéncia numérica foi tomada como uma das figuras de mérito para
andlise das técnicas de consenso. Como foi usado o ED, entao o critério de con-
vergéncia adotado foi considerar a diferenca de energia entre os SUs como sendo
AFE <1 dB. As quatro técnicas de consenso foram comparadas considerando di-
ferentes cenarios conforme o artigo anexado no Apéndice A.3 nesta Dissertacao.

Os resultados sao mostrados na Tabela 4.1.

Foram adotados quatro cenarios para simulacao como descrito no trabalho

do Apéndice A.3. O primeiro cenério (Cenario A) ¢ uma rede fixa com 6 e
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10 SUs, sujeitas a canais AWGN e valores de SNR entre [—10,0] dB. O segundo
cenario (Cendrio B) é¢ uma rede mével, com probabilidade de falha na comunicagao
de Pyr.y = 0.4. Uma probabilidade de falha de 0.4 ¢ um valor razoavel para
caracterizar a mobilidade dos SUs e que vem sendo adotado na literatura (ZHANG
et al., 2015). Foram adotados redes com 10 e 20 SUs, sujeitas a canais AWGN e
valores de SNR entre [—10, 0] dB. O terceiro cenario (Cenério C) é uma rede fixa
com 6 e 10 SUs, sujeitas a canais Rayleigh e valores de SNR entre [—2,5] dB.
O ultimo cenario (Cenario D) é uma rede movel (Pygy = 0.4) com 10 e 20 SUs,

sujeitas a canais Rayleigh e valores de SNR entre [—2,5] dB.

Tabela 4.1: Numero de iteragoes para que os métodos de consenso médio
atinjam convergéncia sob o critério AE < 1 [dB|.

Cenario  #SUs \ AC WAC WAC-AE IWAC

A-AWGN 6 4 15 5 15
(Fixo) 10 4 6 9 10
B-AWGN 10 4 6 9 10
(Movel) 20 22 25 30 31
C-Rayleigh 6 15 19 35 34
(Fixo) 10 19 11 18 27
D-Rayleigh 10 19 11 18 27
(Movel) 20 42 48 > 50 > 50

Observa-se que quanto maior o nimero de SUs na rede mais iteracoes sao
necessarias para a convergéncia final. Para o cenario A, a rede com 10 SUs
necessita de mais iteracoes do que a rede com 6 SUs; como esperado, 0 mesmo
comportamento se observa para os outros cenédrios. Na média, o método proposto
IWAC possui performance semelhante comparado aos métodos WAC-AE e WAC,

para um mesmo numero de iteragoes para convergéncia.

Nos cendrios de canais Rayleigh, todos os métodos requerem um nimero
maior de iteracao para alcancar convergéncia devido as caracteristicas do canal.
Note que nas simulacoes, consideramos apenas uma realizacao de canal e os co-
eficientes de canal de Rayleigh e a localizacao de SU foram implantados para

caracterizar a convergéncia dos detectores SS.

A Figura 4.1 representa o comportamento de convergéncia para os quatro

detectores no caso de 10 SUs operando sob canais AWGN em rede fixa.

O mesmo comportamento para a convergéncia ¢ valido para todos os detec-
tores CSS em canais Rayleigh para redes fixa e dinamica. Por exemplo, a Figura

4.2 ilustra o comportamento de convergéncia para o caso de 10 SUs operando
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sob canais Rayleigh de rede fixa, que podem ser comparados diretamente com a

convergéncia sob o comportamento de rede dinamica do canal Rayleigh (Cenéario
D).
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Figura 4.1: Convergéncia para 10 SUs e Rede Fixa em canal AWGN.

A ROC Global para os varios métodos de SS é comparada numericamente
considerando diferentes cenérios (A, B, C e D) como definidos no trabalho do
Apéndice A.3 com o objetivo de demonstrar a eficicia dos métodos de SS sob
os canais AWGN e Rayleigh. Portanto, Figura 4.3 ilustra a ROC para vérios
sensores classicos, bem como o proposto WAC considerando 6, 10 e 20 SUs, sob

canais AWGN e Rayleigh, Redes Fixas e Dinamicas.

Para uma rede de 6 SUs, os métodos WAC e WAC-AE tém desempenho se-
melhante e podem ser comparados com a regra MRC (cujo desempenho é 6timo).
O método IWAC proposto apresenta uma ligeira degradacao em comparagao com
os métodos WAC e WAC-AE, mas mantém um melhor desempenho em compa-
racao com o método AC, que possui desempenho semelhante a regra EGC. Por
outro lado, as regras cléssicas de combinac¢ao hard resultam em baixo desempenho
em comparacao com a regra de combinacao soft. Entre todas as regras classicas,
a regra OR tem o melhor desempenho enquanto a regra AND apresenta a pior

performance. Conclusao semelhante pode ser obtida observando-se a Figura 4.3
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Figura 4.2: Convergéncia para 10 SUs e Rede Fixa em canal Rayleigh.

para 10 e 20 SUs. Além disso, a mobilidade da rede nao afeta substancialmente o

desempenho da ROC de todas as técnicas de deteccao de espectro operando em
canais AWGN.

A Figura 4.4 descreve a ROC para todos os métodos CSS aqui considerados
operando em canais Rayleigh com redes de 6, 10 e 20 SUs, fixas e dinamicas.
Novamente, para 6 SUs os métodos IWAC, WAC e WAC-AE demonstram de-
sempenho semelhante quando comparado ao desempenho 6timo (regra MRC).
O método AC tem desempenho semelhante a regra EGC e, neste caso, tem de-
sempenho semelhante aos métodos MRC e WAC. Examinando-se o conjunto de
resultados para ROC, pode-se concluir que, em cenarios de canais de desvaneci-
mento, a regra OR resulta em desempenho adequado, enquanto os desempenhos
da regra AND pioram. Conclusao semelhante pode ser obtida para diferentes
numeros de SU em redes cooperativas. Finalmente, a mobilidade da rede afeta

apenas marginalmente o desempenho em termos de ROC.

Desta forma, conclui-se que as regras de consenso com pesos (IWAC proposta,
WAC-AE e WAC) tiveram desempenho muito préximo do esquema cooperativo

6timo que é baseado na regra MRC centralizada, conforme pode ser observado
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Figura 4.3: ROC Global para 6, 10 e 20 SUs em Rede Fixa e Moével operando
em canal AWGN.
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nos resultados numeéricos. A regra AC se assemelha ao esquema cooperativo
subo6timo baseado na regra EGC centralizada. As demais regras centralizadas
baseadas em hard combining possuem desempenho inferior as demais anteriores.
Para os cenérios com canal Rayleigh, houve pouca diferenca entre os detectores
analisados, tantos os decentralizados como os centralizados com pesos, devido
aos valores de SNR do canal e também pelo fato de que considerou-se para as
simulagoes a condicao de que o canal era completamente conhecido pelos SUs,
portanto, nenhuma estimacgao de canal foi realizada. Por fim, pode-se concluir
também que para a regra IWAC proposta mostrou-se ser necessario um nimero
aproximadamente igual de iteragoes para a convergéncia final comparado com as

outras técnicas analisadas.
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Figura 4.5: ROC Local e Global para 6 e 10 SUs sujeitos a canal AWGN -
Cenario A.

Finalmente, a Figura 4.5 demonstra o ROC local (distribuida) para o método
IWAC proposto, considerando apenas o Cenario A (6 e 10 SUs em um canal
fixo AWGN). A expressao analitica é dada no trabalho do Apéndice A.3. e foi
comparada com os resultados numéricos por simulacao Monte Carlo.

Conclui-se que para o cenario A, Figura 4.5 demonstra um ajuste adequado entre

os resultados simulados de Monte Carlo e a expressao analitica, evidenciando que
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o conjunto das equacoes descritas no Apéndice A.3. é uma descricao analitica

valida para caracterizar a ROC para o método IWAC.
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5 Conclusoes

5.1 Conclusoes Gerais

Foram desenvolvidas trés diferentes abordagens nesta Dissertacao. Todas estao
relacionadas ao tema de Sensoriamento Espectral em Redes Cognitivas. O pri-
meiro trabalho de investigacao relaciona os principais sensores em Redes Cogniti-
vas para sistemas Monobanda, Multibanda e Cooperativos. O segundo trabalho
analisa o compromisso entre o Tempo de Sensoriamento e a Vazao e sua solucao
a partir de um problema de otimizacdo convexa. Por fim, o terceiro e tltimo
trabalho propoe uma nova técnica de Sensoriamento Espectral Cooperativo Dis-
tribuido caracterizando e comparando-a com técnicas existentes na literatura,

incluindo técnicas classicas em redes cooperativas.

5.2 Conclusoes - Sensoriamento Espectral em Re-
des de Radio Cognitivo

A primeira parte deste trabalho de Dissertacao analisa técnicas de sensoriamento
do espectro (SS) em sistemas de radio cognitivo (CR) monobanda (SB); foram
exploradas cinco técnicas basicas: ED, MF, detector cicloestacionario, detector
de covariancia e o detector baseado em autovalores. Em termos de complexidade,
o detector de energia (ED) oferece um menor custo computacional. Entretanto,
o ED apresenta baixo desempenho quando operando em baixa SNR, sendo por
isso um detector pouco robusto as incertezas do ruido. Por outro lado, o MF pos-
sui desempenho 6timo quando operando em canais AWGN, porém, o MF requer
informacoes do sinal do PU, que geralmente nao estao disponiveis ao SU. Como
alternativa, o detector cicloestacionério resultou em desempenhos superiores em
termos de probabilidade de detecao (F,) versus probabilidade de falso alarme (Py)
ou ainda SNR versus numero de amostras (Ny), mostrando-se mais robusto que
o ED; ademais, o detector cicloestacionario requer que o sinal do PU contenha

a propriedade cicloestacionaria, isto é, mantenha suas propriedades estatisticas
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em periodos ciclicos o que permite diferenciar o sinal do PU do ruido térmico.
No entanto, o detector cicloestacionario apresenta maior custo computacional em
comparagao ao ED. Finalmente, os detectores de covariancia e o de autovalores
sao baseados nas medidas de correlacao do sinal do PU, oferecendo um SS ro-
busto e pouco dependente de informacgoes do PU; no entanto para a obtencao de

desempenhos adequados, estes detectores devem operar em SNR mais elevadas.

5.3 Conclusoes - Compromisso Tempo de Sensori-
amento versus Vazao em Redes de Radio Cog-
nitivo

O segundo trabalho abordou um problema de otimizacao para lidar com o tempo
de sensoriamento versus vazao em uma CRN com um PU e um SU sob um es-
quema de SS-SB utilizando o detector de energia (ED). O problema de otimizacdo
equivalente e simplificado (STO) resultou convexo e nao-linear na variavel 7, pos-
sibilitando assim ser resolvido facilmente a partir de qualquer ferramenta compu-
tacional de otimizacao, garantindo a obtencao do 6timo global. Neste contexto,
utilizou-se a fungao fmincon do MATLAB Optimization Toolbox. Os resultados
numéricos discutidos mostram que o ponto de maximo ¢ um 6timo global e a

funcao objetivo ¢ uma funcao céoncava garantindo a solucao do problema.

5.4 Conclusoes - Sensoriamento Espectral Coope-
rativo Distribuido em Redes de Radio Cogni-
tivo

O terceiro trabalho analisa o desempenho de metodologias de CSS distribuido
baseadas em regras de consenso, incluindo uma nova técnica melhorada (IWAC)
em comparacao com técnicas existentes na literatura, tais como, as técnicas dis-
tribuidas baseadas em consenso (AC, WAC e WAC-AE), técnicas centralizadas
baseadas em combinagao soft (MRC e EGC) e técnicas de combinagao hard (AND,
OR e Majority). Observou-se que as regras de consenso com pesos (IWAC, WAC-
AE e WAC) tiveram desempenho muito proximo do esquema cooperativo 6timo
que ¢é baseado na regra MRC centralizada, para um mesmo nimero de iteragoes

para a convergéncia final e mesma complexidade computacional.



35

Apéndice A - Trabalhos Desenvolvidos

Neste Apéndice sao apresentados os trabalhos desenvolvidos desde o inicio do
Mestrado Académico. O primeiro trabalho foi publicado na forma de capitulo de
livro, cujo tema explora as diversas técnicas utilizadas no SS em CRNs. O segundo
trabalho foi publicado na categoria artigo de conferéncia, cujo foco consiste da
otimizacao do tempo de sensoriamento em redes CRNs, permitindo aumentar a
vazao de informacoes de um SU. J& o terceiro trabalho foi submetido como um
artigo completo para revista. Este full paper trata do CSS distribuido baseado
na técnica de average consensus e possui diversas vantagens em comparagao ao

CSS centralizado.

A seguir sao apresentados os trés trabalhos formatados, na ordem temporal

em que foram desenvolvidos.
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A.1 Sensoriamento Espectral em Redes de Radio
Cognitivo

Titulo:  Spectrum Sensing Techniques in Cognitive Radio Networks:
Achievements and Challenges;
Autores: Aislan Gabriel Hernandes, Ricardo Tadashi Kobayashi and
Taufik Abrao;
Categoria:  Book Chapter
Publicagdo: 2016 (online); 2017 (impresso)
Livro: Introduction to Cognitive Radio Networks and applications
Editora: CRC, Taylor and Francis Publication Group, USA

Resumo das Contribuigoes: as principais contribuicoes deste trabalho foram
desenvolvidas nas segoes 4.3.6, 4.4.5 e 4.5.3 do texto a seguir, na qual é feita
a comparacao entre os diversos detectores monobanda em termos de ROC, a
comparac¢ao entre os principais detectores MB sumarizada na forma de tabela,
bem como a comparacao entre os principais esquemas cooperativos também é

discutida, sendo sintetizada na forma de tabela.
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4.1 Introduction

The usage of wireless communication resources, mainly energy and spectrum, has
increased tremendously in the recent past. Considering its scarcity and misuse, spectrum
becomes an even more important and challenging resource to deal with. Spectrum is a
natural resource that has suffered even more limitation thanks to the growth of numerous
services such as social networks, video streaming, and cloud storage. Another contributing
factor is the geographical location of services. Indeed, there are many geographical areas
where communication systems do not make usage of specific bandwidths (BWs) and/or
these BWs are only partially used, featuring a misuse or inefficient use of the spectrum.

One of the most important parameter related with the use of spectrum is the spectrum
efficiency (SE). In the last few years, many techniques and methods have been proposed to
improve the SE, including the capacity and performance of the wireless systems. A prom-
ising solution for this challenge is the cognitive radio (CR) concept [1] that allows licensed
or primary users (PUs) and nonlicensed or secondary users (SUs) to share the same spec-
trum. In this scheme, SU accesses the spectrum of PU without causing harm to the PU
operation; it is called the underlay scheme. Alternatively, the SU can occupy the licensed
spectrum when the PU is absent, which is known as the overlay scheme; in this context, the
SU is seen as an opportunistic user. CR has been one of the promising access methods for
future 5G communications; it is an intelligent radio that can be reconfigured dynamically
and basically operates in sensing and sharing the spectrum.

Spectrum sensing (SS) is the ability of the radio systems to detect an idle portion of the
spectrum or any busy licensed band that allows its usage for SU, depending on the con-
straints of the PU. Spectrum sharing is the momentary utilization of a portion of spectrum
by SU without causing interference to the PU [2].

During sensing, the CR must reliably detect the presence of PUs without causing any
interference to them. There are many ways to detect the presence or absence of a PU in a
portion of spectrum, starting with a hypothesis, constructing a statistic test, and, based on
this, comparing the signals at a threshold level. The simplest and low computational com-
plexity SS is by energy detection. The main disadvantage of the energy detection method is
its high noise sensitivity. There are many other kinds of detectors, such as coherent detec-
tor [matched filter (MF)], feature detector [cyclostationary (CS)-based sensing], covariance
matrix detector, and eigenvalue-based detector [34].

Another important task carried out by CRs is the spectrum handoff (SH) [5]. Whenever
a PU returns to its operation, the SU using the PU band must switch its channel to a free
one, to avoid interfering the PU. This procedure should be implemented carefully to avoid
disturbance to SU communication. There are two types of SHs: reactive and proactive [3].
In the reactive handoff, SU would sense other available channels when the PU returns
and waste some time sensing the spectrum again. On the other hand, in the proactive
handoff the SU has a list of candidate channels to access once the PU returns, i.e., the SU
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constructs a list of available channels and accumulates data records about the behavior of
the PUs in order to predict which channels are going to be available for future access. The
SH in CRNs depends on the behavior of the PUs. This is a major challenge since the PUs,
behavior is random.

We can expand the concept of singleband CRNs (SB-CRNs) to multiband CRNs
(MB-CRNps) [3]. MB-CRNs have recently received much attention from several research
organizations, as they can significantly enhance the SUs throughput. With MB-CRNs, the
SU not only has a set of candidate channels, but can also reduce handoff frequency and
data interference due to the return of PUs.

MB-CRNs sensing can be proceeded by serial-SS or parallel-SS techniques [3]. In serial
spectrum sensing (SS), any singleband (SB) detector using a reconfigurable bandpass filter
(BPF) or a tunable oscillator sweeps the entire spectrum sequentially. In parallel SS, a filter
and detector band structure working in parallel allows it to sense the entire spectrum more
rapidly. In this chapter, we focus on the following MB-SS techniques: angle-based sensing
(AS), compressed sensing, and wavelet sensing, which have gained more research interest and
attention in the last few years [3].

Two hybrid schemes that can be used jointly with CRNSs are cooperative relays [6] and coop-
erative SUs [3], which provide spatial diversity, i.e., analogous to multiple inputs multiple
outputs (MIMOs). Through the use of cooperative networks, destructive effects of wireless
channels, such as fading, path loss, and shadowing can be minimized. Spatial diversity of
cooperative networks is called macrodiversity, since the distance between relays and/or
SUs is in order of meters. On the other hand, spatial diversity of MIMO is called microdi-
versity because the distance between antennas is comparable with wavelengths, consider-
ing the carrier frequency.

There are many schemes and protocols in cooperative communication such as relays, coop-
erative secondary users (coop-SUs), and cooperative spectrum sensing (CSS) [3]. The frequently
used ones are amplify-and-forward (AF) and decode-and-forward (DF) [3] in the relay network,
and hard and soft combined with or-and-majority rules in coop-SUs scheme. The AF relay is
the simplest scheme which receives a signal version of the source node in a first time-slot,
while an amplified version of it is sent by the relay node to the destination node in a sec-
ond time-slot. This scheme is known as transparent relaying protocol because the relay does
not modify the information represented by a known waveform. In contrast, the DF relay
scheme decodes the received signal at relay node coming from the source node, and then
re-encodes and retransmits it to the receiver node. This scheme is known as regenerative
relaying protocol because the information (bits) or waveform (samples) is modified before
being retransmitted by the relay node. This procedure requires digital baseband operations
and thus more powerful hardware. The advantage of the AF relay scheme is its simplicity,
but the disadvantage is the amplification of the input noise along with the source signal.
The DF relay scheme has the advantage of decoding; therefore the noise is not amplified.
The disadvantage of the DF relay scheme is that if the signal received by the source node
is not decoded correctly, the cooperative communication has to be instantly interrupted.

In CSS scheme, hard combiner is simply the sum of decision of all SUs in the network, i.e.,
the SUs send the final one-bit decision to the other SUs. In soft combining, the SU shares its
original sensing information or original statistical test weighted by a factor that matches
the importance of the decision of each SU.

One of the most used transmission systems in conjunction with CR method is the orthog-
onal frequency division multiplexing (OFDM) because it allows more flexibility for spectrum
allocation. OFDM technique splits a user data stream into several substreams, which
are sent in parallel to several subcarriers, obtained by splitting the total BW in narrower
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channels. The OFDM for multiple access called orthogonal frequency division multiple access
(OFDMA), also known as multiuser OFDM (MU-OFDM), allows choosing which users will
be allocated to which subcarriers in each time-slot. Currently, OFDMA technique is the
basis of many operating technologies, e.g., IEEE 802.16 (WiMax) and 3GPP LTE-Advanced
used in 4G systems [7,8].

Another important issue in current and future efficiency-based communication sys-
tems and methods is the energy efficiency (EE). In CRNs, improving EE poses a challenging
problem, because it focuses on optimizing SE and EE jointly. What parameter needs to be
sacrificed for the overall system to achieve satisfactory EE: QoS, fairness, PU interference
increasing, network architecture, security?

In the CRN context, it is noteworthy that on the one hand, PUs put strict requirements on
the interference and channel usage by the SUs; on the other hand, the SUs expect high QoS
from the operator at a lower cost; finally, the operator desires to operate at low-operating
and low-management costs [9], which represent a challenging and complex optimization
problem.

The rest of this chapter is organized as follows. In Sections 4.2 through 4.2.3, the main
concepts and principles associated with CRNs are explored. The main SB-SS detectors
are discussed and compared in Section 4.3. Recent MB-CRNs concepts and methods are
examined in Section 4.4, while cooperative CRNs are put into perspective in Section 4.5.
Final remarks and perspectives are offered in Section 4.6. Lists of symbols and acronyms
used across this chapter are shown in Tables 4.1 and 4.2, respectively.

TABLE 4.1

List of Symbols

Symbol Note

a Cyclic frequency

B Bandwidth

C Capacity

F Frequency

r Signal-to-noise ratio (SNR)

G Effective throughput

h.q Channel coefficient between relay and destination
hq Channel coefficient between source and destination
h, Channel coefficient between source and relay

H,y, H, Free and occupied channel hypotheses, respectively
A Threshold

My q Addictive Gaussian noise between source and destination
n, Addictive Gaussian noise between source and relay
N Number of samples

(531 Noise power

P Power

Py Detection probability

P; False-alarm probability

Prax Maximum eigenvalue

Prmin Minimum eigenvalue

S Signal

T() Statistic test
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TABLE 4.2

List of Acronyms

Acronym Expansion

AF Amplify-and-forward

AWGN Additive white Gaussian noise

CS Compressive sensing

CRN Cognitive radio network

CWT Continuous wavelet transform

Ccss Cyclic spectral density

DF Decode-and-forward

ED Energy detector

EE Energy efficiency

MF Matched filter

MIMOs multiple inputs multiple outputs

MME Maximum-minimum eigenvalue ratio

MB Multiband

OFDM Orthogonal frequency division multiplexing

OFDMA Orthogonal frequency division multiple access

QoS Quality of service

PSD Power spectral density

PU Primary user

ROC Receiver operating characteristic

SB Single band

SE Spectral efficiency

SNR Signal-to-noise ratio

SH Spectrum handoff

SS Spectrum sensing

SU Secondary user

WMM Wavelet modulus maxima

WMP Wavelet multiple product

WMS Wavelet multiple sum

WSS Wavelet spectrum sensing
I

4.2 Spectrum Sensing: Concepts and Principles

Spectrum idles must be sensed by the SU for opportunistic spectrum access. Successful
SS allows the overlay access scheme. Let us first consider the most simple case of SS, in
which the channel can be used by its PU. From a given observation, the SU must determine
whether or not the spectrum is occupied [3,4,10], which implies two hypotheses, i.e, when
the channel is free and when it is occupied:

Ho:y:n

Hi:y=x+n @1

When the channel is free, only additive noise will be observed on the SU side, i.e, y =1,
characterizing the hypothesis H,. However, if the channel is being used, the SU will sense
the PU signal x plus the noise n, hence hypothesis H; will be taken. It is noteworthy that x
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contains the message of the PU and effect of the wireless channel on it. To decide between
the two hypotheses, the SU receiver evaluates a test statistics T(y) based on its observed
signal and compares it with a specific threshold A:

{HO : T(y)<A @)

Thus, spectrum idles are identified when T(y) is above its threshold and is considered
free otherwise.

Although SS may seem a simple task, it still remains a challenging area for CRNS.
Important and remaining open issues on SS include the following;:

* A more reliable detector than the traditional detectors is required, because any
missed-detection creates unacceptable interference among SUs and PUs.

¢ To identify a spectrum hole a wider BW needs to be sensed, e.g., 4G mobile com-
munications use up to 20 MHz BW and one channel less than this cannot be used.
Thus, different bands experience different signal propagation characteristics, while
the design of a detector with suitable performance becomes a challenging task.

¢ The classical sensing/detection techniques may fail in CRNs, because the knowl-
edge of PUs, parameters at SUs is restricted, while computational complexity and
implementation cost are the other restricted factors.

4.2.1 SB-Sensing versus MB-Sensing Techniques

SB-sensing technique allows the SU to detect a PU in an SB-spectral sensing environment,
with the possibility to use this band to transmit. This provides a better use of available
spectrum, since it is a scarce resource nowadays. MB-sensing technique is the extension of
SB sensing to many bands (Figure 4.1). The main benefit in operating under MB-SS is the
increased system throughput while reducing the SH, which is challenging in CRNSs. Indeed,
when an SU needs higher throughput or has to maintain a certain quality of service (Qo0S), it
may naturally transmit over a larger BW available by accessing multiple bands.

In MB sensing, the wideband spectrum is divided into M nonoverlapping subbands as
shown in Figure 4.1. For simplicity, one can assign the same BW value for all subbands,

& rsD [W/HZ)

| — — Free spectrum|

PU4

h LB ks fe s s

FIGURE 4.1
Multiband spectrum, considering M = 8 and unequal subband sizes, i.e., B,, # B,.
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B, = B, =---= B),. The main task for the SU sensing is to determine which subchannels are
available for the spectrum access. This is, in general, a challenging task, since the avail-
able bands are not necessarily contiguous, and the activity of the PUs might be correlated
across these bands.* In addition, each particular band is considered occupied even if only
a small portion of it is being used.

In Figure 4.1, the wideband spectrum is divided into unequal subband (or subchannel)
sizes. Thus, the problem becomes an MB detection problem. Hence, when an SU needs to
minimize the data interruptions due to return of PUs to their respective priority bands, a
seamless handoff from one band to another becomes a vital feature to guarantee QoS. As
a consequence, in MB-CRN the SUs are provided with backup channels, since such chan-
nels have already been accessed. Hence, under MB-CRNSs, SUs do not only have a set of
candidate channels, but MB mode also allows handoff rate reduction.

4.2.2 Noncooperative versus Cooperative Sensing Techniques

* (SSis conceived and implemented to enhance the performance of SB noncoopera-
tive detectors. In CSS, the SUs help the network, sensing the spectrum and shar-
ing the sensing results with other SUs. Cooperative sensing scheduling is the case
where sensing scheduling is performed in a way that leverages the sensing perfor-
mance by selecting the best set of cooperating SUs for each channel. On the other
hand, in noncooperative wireless networks the SS procedure may be impaired
because of the fading channel effects or due to unknown noise. There are many
methods to combine the signals arriving at the receiver. In this chapter we discuss
two classes of cooperative schemes: cooperative relay and cooperative SS.

* The cooperative relay scheme allows increasing the diversity using relay node,
which retransmits the signal to the destination. Such methods boost the prob-
ability of detection and lower the probability of false alarm by utilizing the
diversity of the measurements from multiple SUs. In addition, or-and-majority
rules with hard or soft combining are usually deployed to construct hypothesis
testing in CSS.

¢ Even considering the large number of channels to be sensed and the minimum
number of sensing SUs for each channel, plenty of SUs should perform sensing
all over the service area at any time. However, if almost all SUs perform sens-
ing continuously, enormous energy expenditure is expected, reducing the SU bat-
tery lifetime. Therefore, the channels to be sensed as well as the set of SUs that
should sense each channel must be selected carefully [11]. Cooperative sensing
procedures are responsible to do this selection effectively in order to improve the
performance of the CRNs. Cooperative and relay cooperation techniques for SS
are treated in more details in Section 1.5.

4.2.3 Spectrum Handoff

In the context of CRNs, the SH consists band changing by the SUs due to return of PUs at the
licensed band that was being momentarily used by the SUs. When this happens, there are
two possible scenarios. First, the SU remains in the band on silent mode until the PU evacu-
ates the band. Second, the SU moves to another channel. The first scenario is inefficient

* For instance, the primary users in wireless local area networks (WLAN) and broadcast television.
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because the SU does not know how long the PU would be active. In the second scenario, two
different methods can be implemented for sensing the band: reactive and proactive.

In the reactive method, the SU would again sense to detect other available channels
when the PU returns. This way the SU wastes some time sensing the spectrum even if the
sensing occurs instantaneously. The target channels are sensed in a demand manner. In
the proactive method, the SU makes the target channel ready for SH before transmitting
any information. In this method, the SU periodically observes all channels to obtain chan-
nel statistics and detects the possible candidate set of idle channels.

In the context of CRNs, the SU throughput and handoff delays are two major parameters
of interest for comparing different handoff techniques. The main feature of the spectrum
searchers is to initiate a fast and smooth handoff, to avoid performance degradation while
reducing the time during SH, namely handoff delay.

Another way to define SH is the cell-based SH, i.e,, in the macroview context. There are
two major types of SHs in the cell-based type: intracell SH and intercell SH. The intracell SH
occurs commonly in the wireless regional area networks” (WRANSs) internal cell, when the
PU appears or when the SU QoS decreases in a specific band. On the other hand, the inter-
cell SH generally occurs when the mobile cognitive user (SU) is moving from one WRAN
cell to another WRAN cell.

Efficient schemes for fast and smooth handoff are discussed in [5,12]. Generally, the SH
degrades SUs performance because of the interruptions that cause delay in the transmis-
sions. Maheshwari and Singh [5] discuss new techniques that allows a fast and smooth SH,
such as those based on queueing theory, fuzzy-based, neural networks, support vector machines
(SVMs), and hidden Markov model (HMM).

4.3 SB-SS Detectors

This section explores the fundamentals of SB-SS, covering the most widespread sensing

techniques found in literature, including energy detector (ED), MF, covariance detector,

CS detector, and eigenvalue detector. The features, operation, and performance are cov-

ered under these classical SS techniques. Sensing performance will be discussed through

Monte Carlo simulations and theoretical performance will be presented, whenever it is

available considering, for simplicity, additive white Gaussian noise (AWGN) channels.
For this section, let us consider the following model for SS

{Ho : y(n)=mn(n) @“.3)
Hy: o y(n)=x(n)+n(n)

where y(n) is a vector containing N observations made at distinct times by the SU receiver,
x(n) is the PU signal, which is probably affected by the channel between the PU and SU,
and n(n) is the zero mean, variance 62, n-power AWGN on the SU receiver. In this case, the
terms on Equation 4.3 are

y(m)=[ymym-1)y(n-2)..yn-N+1T,
x(n) = [x(n)x(n 1)x(n =2)..x(n -N + D]", 44

n(n) = MM -Inmn-2)..n(n-N +1]".



Spectrum-Sensing Techniques in Cognitive Radio Networks 53

Hence, SS is carried out by the SU through its observations y(7), which will be compared
with a specific threshold A

{HO :T(y(n)) <M ’ @5)
Hy:T(y(n))=A

where H, implies on free spectrum and H; on occupied channel. When the threshold is
reached, i.e., (y(n) > A, there are two possible outcomes in an SS:

e D= Pr(y(n) >\| H ), the false-alarm probability, i.e., the probability of an SU not
detecting an idle channel. Misleading spectrum detection comes, mainly, from
noisy measurements

e P= Pr(y(n) >A|H, ), detection probability, i.e, correct detection probability

The detector performance can be characterized by curves. Hence, it is straightforward
that a spectrum sensor should operate with a high detection and low false-alarm prob-
abilities. The most common way of characterizing an SS technique is through receiver
operating characteristic (ROC), which is a P; X F; curve. Given the definitions of B and F;,
one can conclude that it is very desirable that an ROC curve converges to a step function.

In the following section, the main SS detectors are characterized and compared in terms
of ROC curves. Hereafter, for the sake of simplicity, let us drop the discrete time index (n),
resulting in y(n) = y, x(n) = x, and n(n) = n.

4.3.1 Energy Detector

When the SU does not have prior knowledge of the PU’s transmitted signal, the ED is a
suitable choice. It simply computes the energy of the received signal over a time period
associated with N samples and within the predefined BW. This detector does not require
the channel gains and other parameter knowledge or estimates, while holds a low design
cost, as shown in Figure 4.2. However, its performance degrades substantially with noise
power and/or increasing interference, i.e., when the ED operates in a low SNR region.

4.3.1.1 Statistic Test and Threshold Level
The test statistics for a typical ED is expressed as [3]

y
TED (y): H 2F, (4.6)
n
AWGN channel Spectrum sensing

r-—— rmm——-—-————————_—_——_——_——_———_——— - -

| Lo —1 !
signal B i U i processing — | Ho
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. Noise|

FIGURE 4.2
General singleband detection topology for spectral sensing purpose.
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where Hny: is the Frobenius norm, N is the number of samples, and ¢ is the noise power.
The numerator of Equation 4.6 represents the received energy power, ¢,. In practice, one
cannot dispose off the actual received energy power. Instead, the ED uses the following
approximation [13]

where as the number of samples N becomes large, by the law of the large numbers, €,
converges to €,. After evaluating the T""(y), it is compared with a threshold to satisfy a
given target false-alarm probability P; and a given SNR vy

AP (y)=[Q7(B)+ 1]y, @7)

where Q7'() is the inverse Q function.

4.3.1.2 Performance Analysis

Considering AWGN channels and a given threshold A, specified by SNR, the number of
samples N and target false-alarm probability P, the theoretical detection probability can
be described as [4]

F(NB’Q) 4.8)
4T Ty |

where B is the total BW, the function I'(,;) is the incomplete Gamma function. However,
through the central limit theorem, the detection probability can be simplified to

P = Q(ﬁ[@‘l(ﬂ)—\/ﬁv])- 4.9)

The performance of ED in SS applications under SNR € [-30; —15] [dB] is depicted in
Figure 4.3. One can observe that with N = 1000 samples, the ROC curve (a) is far from the
ideal, even for SNR = —15 [dB]. It should be remarked that spectrum sensors should operate
reliably under low SNR, in order to avoid interference in case of misleading SS. In Figure
4.3(b), it can be seen that high detection probabilities are reached for SNR values superior
to —10 [dB]; hence, more samples are required if the detector is to operate under lower SNR
values. Finally, in Figure 4.3(c) it can be pointed out that, setting a low false-alarm prob-
ability, the ED requires around N = 10" samples to reach high detection probability, when
operating under SNR values higher than —15 [dB].

4.3.2 Matched Filter

When the SU has a perfect knowledge of PU signal structure, e.g., modulation type, code,
and wave shape, it can correlate the receive signal with a known copy of the PU signal.
In this scenario, the MF or coherent receiver is the optimal detector which maximizes the
SNR in the presence of AWGN. However, its computational complexity is excessively high
while its performance decreases as the channel response changes quickly, i.e.,, under short
coherence time in fading channels scenarios.
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FIGURE 4.3

Energy-detector performance in terms of detection and false-alarm probabilities, as well as number of samples

N, operating under AWGN channels. (a) ROC @ N = 1000; (b) P; x SNR, @ N =

4.3.2.1 Statistic Test and Threshold Level

1000; () Py x N, @ P, =

0.1.

To determine whether or not the spectrum is occupied, the MF evaluates the following

test [3]

4.10)

™ (y)=R[x"y],

which correlates the transmitted signal with the received one, where R[] is the operator
real part and ()" is the Hermitian operator. After calculating T"" (y), the detection sensing
compares it to a specific threshold for the MF, which is defined, for AWGN, as

M =Q7 (R)JNY.

Thus, the MF threshold is a function of the number of samples N, SNR y and the target
false-alarm probability P. Figure 4.2 depicts a general topology for the MF detection, with
statistical test and threshold given by (10) and (11), respectively.

@.11)
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4.3.2.2 Performance Analysis

If the the MF-SS detector operates under AWGN scenarios, the theoretical detection can
be expressed by [4]

xMF
JNY

Figure 4.4 shows the MF performance considering different perspectives, i.e., graphs of
the ROC, P; xSNR and P; X N. In these figures, continuous lines represent the theoretical
performance, while markers represent simulated performance. In (a), one can observe that
the ROC converges rapidly to its optimal point, e.g.,, with a SNR y = 20 [dB] the probability
of detection is higher than 90%, while the probability of false alarm is just 5%. In (b), it can
be observed that the probability of detection converges to 1 around y = —20 [dB], consider-
ing only N = 1000 samples. Also, (c) shows that N = 1000 samples are enough to perform
reliable SS in such a way that false-alarm probability is quite low.
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Matched-filter performance operating under AWGN channels. (a) ROC @ N, = 1000; (b) P; x SNR, @ N, = 1000;

(© Pyx N, @P;=0.1.
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4.3.3 CS Feature Detector

To perform a reliable SS, the CS detector takes advantage of the knowledge of the second
moment statistics of the PU signal. If the PU signal presents periodic statistical properties,
i.e., periodic mean and autocorrelation, the received signal on the SU side also features
periodic properties in the CS sense. Since white noise is, generally, uncorrelated in time,
this detector can easily verify if a CS signal is present on a given spectrum band. However,
if the noise is correlated in time, CS detection may require a higher sample rate, which is
a concerning drawback, as it increases the sensing complexity. Hence, if the PU signal is
known to present statistical periodicity, CS detection can be used to perform SS in a CRN.

In order to determine whether or not a signal is CS, the spectral correlation density or
cyclic spectral density (CSD) function must be evaluated. The evaluation of CSD is based
on the cyclic autocorrelation of the signal y

Ry (1)=B[y()y(H)e™™ ], “13)

which forms the following Fourier transform pair

S¢(f)= JR;" (t)e 2 dr, 4.14)

where S; is the power spectral density (PSD) of y(t). Alternatively, the SCD function can be
obtained, for example, using the FFT accumulation method (FAM) [14], which uses two FFT
blocks to estimate the SCD of a given signal in order to get a better SCD approximation.

4.3.3.1 Statistic Test and Threshold Level

The CS statistics test and threshold for the SS problem under AWG noise are given, respec-
tively, by [15]

T (y)=max(S; (f)), (4.15)

4 1
A = [ O] |, 416
207 (Pf) (410

where 62 is PU signal variance and 62 is the noise variance.

and

4.3.3.2 Performance Analysis

The detection probability is defined as [15]

Pi®=Q, [max(S;‘ Y )),kcs ] 4.17)

C1 01
where Q,,(-;) is the generalized Marcum Q-function [16] and variance

e sle
02="5" 14 2)4 2)|.

2 2 2
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Figure 4.5 shows the CS-simulated performance considering different parameters, i.e.,
graphs of ROC, Py xSNR and P; xN. In (a), the ROC considering y = -15 dB and P =0.1
shows a probability of detection P; = 0.53. Besides, in (b) if the P; =0.1 and y = -15 dB,
the probability of detection is around Py = 0.5, and for a SNR y <-15 dB the performance
decreases rapidly, becoming very poor around y ~ -30 dB. Finally, in (c) the CS detec-
tor shows that it must operate under N =10° samples for a SNR of y = 15 dB in order
to achieve a near-optimal performance, i.e., operate with greater number of samples and
excessive computational processing.

4.3.4 Covariance Matrix Detector

Covariance sensing determines whether or not the channel is being occupied, based on the
covariance matrix of the observed signal, considering L temporal lags. In this case
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Cyclostationary-detector performance under AWGN channels. (a) ROC @ N, = 1000; (b) Py x SNR, @ N, = 1000;
() Pyx N, @P;=0.1.
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where y(n), X(n) and fi(n) are windowed versions, of length* N < L, of the received SU
signal, PU signal x and the SU side noise n. More specifically

[y 1) y(n-2),.. y(n—L+1)]T,
)=[x(n) ) x(n-2),...,x(n-L+1)], 4.19)
)=[n(n) ) n(n-2),...n(n-L+1)] .

Since SS is proceeded with a finite number of samples, the covariance matrix of y can only
be estimated. The reason for windowing y into y is to obtain a better covariance matrix esti-
mate just for L lags, instead of a poor covariance matrix over N lags. Hence, L is associated
with the covariance matrix estimation quality and is usually referred as the smoothing fac-
tor. Considering these observations, we define the following estimated covariance matrices

R, (N)= Y 5(m)3(n)", (420
and n=td
RX(N):;] Y x(mx(n)". @.21)

Finally, taking the noise as uncorrelated in time
R, =R, +071;. @.22)

It is known that x is probably correlated in time," thus R, is not diagonal. Hence,
covariance-based detection verifies if the covariance matrix of the received signal is diago-
nal or not.

4.3.4.1 Statistic Test and Threshold Level

Based on the previous observations, a straightforward test is

T
TV(y)=—", (4.23)
T
where the expressions for T; and T, are given by
1 L
T, = LZ Z;ll\rnml, (4.24)
and
1 L
== Ton| - 4.25
L Zn:l’ ‘ ( )

Thus, if T, /T, =2 A°Y the spectrum is occupied and if T; /T, < A°°" it is idle. Finally, given
a target false-alarm probability, the threshold can be obtained as

* Since Y(n) is a windowed version of y, L < N.
* Mainly due to the carriers of transmitted signals and due to time dispersion introduced by the channel (multi-
tap channel).
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_1+(L-1) |/(2/Nm)
1-Q7(R)y(2/m)

}\ICOV

(4.26)

4.3.4.2 Performance Analysis

Though many analytical formulas for covariance SS performance are available in the lit-
erature, unfortunately, such formulas are just approximated expressions. Zeng [17] pro-
posed the following approximation for the probability of detection of covariance detector

1 'YYL 1
AV +1
PV =1-Q Y , 4.27)
J2/N
where
L-1
2§ (L=DE[x(n)x(n-1)]
Y, =— , (4.28)
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FIGURE 4.6
Covariance detector performance. (a) ROC @ N, = 1000; (b) P; x SNR, @ N, = 1000; (c) Py x N,, @ P; = 0.1.
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is a measure of temporal correlation of the PU signal. Since the analytical performance avail-
able in the literature is inaccurate, next section will present only simulation results. Figure 4.6
depicts the performance of the covariance detector. First, it can be observed in (a) and (b) that
the detection probability may not be as high as expected for SNR lower than y = -15 [dB]. It
should be pointed out that the covariance detector does not require SNR estimates; however,
if the second statistical moment is poorly estimated, the performance of the covariance detec-
tor will be impacted negatively. Through Fig. 4.6(c) one can see that N = 2000 samples are
enough to reach a high detection probability (>0.9), given 10% of false alarm and y = -15 [dB].

4.3.5 Eigenvalue Detector

The eigenvalue detector can exploit the eigenvalue structure of the covariance matrix of PUs
signals. The ratio between the maximum and minimum eigenvalue of the covariance matrix of
receiver signal vector (PUs signal vector) is compared with a specific threshold. Nevertheless,
if the correlation of the PUs signal is zero (white noise feature), the detection may fail.

The eigenvalues of a covariance matrix of a signal can reveal some of its characteristics.
If the eigenvalues are similar, it is very likely that the matrix is well-behaved, tending to
a diagonal matrix. The eigenvalue detector exploits this feature, i.e., for the idle channel,
a diagonal Ry, matrix will be generated due to white noise temporal decorrelation feature
for lags other than zero.

4.3.5.1 Statistic Test and Threshold Level

First, the SU must estimate the correlation matrix of y using Equation 4.20. Then the
eigenvalues of R, are evaluated in order to proceed with the test, which is given by the
maximum-minimum eigenvalue (MME) ratio

TVME (y)= ‘;“—%X , 4.29)

where p.x is the maximum and p,, is the minimum eigenvalue of covariance matrix of

the received signal. Fixing a target false-alarm probability, the threshold for this sensing
technique is written as [18]

}\’MME _

F'(1-PR) |, (4.30)

[\/ﬁ+\/fT 1+(\/ﬁ+\/f)_§
YN VL (NL)s

where F(-) is the cumulative distribution function (CDF) of Tracy-Widom distribution.*

4.3.5.2 Performance Analysis
For the MME test, the detection probability is given by
) MME (\/ﬁ_\/z)z —u

PMME=1-F . , (4.31)

* Tracy-Widom distribution is the limiting law of the largest eigenvalues of random matrices and has no closed
form for the CDF function [19,20].
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1/3
2 1 1
where u=(+VN-1++L) and v=(vN-1++JL)———+—=| . Numerical results per-
h=( ) ( ) IN-1 JL P

formance for eigenvalue detector are presented in Figure 4.7. It can be observed through
Figure 4.7(a) and (b) that the detection probabilities converge rapidly for y > —15 [dB], while
(c) corroborates that N = 1000 samples are enough to perform a reliable SS, given a target
false-alarm probability as low as 10%.

4.3.6 Performance Comparison of SB-SS Methods

* There is no detector to confirm that the performance is better than others in all
channel and system scenarios. The choice of the detector depends on many fac-
tors, such as how much information SU has about the PU signal, SNR level, and
signal processing resource availability.

¢ ED is highly indicated when no prior knowledge about the PU is available and
when the performance is not much affected by uncertain noise, i.e., the system
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FIGURE 4.7

Eigenvalue detector numerical simulation performance under AWGN channels. (a) ROC @ N, = 1000; (b) P; x
SNR, @ N, = 1000; (c) Py x N,, @ P;=0.1.
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operates in not-so-low SNR. This detector results in low computational complex-
ity compared with other SS detectors analyzed in this chapter.

The MF (coherent detector) is used when the SU has full knowledge of the PU
signal, i.e., when the SU knows about modulation, wave format, codification, and
other PU features.

A CS detector is used when the SNR is quite low and knowledge regarding the
PU signal is partial. In this situation, the CS detector has better performance and
robustness, substituting ED with advantage in performance. However, this detec-
tor has a high computational complexity and some parameters must be known
by the detector, such as cycle prefix or cycle frequency. In addition, the PU signal
must present the CS statistical properties.

Covariance matrix (cov) detector is based on the estimated covariance matrix of
the PU signal. Similar to CS, eigenvalue, and MF detectors, the cov spectral sensing
detector has the ability to distinguish the PU signal from other signals, such as
other SUs. No other information a priori of signal, channel, and noise is necessary.

Eigenvalue detector is also based on the estimated covariance matrix of PU signal.
The difference between (cov) detector is given by the statistic test. The statistic test
of eigenvalue detector is determined only by the ratio of maximum and minimum
eigenvalues. Table 4.3 summaries the main characteristics of the principal SB-SS
methods in CRNs.

63

Figure 4.8 shows the numerical performance analysis comparing all the SB detectors treated
in this chapter. In (a), the sample number is N = 1000 and SNR is fixed as y = —15[dB] which
are realistic values that can be deployed in practical scenarios of CRNs. One can observe
that the ED has the worst performance among all the detectors until P; = 0.6. On the other
hand, the eigenvalue detector has better performance than the covariance detector until
P; =0.15, when the covariance detector is replaced by better performance than the eigen-
value detector. The covariance detector has better performance than ED for all values of P.
As expected, the MF detector has the optimal performance, because the system is operat-

ing under AWGN scenarios.

TABLE 4.3
Singleband Spectrum-Sensing Detector Comparison
Required Knowledge Identify PU From
2
SS detectors G, PU Signal, x Noise Other Signals Remark
Energy Limited by SNR Simple method
MF v v v Max. SNR
under AWGN
Cyclostationary 4 4 v High sensing
time
Covariance v v Require reliable
estimates of
covariance
matrix
Eigenvalue v 4 Performance
similar to COV

detector
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FIGURE 4.8

Comparison of spectrum-sensing techniques operating under AWGN channels. (a) ROC @ N, = 1000, SNR =-15
dB; (b) Py x SNR, @ N, = 1000, P; = 0.1; (c) Py x N,, @ P; = 0.1, SNR = -15 dB.

In Figure 4.8(b), sample number is N = 1000 and false-alarm probability is fixed as P = 0.1,
which are thereal parameter values found ina practical system configurations. Until y=-20dB
the ED is slightly better than the covariance detector, which in turn is better than eigen-
value detector. After SNR = —20 dB, ED becomes the worst detector and the eigenvalue and
covariance present equivalent performance, with eigenvalue slightly better than covariance
detector. Once again, the MF has the best performance, even for very low SNR values, dem-
onstrating satisfactory operation for a wide range of low SNR values, i.e., y > —22 [dB].

In Figure 4.8(c), the false-alarm probability is fixed as P; = 0.1 and the SNR in y = -15 dB;
indeed, we are interested in determining the minimum number of samples with which SS
detectors can operate satisfactorily. For these parameters, the CS, eigenvalue, and covari-
ance detectors give poor performance under a lower number of samples N € [300; 500]
samples, but the ED results in a better performance in terms of detection probability. For
medium-high values of samples, N € [700; 2000], the ED gives the worst performance
among all. The eigenvalue and covariance have approximate performances, with the
eigenvalue being slightly better than the covariance detector. For high values of samples,
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N = 3000, the eigenvalue, covariance, and even CS detector result in good performance.
The best performance is obtained with MF with lower number of samples N, = 500. For
each chosen parameter (P; s\), the number of samples (N) impacts on the performance
and complexity of the detector.

4.4 MB Cognitive Radio Networks

MB-CRNSs have recently caught the attention of several researcher organizations, since MB
techniques can significantly enhance the SU's throughput. For example, the ultrawideband
(UWB) channel can be divided in multiple subchannels and the sensing problem becomes
an MB detection problem. Alternatively, MB sensing can be seen in an OFDMA perspec-
tive, where each subchannel is treated as subband sensing.

Another advantage of MB-CRNss is that they provide simultaneous sensing to the SUs
and access to multiple channels, reducing the handoff frequency, i.e., diminishing the SUs,
transmission interruptions. In addition, with MB-CRNs, the SU not only has a set of can-
didates channels, but reduces handoff frequency which generates data interference upon
return of the PU.

CRNs deploy MB mode when the SUs aim is to achieve higher throughput or keep the
QoS without interfering the PUs.

4.4.1 MB Sensing Problem

Spectrum idles must be sensed by the SU for opportunistic spectrum access by expanding
spectrum-sensing techniques to MB mode. Let us consider a classical binary hypothesis
testing problem

4.32)

HO,m Ym =0y
7
Hy o ym=Xu+1ny,

where m is the individual subchannel of a wideband consisting M subchannels in
total and y,, =[y,(1), ¥ (2), ., yu(N)]" is the N number of samples of the received sig-
nal at the SU receiver in subband m; transmitted PU signal in the same subband m is
X =X (1), X, (2), ..., X, (N)] ;and n,, is the AWGN noise vector sample with n,, ~ N(O,GZ; nl).
In order to decide between absence or presence of PU signal hypotheses, H, and H; on
subchannel m, one can compare a test statistics T(y,,) with a default threshold A

{Ho,m : T(ym) <A 433)

Hy :T(ym)zk .

Spectrum idles are identified when H,, is true. When the PU signal is detected, the
hypothesis H; ,, is true.

There are many techniques to use MB-CRNs in sensing, such as serial spectrum-sensing
techniques, parallel spectrum-sensing techniques, wavelet sensing, compressed sensing,
and AS. However, few important issues still remain open in MB-CRNS, such as trade-off
between sensing time and throughput [3]. In the next section, we will discuss the last three
techniques.
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4.4.2 Wavelet Spectrum Sensing

Continuous wavelet transform (CWT) in the spectrum-sensing context was firstly deployed
by Tian and Giannakis (2006) [21], who showed how to identify the edges (or boundaries)
of subchannels and how to estimate the PUs allocated to each subchannel of a wideband
spectrum [22-26].

This mode of spectrum sensing is employed when the SU has no knowledge of the num-
ber of subbands M, associated with subbands B,,B,,..., By B, By, and the correspondent

localization of frequencies fi farees fu , where the mth subband is defined as B,, = f,, — fu-1
(Figure 4.1). In this kind of sensing, the CWT [27] is deployed due to its suitable properties,
which is enabled to search the boundaries of spectral occupancy of PU signals across the
entire subband set.

CWT has the ability to construct a time—frequency representation of a signal that offers
a very good simultaneous localization of time and frequency. If y,(t) is a received
signal, s > 0 and r are the scaling and shifting factors respectively, with se R" and r € R,
the CWT is defined as [27]

w,, = J%J:y”’ (t)\lf(t_sr) dt, (4.34)

where y(f) is a continuous function called the mother function with s = 1 and » = 0.
Daughter functions are originated from the mother function with s # 1 and r # 0, i.e., func-
tions built from scaled and shifted version of the mother function. There are many types
of mother functions available in the literature, which include beta, hat mexican wavelet,
and Gaussian continuous wavelet functions. However, the most used wavelet function in
spectrum sensing is the Gaussian wavelet function that shows recurrent regularity which
can be written as

n _tz
d eXp[z] (4.35)
viy=— '

Figure 4.9 depicts the continuous Gaussian wavelet functions of order n = 1-6. It is to
be noted that there is a preference for nonorthogonal smoothing function, e.g., Gaussian
wavelet function in SS, because orthogonal wavelet families can degrade the perfor-
mance in detecting the limit of subband occupancy, i.e., orthogonal wavelet function can
smooth the edges. Being capaable of determining the boundaries of occupied subbands,
CWT allows singularities detection in the wideband spectrum in wavelet sensing.
Wavelet sensing is also called edge detection and while analyzing the power spectrum
density (PSD), the SUs are able to determine which subchannel is vacant for access. In
this technique, the sensing PSD should be smooth in order to obtain reliable ROC.

PSD is smooth and almost flat within each subband B,,, but exhibits discontinuities from
its neighboring bands B,,_; and B,..;. Hence, irregularities in PSD appear only at the edges of
the those subbands. PSD of the mth received signal can be written as

Sy (f)= Zocfnsxm (f)+Su, (f), (4.36)

m=1
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FIGURE 4.9
Continuous Gaussian wavelet functions of order n = 1,2, and 3 (a) and 4, 5, and 6 (b) in the frequency domain.

(c) Frequency representation.

where o, indicates the signal power density within the mth band; furthermore, in the
(f) represents the normalized (unknown) power spectral shape within

absence of noise,

SX m

each band B,, satisfying three conditions:

0, Vf#B,

S (f)

fn
w,, = [ S0, (F)df = fu=

fm=1

1, VfeB,
0, otherwise

Su, (f)=

(@)

(b) 4.37)

©
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Condition (c) holds true since PSD within each subband B,, is smooth and almost flat;
PSD of the mth PU signal defined by oS, (f) and S, (f) is the noise PSD that can be
described as AWGN noise, i.e., S, ( f ) =Ny/2.

CWT of the PSD of received signal is given as

We(f)= S, (f)*¥:(f) 4.39)

where W, (f)= 1‘1’(f] is the wavelet smoothening function with ¥(f) being the Fourier
s \s

transform of (t), the * is the convolution operator and s= 2/ for j=1,2,..,]1is the scale
factor. Equation 4.38 is able to take a frequency interval and enlarge the details in the
analysis of a specific subband. As a consequence, to obtain the subband edges, derivatives
of W,(f) can be deployed in order to allow a better identification of edges in the PSD signal.

4.4.2.1 Wavelet Modulus Maxima Method

In the wavelet modulus maxima (WMM) method, the edges of the subchannels f, can be
determined by first and second derivatives of wavelet signal W;( f). Setting as local varia-
tion point of S, (f) smoothed by ¥,(f), the local maxima (LM) is obtained via the first
derivative of wavelet W;(f) as follows

fu = max|W. (f)

where f, is the nth edge frequency. Another criterion based on derivative is the zero cross-
ing (ZC) rule. It is obtained from the second derivative of wavelet W;( f)

fo={f 1 W (£) =0}, (4.40)

where W, (f) and W, (f) are the first and second derivatives of the wavelet smoothing
function with scale factor s, given respectively by

, (4.39)

Wy (f)= S%(Sym “¥,)(f)=S5, *(s d;jf j(f ) (441
W_,(f)= sZ(fzf(sym *W)(f)=S5,. *(52 ddz‘jrs J(f), (4.42)

The LM- and ZC-based WMM methods have the same objective, to determine the edges,
i.e., allow to identify the occupancy of mth subchannel B,, associated to the edge frequencies

fwmand f,,_1.

4.4.2.2 Wavelet Multiscale Product Method

Wavelet multiscale product (WMP) method uses the first PSD wavelet derivative. It is sim-
ply the product of ] first order derivatives of the frequency-scaled wavelet

=TT ) =
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where the derivative of the smoothed PSD of the received signal is given in Equation 4.41.
The desired local maxima of wavelet modulus are tracked by their propagation to multi-
ple coarse scale s =2/ forj=1,2, ..., ] with the goal of decreasing the noise effect in the spec-
trum sensing, where false edges caused by noise are very common in the WMM method.
The WMP approach is intended to enhance multiscale peaks due to edges or singu-
larities, while suppressing noise. Boundaries of consecutive frequencies bands { f,,} can be
acquired from y,, picking the LM of the multiscale product, which can be written as

P, fel foifu): (4.44)

4.4.2.3 Wavelet Multiscale Sum Method

In the wavelet multiscale sum (WMS) method again the first derivative of the PSD wavelet
is deployed. The difference is that the product is replaced by the sum of the PSD wavelet

derivative
]
=Y W (f) (4.45)
j=1

The problem in applying the WMP method to narrowband spectral sensing is a subband
signal appears with slow variation on the PSD signal. This slow variation could result
in edge detection fault, because they are attenuated when the multiplication method of
Equation 4.43 is used. This problem can be solved using the WMS method that replaces
the product by the sum.

4.4.3 Compressive Sensing

The compressive sensing (CS) method uses the concept of compressive sampling (CS) [3,28].
The CS method allows reducing the sampling rate below the Nyquist rate when the signal is
sparse in a certain domain. A signal is sparse when it has low PSD, i.e., when the signal pro-
duces a white space. Therefore, a wideband spectrum is underutilized when the wideband
is sparse in the frequency domain. This fact can be exploited in the MB-CRNs SS context.

Suppose a hypothetical model [29] Q < M, where Q is a subset of the M subbands of a
wideband system. The received signal of a SU can be given by

Q
2{1 t)exp(j2nf,t)+n(t), (4.46)
q=1
where ¢ is the time index, a, is the amplitude of the gth primary signal, x, is the baseband
representation, f, is the carrier frequency of the gth primary signal and also is the center
frequency of one of the occupied subbands, and n(f) is the AWG noise. If the sampling rate
is defined as f,, suppose this frequency is much higher than the date rate of each source,
i.e, the Nyquist rate is obeyed. Then, the data sample in the SU can be defined as

(fJ ia"xq(fy]exp(ﬂnqu] (fy] “.47)

q=1

wheren =1,2, ..., Nand N is the number of samples.
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Following the previous description the discrete-time signal received vector y, with
dimension N X 1 can be written in a matrix form as

Y =Bam + 1y, (4.48)

where B is a matrix defined as

B:[blleI“-le:I,

with each vector given by

b, = l:xq (2)exp[j2;;fq j, e Xg (g]expimjg\lj] , (4.49)

T
whereg=1,...,0Q,a, = [alm,...,an J and n,, = {nlm (;j,...,an (;H .
y

For a sparse representation of the previous signal, a basis must be considered that repre-
sents the signal. Therefore, considering II is the sparsity basis matrix that must be written

in terms of all possible channel occupancy states [29]. Let []Afl,...,j?M} be a sampling set of

the frequencies of M subbands that matches the frequency components of the received
signal [29]. The received signal can be represented in a sparse form as follows

Yun= Hsm +ny, . (450)

A

The sparsity basis matrix can be constructed as [1= [b( ]A( 1 ), b( j?z ),- - -,b( fu ) where

b(]?,) = [xq (]}y]exp[jzfjﬁ j, N (Z)exp[jzg"l\]]] . 4.51)

Making the following change of variables z,, = Yy,, = YIIs,, + Yn,, where z,, is the mea-
surement vector with dimension L X 1 and Y is a measurement matrix with dimension
L x N that can be choosen by considering that the correlation between Y and II must be
low, a good choice for Y is a totally random matrix [29]. Then z,, is called L-sparse if L <<
N and y,, is compressible.

CS problem can be defined as a stable matrix Y, where the signal y,, is transformed
into z,, without losing signal information that characterizes the transformation of sparse
domain R™into compressed domain R™.

The reconstruction of the sparse signal can be described as an optimization problem.
The analysis of the sparsity measure can be done by the p-norm, where p € [0,2] [29]. The
optimal sparsity measure is done by a pseudonorm, called 0-norm, defined as [30]

minimize |z,
Zm

s.t. z, =Yy, =YIls, +Yn, 4.52)
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where the 0-norm is defined for a vector x as [30]
lxlly, = n(i | x; #0), (4.53)

where 7 is the number or quantity and 0-norm is number of nonzero elements in a vector.

The 0-norm sparsity performance is a challenge, because the optimization problem is
not convex and makes it a nondeterministic polynomial time hard problem (NP-hard
problem). An alternative approach is to formulate the optimization problem as 1-norm,
called basis pursuit (BP) [31]. Hence, the linear convex problem is written as [30]

minimize ||z,,

Zm

I

s.t. z, =Yy, =YIls, +Yn, 4.54)

where || x ||, is the 1-norm of z,,.

The signal reconstruction and sparsity measurement can also be defined and calculated
by other criterion and algorithms in the literature, such as matching pursuit (MP), LASSO,
and AIC [10].

4.4.4 Angle-Based Sensing

AS can exploit the available spectrum in a space dimension, similar to a MIMO system, by
increasing the spatial diversity. The major feature in AS is that not all subchannels occupy
the same physical space for PUs. For example, if an SU is aware of the azimuth angle* of
the PUs, then when the PUs transmit in a certain direction, the SU can simultaneously
transmits in another direction using the same band in the same geographical area without
interference.

The AS problem is capable of determining the direction of arrival (DoA) or angle of arrival
(AoA), wherein each PU is transmitting. The main techniques described in literature to
realize the AS include the MUltiple Slgnal Classification (MUSIC), Bartlett, Root MUSIC,
Capon, and estimation of signal parameters via rotational invariance technique (ESPRIT) [32,33].
In this chapter, we only describe the MUSIC technique [34], which is one of the most
important techniques to determine array angle and direction. MUSIC is a technique based
on eigen space methods used for the signal and noise separation in different subspaces
during signal processing which simplifies the signal analysis.

The system considered herein represents the array distribution with their directions,
according to the Figure 4.10, modeled as [34,35]

yu =A(0)x, +1,, (4.55)

where y,, is the received signal at the mth subband B,,; the transmitted signal x, by the
array configuration with dimension N x 1, and n,, is AWGN vector with dimension N X 1,
with statistical distribution n,, ~ N(0,6°I). In this model, the sources (PUs) are considered

* Azimuth angle is the angular measurement formed between a reference and a line from the observer until a
point of interest is reached in the same horizontal plane.
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FIGURE 4.10
Schematic representation for the DoA analysis.

independent and the noise is uncorrelated. The N X D matrix A(®) is called the steering
matrix corresponding to the angles of distribution of arrays, and defined as [34]

A(0)=[a(81),a(8,),...,a(8p)], (4.56)

where a(ei) is the steering vector with dimension N x 1 defined as the angle, and the direc-
tion of PUs transmission are as follows

a(6,)= {1,exp(_jmd8ine’), ...,exp(_jm(N_ 1)dsin®; H , 4.57)

c c

where d is the distance between antennas and c is the speed of light.
Under this model, the correlation matrix of the received signal with dimension D x D is
readily obtained as follows

yo = B[ yuyn |

=E[A(0)x,x/iA(6)" | + E[n,n]

R

(4.58)
=A(0)-A(8)" +6%lp

= Rxm + G2ID,

where R,,, is the correlation of the transmitted signal and X = E[xmxﬂ ] = diag(c%,. .., 0% )

4.4.4.1 MUSIC Algorithm

MUSIC algorithm [34] estimates the angle or direction content of a signal autocorrelation
matrix using an eigenspace method. In this method, the detector needs to know the array
spatial distribution.

The correlation matrix R, can be related to its ith eigenvector q,, associated with its ith
eigenvalue

H

R, qn=A(6)-A(6)" qu=0. (4.59)
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Hence,

H

qnA(0)-A(8) q,=0. (4.60)

Finally, from Equation 4.60 and assuming that A (8) is positive definite, it follows that the
steering matrix is orthogonal to the eigenvector of R, |

A(0)"q.=0. (4.61)

Equation 4.61 implies that all N-M eigenvectors q,, of the matrix R, corresponding to
the zero eigenvalues are orthogonal to all M signal steering vectors. This is the principle of
the MUSIC technique which allows to separate the signal from the noise.

Now, let us consider Uy, a N x (N-M) subspace of the noise eigenvectors. Then, the
MUSIC pseudospectrum can be defined as [34]

1
pMUSIC — ) 4.62
a’ (0)UyUya(0) (462)

In the CRN context, the important information of angle and direction is obtained by
applying the following operation [36]

OMY'C =argminga’ () UyUya(0). (4.63)
As a consequence, the following statistic test can be applied

90°

1
TMUSIC — PMUSIC , 4.64
()= 150 2 (.64
0=-90
where PMY'C is the spatial spectrum, also called pseudospectrum at time t.

4.4.5 Comparison of MB-SS Methods

The main characteristics of the MB-SS methods are summarized in Table 4.4. The MB-SS
remains challenging in CR implementations; hence, further promissing MB techniques
should be evolved in the future to improve this branch.

Wavelet sensing is deployed when the SUs do not know the frequency limits of the
subbands. Wavelet is a technique which is common in image processing and is used to
determine the image edges. Similarly, in the SS context, the wavelet sensing has the same
properties, i.e., this technique is able to determine the edges of the occupied portion of
spectrum. However, the wavelet-based detector is affected by the noise and can produce
false-edges detection, which disrupts the SUs opportunities and can generate an interfer-
ence in PUs.

TABLE 4.4

Performance Comparision—MB Sensing

MB-SS Detector Advantages Disadvantages
Wavelet Unknown MB limits False edges
Compressed Low sampling rate Known [[and Y

Angle New dimension to explore MIMO system
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Compressed sensing can be used when the signal is sparse, i.e., in the case of a major
part of the spectrum in communication systems. This technique is able to reconstruct the
signal using a subsample information. This fact makes the processing less complex and
helps increase the EF. The main challenge in this technique is that the SUs must know the
sparsity basis matrix Il and measurement matrix Y.

In AS technique, a new dimension is explored, providing new forms of diversity to the
system, such as angle and space diversities. However, in this case, multiple antennas must
be used to detect the directions and angles of the PU's transmission, increasing the com-
plexity of the applications.

4.5 Cooperative CRNs

Cooperative CRNs work in two ways: relays networks and CSS. CSS schemes provide spa-
tial diversity, increased coverage, ubiquitous connectivity, and network throughput.

Cooperative CRNs can provide diversity in environment subject to fading, shadowing,
and path-loss channel effects, which can degrade the SS performance substantially.

SU cooperative sensing has two methods for SS: hard and soft combining. There are some
rules that allow to choose the best threshold for each application and channel scenario,
called or-and-majority rules.

Furthermore, considering the context of the relay cooperative sensing, there are two
main and widely deployed protocols: AF and DF.

The binary decision of cooperative SS can be formulated as same as SB SS. The next sec-
tion desribes the principle of CSS with the main rules to construct the threshold A.

4.5.1 Cooperative Spectrum Sensing

Detection of transmissions from licensed (or primary) users is challenging in CRN environ-
ment due to a few uncertainties, such as (a) channel uncertainty, i.e,, dynamic variations in
the channel fading and shadowing conditions; (b) aggregated-interference uncertainty, when
there are too many unlicensed users in the same CRN, who interfere with each other; (c) and
finally, the noise uncertainty which can affect the detection sensibility and ROC performance.

Aiming to mitigate the uncertainties in SS, a CSS approach can be deployed in CRN
context. CSS offers diversity gain, which can remarkably improve the detection probability
performance of an unlicensed (secondary) user. Multiple unlicensed users cooperatively
sense the target spectrum and share the SS results with each other. Figure 4.11 depicts a
general topology of CRN with CSS. Indeed, each SU is responsible to sense a small portion
of the spectrum and sends the results to the fusion center (FC), which constructs and
broadcasts an updated map of availability of spectrum rules to all CRN nodes [37].

One advantage of CSS is that unlicensed user SU; may not be able to detect transmission
from licensed user PU, due to channel fading. If SU,; (source node) starts transmission,
it will interfere with data reception at the licensed user, say PU,. However, if unlicensed
user SU; senses the spectrum and reports the presence of licensed user PU, to the FC, SU,
can be notified by the FC and will defer its transmission to avoid any interference to the
licensed user PU,,.

Alternatively, the cooperative cognitive networks can deploy multiple relay users to for-
ward the signal received from a PU to an SU aiming to improve the performance of SS
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FIGURE 4.11

Cooperative CR scheme with K secondary users, one source node, and a fusion center.

while taking advantage of the spatial diversity [38]. In this mode, CSS is used to combat the
noise and channel uncertainties, and therefore, the probability of misdetection and false
alarm decreases substantially. Additionally, cooperative mode for SS reduces the sensing
time while improving the accuracy. However, CSS implies higher complexity and energy
consumption.

In CSS based on decision fusion, each cooperative partner makes a binary decision based
on its local observation and then forwards one bit of the decision to the common receiver
in FC. Let d; € {0,1} denote the local SS result of the kth CR, including SUs and in some
schemes relay nodes. Hence, d; =0 indicates that the CR infers the absence of the PU in the
observed band. In contrast, d; =1 implies the PU operation in that band. At the common
fusion receiver, all 1-bit decisions are fused together according to a specific logic rule [39].

FC uses different techniques for combining the SS results coming from different unli-
censed SUs to make a decision in CSS. The simplest method is to use an OR operation among
the received sensing results. Moreover, combining techniques based on maximal ratio com-
bining (MRC) and equal gain combining (EGC) have been investigated in [40]. Following
section briefly discusses the hard combining, soft combining and or-and-majority rules.

4.5.1.1 Hard Combining

In hard combining SS, K cooperative SUs are sensing the spectrum and the final decision
is given for the following metric

T(y)= d. (4.65)
k=1

where the d; is the decision of kth SU and d; € {0,1}, being d, =0 if PU is absent, or d; =1 if
PU is present in the band.

4.5.1.2 Soft Combining

In soft combining SS, the metric is given as weight sum of the observations states for
each SU's contribution. Hence, the most important contributions are associated to higher
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weight, but the other less important contributions are also considered. The associated test
statistic in the soft combining method is simply written as follows

K

T(y) = chTk (y), (4.66)

k=1

where c, is the weight coefficient and T;(y) is the test statistics of the kth SU. Taking ¢, =1
the soft combining becomes the classical EGC diversity combine. Besides, if ¢, is propor-
tional to SNR at the kth SU, the rule gets closer to the classical MRC.

4.5.1.3 Or-And-Majority Rules

The or-and-majority rules allow to describe different ways to construct the threshold A in a
CSS scheme; in summary

® Orrule: A = 1. The rule Or ensures minimum interference to the PUs. The PU is
considered present in a band, if only a single PU sends 1 to FC in its decision, i.e., if
test statistic of an SU adds one. It can be seen that the Or rule is very conservative
for CRs to access the licensed band. As such, the chance of causing interference to
the PU is minimized.

e Andrule: A = K+ 1, where K is the number of collaborative nodes sensing the same
subband. It is much less conservative, ensuring a high rate of transmission to the
SUs. The PU is considered present in the band, if all CRs sense the presence of a
PU in the band.

K+1

* Majority rule: A= ( ) . The PU is considered present in the band, if the major-

ity of SUs send 1 to the decision center.

4.5.2 Relay CSS

In this kind of CSS, one or more relay(s) help to realize the SS. There are many relay pro-
tocols in the communication systems, but the most important are AF and DF protocols. In
the following sections, the AF and DF protocols are introduced.

4.5.2.1 AF Relaying Protocol

In the AF protocol, the relay scales the received version of the signal and retransmits it to
a second time-slot, an amplified version of it, to the destination node. In the first time-slot,
the signal transmitted from the source is received at both the relay and the destination,
which respectively are [6,41]

Yor =N Physx+1,,, (4.67)

Ysa =~ Phyax+ng, 4.68)
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where P is the RF transmit power deployed by the source node in the first time-slot; x is the
transmitted signal; iy and hj are the channel fading coefficients between the source-relay
and source—destination paths, respectively.

In the AF protocol, the relay node does the simple scaling on the received signal by a
factor inversely proportional to the received power given as

B= P (4.69)

PN,

As a consequence, the signal transmitted by the relay node to the destination node in the
second time-slot is scaled by 3-y;.

SNR at the destination node is the sum of SNRs from the source node and relay node,
as a result of the macro-diversity gain offered by cooperative source-relay—destination
scheme. SNR from the source node is given as follows

Ysa = 7‘hs,r ‘2-

N (4.70)

4.5.2.2 DF Relaying Protocol

In DF relaying, the receiver signal is detected at relay node, re-encoded, and then retrans-
mitted to the receiver node. The DF relaying scheme has an advantage over the AF relay-
ing scheme in reducing the effects of additive noise at the relay node, but in a low SNR
regime the decision errors of relay node propagates to the destination. On the other hand,
if the relay is able to decode the transmitted symbol correctly, i.e,, when relay node oper-
ates in medium and high SNR regimes, the relay retransmits the decoded symbol with
power P to the destination node; otherwise the relay does not cooperate in the retransmis-
sion. This can be written as follows

Yrd = \/ﬁhr,d-% + 14, (4:71)

where x is the decoded signal x at the relay node.

4.5.3 Comparison among Cooperative SS Methods

A comparison of the principal CSS methods are summarized in Table 4.5. The hard com-
bining method is based on the fact that the SUs perform the SS and each SU has a decision,
which is shared among the other SUs. This method has a simple decision, i.e., the sum of
the decision of each individual SU. The disadvantage of this technique is if the SU misses
the detection, the error is propagated to the decision fusion, affecting other decisions.

The soft combining method has advantages over other methods, but does not disregard
others as less reliable. This makes the final decision less wrong, but this depends on the
hits of some SUs.

In the AF relaying protocol, the signal receives a gain before retransmission to the des-
tination node. The disadvantage of this protocol is that the noise is amplified jointly to the
signal and is received by the destination node.

In the DF relaying protocol, the signal is re-encoded in the relay node, which makes the
signal free of noise amplified. The biggest problem is if the relay decodes wrong or the
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TABLE 4.5

Method Comparison—Cooperative Sensing

CSS method Advantages Disadvantages

Hard combining Simple decision of each user Subject to error propagation

Soft combining Weights the best performance More complexity

AF relaying Simple propagation with a gain Propagates noise with a gain

DF relaying Reduce noise propagation If decoding fails, it does not work
(low SNR)

signal contains errors, then the relay does not retransmit the signal and the destination
node only depends on the direct link or direct node.

4.6 Conclusions and Perspectives

Concerning SB-SS, this chapter explored five basic techniques capaable of analyzing spec-
trum usage in a specific BW, namely ED, MF, CS feature detector, covariance detector,
and eigenvalue detector. In terms of complexity, ED offers SS at low computational cost.
However, ED also presents low performance, especially under very low SNR, along with
requiring precise SNR knowledge, which is not always available, to perform proper SS. On
the other hand, MF performs optimal spectrum, but also requires a detailed description of
the PU signal characteristics, which, in some cases, can be an unreasonable requirement.
Despite presenting a reasonable spectral sensing performance, the CS method may require
embedding more features of the signal in order to improve cyclostationarity on the PU
signal, e.g., a header signal or a periodic pulse. In this sense, PU signal should experience
a reduction in SE in order to ease SS for PUs, which may not bring benefits to PUs if they
do not take advantage on SUs. Finally, covariance and eigenvalue detections are based
on measuring temporal correlation of the PU signal, being capable of robust SS, which is
bounded to the number of lags considered for correlation calculus.

MB-SS expands the SS from an SB model to an MB model. Basically, this chapter deals
with three MB methods: wavelet sensing, compressed sensing, and AS. There are other
methods to sense the spectrum in a MB model, but the three methods discussed here are
the most promising. Wavelet SS is used when the limits of the subbands are unknown.
So, wavelet technique is able to determine these limits. There are three kinds of wavelet
methods to determine the limits of subbands: WMM, WMP, and WMS. The first is the
most simple method and determines the limits using an LM through first derivative or
zero crossing that uses the second derivative of the wavelet PSD. The second derivative is
an improvement of the first and uses the idea of the product of the first derivative of the
wavelet increasing the scale and is able to reduce the false edges in the SS, which is a very
common problem in WMM. Third method is a variation of the second method and is sim-
ply the change of the product by the sum. This change reduces the edge fault, due to slow
variation of PSD in narrowband systems.

Compressed sensing is another way to deal with SSin the MB systems. This method uses
the concept of sparsity of signal combined to a norm optimization problem that is capable
of measuring the sparsity of a channel. The optimal measure depends on a 0-norm, which
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in essence results in a nonconvex optimization problem; so, it cannot be solved in a poly-
nomial time. Based on that, other optimization metrics have been proposed, such as basis
pursuit, match pursuit, and AIC.

The last SS method for MB-CRNs is angle sensing that provides another dimension to
the MB-SS challenge. This method uses an algorithm to sense the DoA of a signal or a set
of signals. A classical algorithm to deal with is MUSIC algorithm based on the signal sepa-
ration from the noise subspace.

Another class of CRN is the cooperative CRNs. There are two ways in which the SUs can
cooperate in a CRN. The first one is when one SU shares its sensing decision with another
SUs through FC, or act as a relay helping the PU's transmission. In the first class, two
options are avaliable to combine the information: hard and soft combining. First, the final
decision is only the sum of all SU's decisions. The second one deploys weights that can act
according to the importance of the decision. Another important rule is the or-and-majority
rules that allow determining the threshold in a cooperative SS using different consensus
rules. In the second class of CSS, two basic relay protocols arise: AF protocol and DF pro-
tocol. In the first class, the signal received by the destination node is only the signal of the
source node with a gain. The problem with this method is that the noise is amplified along
with the information. The second method decodes the signal coming from the source node
and retransmits this signal to the destination without amplifying the noise. The problem
with this method is if the signal contains decision error, basically due to SNR regime, the
relay is unable to retransmit to the destination node.

CRNs is one of the techniques that will enable the future 5G communications. Due to
scarcity of spectrum and high rates of 5G communications protocols, CRN is a candidate
to operate under high spectral efficiency mode. The spectral sensing techniques addressed
in this chapter can contribute to improving the performance, robustness, and efficiency of
CRNe, till another promising technique appears to construct a solid knowledge area in the
future.
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Sensing-Throughput Tradeoff in Cognitive Radio
Network

Aislan Gabriel Hernandes and Taufik Abrao

Abstract— This paper deals with the relationship be-
tween the sensing time and throughput in a cognitive radio
network (CRN) using energy detector (ED). The sensing
time is a period in the medium access control (MAC)
protocol that the secondary user (SU) spent to sensing
the spectrum. This parameter is critical to determine the
performance of the SU and the interference to primary
user (PU). In cognitive radio (CR), increasing the sens-
ing time is equivalent to increase the SU performance;
accordingly, the throughput of the SU decrease, reducing
the SU quality of service (QoS). Such configuration set
a tradeoff between sensing time and throughput. In this
contribution, the sensing-throughput optimization (STO)
problem is formulated to deal with such tradeoff, where
the throughput of the SU is maximized. The STO resulting
in a convex nonlinear optimization problem (NLP) that
can be solved using efficient solvers. Numerical analysis
examines the performance of the ED when the throughput
is maximized, as well when distinct parameters values are
assumed.

Keywords— Cognitive Radio Network, Secondary User,
Primary User, Spectrum Sensing, Energy Detection,
Throughput Maximization.

I. INTRODUCTION

Due to the growth of the wireless communication
services, the available spectrum has become scarce.
Measurements carried out by Federal Communications
Commission (FCC) have demonstrated that the most
part of the allocated spectrum is not utilized [1].
The period of time of the spectrum occupancy varies
from milliseconds to hours. This motivates the use
of the cognitive radio (CR) [2], [3] which is able to
increase the spectrum efficiency (SE) considerably. In
a wireless regional area networks (WRANSs), the main
objective is to maximize the spectrum utilization of
the TV channels. The CR is the main technology in
the WRAN 802.22, where each medium access control
(MAC) frame consists of one sensing slot and one data
transmission slot. The sensing duration strongly impacts
the network throughput. If sensing duration increases
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cal Engineering, Londrina State University, Londrina-PR, Brazil,
E-mails: aislangabrielhernandes @gmail.com, taufik@uel.br. Home-
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the throughput decreases. However, a longer sensing
time improves the detection performance, i.e, the SU
become more aware about the received signal while
more protection is given to the PU.

Recently, more and more importance has been given
to the sensing time vs. throughput tradeoff in the
context of CRN [4], [5]. The scheme to deal with this
challenging issue consists in formulate and efficiently
solve the associated optimization problem that maximize
the throughput subject to different constraints, such
as probability of detection, probability of false alarm,
maximum frame time, optimum threshold, and so
forth. For instance, in [6], [7], the sensing-throughput
optimization problem in ED spectrum sensing was
formulated as convex nonlinear optimization problems.
Moreover, in [8], [9] the non-cooperative double
threshold spectrum sensing was analysed in the
sensing-throughput tradeoff perspective. In [10], the
multichannel cooperative sensing optimization problem
was formulated as a nonconvex mixed-integer problem
that is solved dividing the original problem into convex
mixed-integer subproblems.

In [11], a convex nonlinear optimization problem is
formulated to deal with the STO tradeoff in a singleband
cognitive radio network. In this sense, this contribution
consists in a numerical analysis extension of the work
in [11]. The STO problem was solved expeditiously
using the solver available into the Matlab Optimization
Toolbox. Simulation results demonstrate the quality
of solution and the impact in the ED performance
and some interesting results are discussed when the
parameters of simulation are different to the initial
problem considerations, revealing the ED performance
dependence with such parameters.

The rest of the paper is organized as follow. The
CR system model is summarized in section II. The
formulation of the sensing time vs. throughput opti-
mization problem is developed in section III. Numerical
results supporting our finding are discussed in section
IV. Finally concluding remarks are offered in section V.



XXXIV SIMPOSIO BRASILEIRO DE TELECOMUNICACOES - SBrT2016, AUGUST 30 TO SEPTEMBER 02, SANTAREM, PA

II. SYSTEM MODEL

The transmitted PU signal samples is represented
by s(i) while a circular symmetric complex Gaussian
(CSCG) noise samples are represented by n(i). The
received signal at the SU is written by

y(@) = s(i) + n(i), Tfse (D)

where 7 f; is the total number of samples, 7 is the sensing
time and fs is the sampling frequency.

A binary decision hypothesis is taken if the channel
is idle or busy, respectively, as

HO 2 y(i) = n(i), i=1,2,...,7fs.
Hy(i) = s(i) +n(), i=1,2,...,7fs.

where H? and H' are the hypothesis of the absence
and presence of the primary user.

i=1,2,..

2)

The basic MAC frame time structure considered herein
is depicted in the Fig. 1. The first portion of the frame
time is used to sensing the spectrum and the second
portion is related with the transmission time, that im-
pacts in the throughput. Considered that the total frame
time is fixed, then the sensing time and throughput are
conflicting parameters.

Frame 1 | Frame N |

Sensing Time | Throughput Time |

Fig. 1. Sensing-throughput frame time structure.

A. Energy Detector

The ED is the more simple form to spectrum sensing
in CRN. It simply estimates the energy content in a de-
termined spectrum bandwidth. The associated statistical
test is formulated as

7 Z ly (i) (3)

i=1
Such statistical test is compared with a threshold level

T(y) 2 A, “4)

if the statistical test is smaller than threshold level A, the
SU chooses as a idle channel, otherwise the channel is
busy and the SU will not transmit.
There are four scenarios that must be considered in
the ED performance analysis:
1) If the channel is idle and the SU estimates that
the channel is idle, then the SU will transmit and

the throughput is maximum. A correct detection
occurs;

2) If the channel is idle and the SU estimates that the
channel is busy, then the SU will not transmit and
a false alarm occurs;

3) If the channel is busy and the SU estimates that
the channel is idle, then the SU will transmit and
a miss detection occurs;

4) Finally, if the channel is busy and the SU estimates
that the channel is busy, then the SU will not trans-
mit and the PU is protected. A correct detection
occurs.

In this work, the interest is concentrated on the first
and third scenarios, correct detection and miss detection
respectively.

III. SENSING-TIME vs. THROUGHPUT PROBLEM
FORMULATION

The probability of false alarm Py (-) and probability of
detection P,(-) associated to the ED can be formulated
using the central limit theorem (CLT) approach, as
function of sensing time parameter 7

Q (\/2SNRp + 1Q 7 (Py) + VT [sSNRp) , (5)
Pd(T) Q (\/QSTQ ( ) mSNRp) , (6)

where P; and Pf are the probability of detection target
and false alarm target, respectively, and the integral the
of Gaussian probability density function is defined as

52
Qz) 2 \/ﬂ/ exp< >dz @)

The value of the threshold )\ can be related with the
probability of detection Py(7) as [11]

s
2SNRy, + 1) - ®

When different values of probability of channel occu-
pancy occurs, then eq. (8) can be extended to:

Tfs
25+1>’ ©)

where 3 = P,(H!)SNR,. The value of SNR, is weighted
to Pr(’Hl), which is the probability of the channel be
busy.

The signal-to-noise ratio (SNR) of the primary user
signal received in the primary user is given by SNR;, =
% and SNR of the secondary user signal is given by
SNRg = % where P, and P; are the transmission power

of the PU and the SU respectively, while the same level

Py(1)=Q ((A — SNR, — 1)

Pa(t) = Q <(/\—5— 1)



XXXIV SIMPOSIO BRASILEIRO DE TELECOMUNICACOES - SBrT2016, AUGUST 30 TO SEPTEMBER 02, SANTAREM, PA

of the noise power spectral density Ny is assumed for
both PU and SU user types.

As a consequence, the throughput of the SU in the
absence and in the presence of the PU are given respec-
tively by

Co = logy(1 + SNRy), (10)
SNR,

=1 14+ —> 11

Gy 0g2< +1+SNRP>’ an

where (Y is the throughput of the SU when it operates in
the absence of the PU and C} is the throughput of the SU
when it operates in the presence of the PU. Obviously,
the value of Cj is always larger than the value of the
C1, i.e the throughput when the channel is busy suffers
interference from the PU signal. Therefore, the first and
third scenarios lead to the sensing-throughput relations
[11]

T—-1

T

T—71

Bl(T): T 01.

In the first case, the PU is not present then SU not
generate false alarm. For the second case PU signal
is active. Hence, By(7) and Bi(7) represent the SU
throughput dependent on the sensing-time duration (7 <
T) when PU is absent and present, respectively.

The probabilities for occurrence of the first and third
scenarios are given by [11]

Bo(r) = Co, (12)

13)

P, (correct detection) = [1 — P(7)] - Pr(H?), (14)

P, (miss detection) = [1 — Py(7)] - Po(H'),  (15)

where P,.(H") and P,(#H!) is the probability of the
channel is idle and busy (related to the first and third
scenarios), respectively. The probability (1 — Py(7)) is
called miss detection probability.

So, the throughput Ry(7) and R;(7) for the first and
third scenarios are respectively

T—71
T
T—rT1
T

Finally, the total throughput in the SU network is given
by

Ro(1) = Co-[1=Pp()]-P:(H?),  (16)

Ry(1) = Cy - [1 = Py(r)] - Po(HY).

A7)

R(71) = Ro(7) + R1(7). (18)

For the case of the ED spectrum sensing, the through-
put is given by eq. (19) [11], at the top of next page.

To simplify, we consider that the probability of the
channel is occupied is low, i.e Pr(#!) < 0.2 and the

second term of the throughput function in (19) becomes
insignificant and can be simplified as

R(r) = Bo(7) (1 - Q (v/25NRy, +1Q ' (Pa) +
FV/TISNR, ) ) Pe(HO), (20)

Finally, the simplified sensing-throughput optimiza-
tion (STO) problem can be expressed as

max. R(7)
s.t. (C.1.) 0<7<T e2y)
(C.2.) Py(1) > Py
where P; = 0.9 is the probability of detection target

according to the IEEE 802.22 WRAN. The convexity
of the optimization problem (21) is demonstrated in the
Appendix.

The optimization problem above can be interpreted as
a sensing-throughput tradeoff whose objective is to iden-
tify the optimal sensing duration 7 for each frame time
in the MAC layer, such that the achievable throughput
of the SU is guaranteed, while ensure the PU protection,
that is related with the value of the P;.

IV. NUMERICAL RESULTS

Table I depicts the main parameter values deployed
in this section. The values of the throughput using such
parameters are Cy = 6.6582 and C; = 6.6137.

TABLE I
REFERENCE VALUES USED FOR SIMULATIONS.

Parameter Value
Pr(H) [0.8, 0.5, 0.2]
Pr(H') [0.2, 0.5, 0.8]
SNRg 20[dB]

SNRy, —15[dB]

T 100[ms]

Py 0.9

fs 6[MHz]
PU signal QPSK

Using the simple but effective tool finincon of MAT-
LAB Optimization Toolbox, the STO problem was solved
easily and the solver returns the optimal sensing time
value equal to 7 = 2.6 [ms] for the three scenarios,
L.e., for low, medium as well as high channel occupancy;
the estimated optimal throughput R*, original optimal
throughput and the difference are given in Table II.

Since the number of samples N is related to the
sensing time and the sample frequency and considering
that the optimum sensing time for the three scenarios
results same, then

N; =71"fs = 15600 [samples]. (22)
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R(r) =Bo(r) (1 - Q (V/25NR, +1Q " (Pa) + /7 JusnR, ) ) Pr(HO)+

1
+Bi(n)[1-Q e
1= C\ e
TABLE 11

SIMPLIFIED, ORIGINAL AND DIFFERENCE OF THROUGHPUT.

Pr(H") 0.2 0.5 0.8

R [2X] 5.1659 3.228 1.2815
R [2=] 5205 3550 1.807
AR*% 128 322 526

In the sequel, instrumental numerical results are anal-
ysed aiming to corroborate the optimality of the solution.

A. Throughput vs. Sensing Time

The behavior of the throughput as a function of the
sensing time, i.e. the objective function in (20), can
be shown in Fig. 2. For the simulation results, 3 - 10*
Monte Carlo simulation (MCS) trials were deployed and
compared with the theoretical curve. One can infer that
the throughput function has an unique maximum point,
witch is the global optimum. Hence, one can conclude
that the objective function is concave. Moreover, ex-
amining Fig. 2, one can infer by inspection that the
maximum value of throughput is achieved in ~ 2.55 [ms]
for the three channel occupancy probability scenarios, in
which is confirmed by the solution of the optimization
problems.

Energy Detector — Throughput x Sensing Time for —15 [dB]
55 :

Original =

o o ~ S H—B—Ha-a-5 0
o—6o—6o—6-—6-—06-o6o

| Pr(H1) =02
Marker — Simulation
Line — Theoretical 7

Simplified

Original
25/ A

~a

Pr(H1) = 0.5
Marker - Simulation

Simplified

Throughput [bits/s/Hz]

25l Pr(H1)=0.8 ) Line — Theoretical §
|| Marker — Simulation
Line — Theoretical Original

2F 4 T

gV LV VY

1-5LA—H Simplified ]
1 ; i i i i i i

1 15 2 25 3 3.5 4 4.5
Sensing Time [ms] x107°

Fig. 2. Throughput vs. sensing time for SNR, = —15[dB].

B. Probability of Detection vs. Threshold

In order to obtain the probability of detection vs.
threshold of the energy detector operating under the
optimum sensing time, a number of MCS realizations

(19)

Qil(?f) - \/aSNRp Pr(H1)~

equal to 3-10* trials was chosen. Fig. 3 depicts the prob-
ability of detection vs. threshold adopting 7* f, = 15600
samples. We have compared values in which the channel
occupancy probability are low, medium, high and when
the channel is completely occupied. Examining Fig. 3
one can conclude that the target probability of detection
P; = 0.9 is obtained for different values of threshold
that can be obtained using the equation (9).

0.9
0.8

0.7

0.6

£ 05
——Theo. - Pr(H1) =1
041 — — — Theo. - Pr(H1) = 0.2 |
03l Theo. - Pr(H1) = 0.5 : 83
' Theo. - Pr(H1) = 0.8 )
0.2H O Sim.-Pr(H1)=1 \
O Sim.-Pr(H1)=0.2 Q
014 Vv Sim.-Pr(H1)=0.5
¢ Sim.-Pr(H1)=0.8
DO I L
0.9 0.95 1
Threshold
Fig. 3. Probability of detection vs. Threshold for Ny = 15600
samples.

C. Probability of Detection vs. Number of Samples

To obtain the figure of merit described by the proba-
bility of detection vs. N in the context of CRN equipped
with ED, the same number of MCS trials (3 - 10* trials)
was chosen. As a consequence, Fig. 4 shows the proba-
bility of detection vs. N, adopting value of the P; = 0.9
and the PU SNR value is SNR, = —15 [dB]. Notice
that in Fig 4, we compare values in that the probability
of the channel is occupied are low, medium, high and
when the channel is completely occupied; notice that a
guaranteed 0.9 probability of detection is attained under
the four scenarios when N, > 15600 samples.

V. FINAL REMARKS

An optimization problem was formulated to deal with
the sensing vs. throughput tradeoff (STO problem) in
a CRN with one PU and one SU in a single-band
spectrum sensing scheme. The equivalent and simplified
optimization problem is convex but nonlinear in 7, and
can be solved optimally using efficient solvers, such
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Energy Detector - Pd vs. Ns
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Fig. 4. Probability of Detection vs. N.

as fmincon tool of MATLAB Optimization Toolbox. The
numerical solutions discussed in this paper confirm that
the maximum is a global optimum and the objective
function is a concave function.

Comparing the values of P; with values of threshold
one can see that different values of threshold implies
in values of P; > 0.9, which respects the constraints.
Comparing values of P; with values of Ny and values
of sensing time, it is possible to conclude that for values
of Ny > 15600 samples, implies in values of P; above
0.9, with no violation of the constraints limits. Hence,
we concluded that the obtained solution respect the
constraint of the optimization problem, in addition to
maximize the throughput of the SU.

APPENDIX
PROOF OF CONCAVITY

The convexity of the STO problem (21) is equivalent
to demonstrate the concavity of the objective function
R(7) in (20), since the constraint set is convex, i.e. the
constraint (C.1.) is a affine function in relation to
7 and (C.2.) is a concave function regarding 7, as
predicted by (6) and confirmed by numerical values of
Fig. 4.

Clearly, the objective function (20) depends on the
false alarm probability function that can be written as
R =120 1= Py Be(H). @3)

The proof can be done using the concept of composi-
tion of convex functions [12] that preserve the concavity
of objective function (20). The values of Cy and P, (H")
are constants. The function TJTT is an affine function, i.e
the function is concave. Then, it is necessary to prove
that [1 — Py(7)] is concave.

In order to ensure that [1 — Ps(7)] is concave, the
false alarm probability function must be convex. Taking

the first derivative of the false alarm probability function,
eq. (5), we obtain:
dpPi(r) _ SNRp\/ﬁe—O.E)(x/QSNR,,-i-IQ*l(ﬁd)+SNRp\/TfS)2
dr 2V2mT ’
Hence, assuming 7 > 0 implies that %T(T) < 0, ie
Py(7) is convex in 7 when subject to Py(7) < 0.5.
Finally, ensuring that %T(T) is negative and increasing
in 7, i.e false alarm probability function is convex, it
follows that [1 — Pf(7)] is concave in 7. Hence, R(7) is

concave in 7. ]
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1 | INTRODUCTION

Abstract

This work proposes a fully distributed improved weighted average consensus
(IWAC) technique applied to a cooperative spectrum sensing (CSS) problem in
cognitive radio systems. This method allows the secondary users to cooperate
based on only local information exchange without a fusion centre. We have com-
pared 4 rules of average consensus (AC) algorithms. The first rule is the simple
AC without weights. The AC rule presents performance comparable to the tra-
ditional CSS techniques such as the equal gain combining rule, which is a soft
combining centralised method. Another technique is the weighted AC (WAC)
rule, using the weights based on the SUs' channel condition. This technique
results in a performance similar to that of the maximum ratio combining with
soft combining (centralised CSS). Two new AC rules are analysed, namely, WAC
accuracy exchange (WAC-AE) and IWAC; the former relates the weights to the
channel conditions of the SUs' neighbours, whereas the latter combines the con-
ditions of WAC and WAC-AE in the same rule. All methods are compared with
each other and with the hard combining centralised CSS. The WAC-AE results in
a similar performance of the WAC technique but with fast convergence, whereas
the IWAC can deliver suitable performance with small complexity increment.
Moreover, the IWAC method results in a similar convergence rate than the
WAC-AE method but slightly higher than the AC and WAC methods. Hence,
the computational complexity of IWAC, WAC-AE, and WAC is proven to be very
similar. The analyses are based on numerical Monte Carlo simulations,
whereas the algorithm's convergence is evaluated for both fixed and dynamic
mobile communication scenarios and under additive white Gaussian noise and
Rayleigh channels.

Because of the growth of the wireless communication services, the available spectrum has become scarce. Measurements
carried out by the Federal Communications Commission have demonstrated that the most of the allocated spectrum is
not utilised.! This motivates the use of the cognitive radio (CR) that has humanlike characteristics, such as learning, adap-
tation, and cooperation,>* which is able to increase spectrum efficiency considerably. In wireless regional area networks,
the main objective is to maximise the spectrum utilisation of TV channels. The CR is the main technology in the wireless
regional area network IEEE Standard 802.22,* which is applied in white space TV channels.

Trans Emerging Tel Tech. 2017;e3259.
https://doi.org/10.1002/ett.3259

wileyonlinelibrary.com/journal/ett Copyright © 2017 John Wiley & Sons, Ltd. 1o0f22
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One of the tasks realised by the CR is the spectrum sensing, which can be performed by means of single-band or multi-
band channel techniques, the latter being accomplished in multiple channels wideband scenarios. This task can be carried
out in 2 ways, either in a noncooperative manner, where secondary users sense independently the spectrum, or in a coop-
erative way, where the latter can be realised in a distributed or centralised way. In channel scenarios with shadowing and
deep fading, the noncooperative techniques result in poor performance. In such channel conditions, cooperative spec-
trum sensing (CSS) techniques are used, which allow the exchange of information between the elements of the network;
hence, channel severity can be partially surpassed because of the diversity gain obtained with the CSS techniques but
with an increase in the complexity cost. In this sense, secondary users can be deployed as cooperative elements aiming at
establishing a decision based on hard combining (AND, OR, and Majority) or soft combining rules, including equal gain
combining (EGC) and maximal ratio combining (MRC) rules.

In the cooperative centralised mode, a fusion centre (FC) is deployed as the final decision maker for all sec-
ondary users. Moreover, relay nodes are widely applied in cooperative schemes employing the amplify-and-forward
and decode-and-forward transmission protocols in a single-hop or multihop communication scheme. Usually, multihop
communication increases energy efficiency compared with the single-hop schemes.

The performance of the centralised cooperative spectrum sense schemes operating under fading and additive white
Gaussian noise (AWGN) channels is discussed in the work of Ibnkahla and Alkheir.’ As well known, the hard combin-
ing presents degraded performance regarding soft combining rules. Among the hard combining rules, the more reliable
performance is attained in most cases by the OR rule followed by the Majority and the AND rule, whereas among soft
combining, the EGC always results in the worst performance than the MRC rule.

The term distributed (or decentralised) is defined as the way in which the decision is formed, implying in a local
decision made by individual nodes. Thus, the term distributed CSS (DCSS) is defined as the final decision made
from information exchanged between each node that previously made a local decision. There are some techniques in
distributed/decentralised cooperative sensing such as belief propagation,® alternating direction method of multipliers,’
and consensus algorithms (CA).5°

Recently, the consensus techniques have become promising in distributed cooperative sensing that allows sensing
without a proper FC receiver in a local one-hop neighbour communication. Communication is based on bidirectional
links (full-duplex mode) and implies in a larger energy and spectrum efficiency and a smaller latency in the network.
However, the major part of existing techniques in the literature results in performance similar to the EGC centralised
cooperative sensing, which is called simply average consensus (AC). Zhang et al® proposed a novel consensus tech-
nique able to ensure a soft centralised cooperative sensing under the MRC rule. In the work of Ashrafi,"! a binary
consensus technique was developed to guarantee a superior performance to the quantised AC. Moreover, an AC tech-
nique applied to fixed and dynamic communication channels was discussed in the work of Li et al.”* A distributed
AC (DAC) was developed in the work of Teguig et al,"* based on the goodness-of-fit test. This technique requires only
the knowledge of the noise and using the Anderson-Darling test."* Furthermore, in the work of Vosoughi et al,"” a
trust-aware consensus was applied in the DCSS using gossip algorithm. In the work of Soatti et al,'é a technique named
weighted AC accuracy exchange (WAC-AE) was proposed to solve the localisation problem in networks equipped with
several fixed nodes ensuring similar performance to the WAC and optimal ML but with fast convergence. Moreover,
in the work of Nurellari et al,'” a new consensus technique was applied in a quantised way, whereas in the work of
Kailkhura et al,’® a new consensus technique was proposed to deal with security in a cognitive network in a system with
Byzantine attacks.

Against this background in the spectrum sensing methods, this paper proposes 2 new AC techniques for cooperative
decentralised spectrum sensing purpose, namely, the WAC-AE and the improved weighted AC (IWAC). The IWAC method
achieves the same performance of the WAC method, which is similar to the optimal MRC combining, but with a compet-
itive performance-complexity trade-off. The WAC-AE is deployed in DCSS for the first time. The proposed IWAC method
adopts similar conditions as that deployed in the WAC-AE and WAC rules. The advantage of IWAC lies on the lower
number of iterations to achieve a target performance, which implies in a lower overall power consumption in the whole
network. In summary, the following contributions of this paper are threefold:

« the proposition of new rules on AC for distributed spectrum sensing purpose in the CRN context, namely, IWAC and
WAC-AE, which can achieve similar performance to the optimal centralised CSS with a small or similar number of
iterations, depending on channel and system scenario,

« an analysis of convergence for the proposed consensus rules operating under fixed and dynamic network scenarios, and

« acomparative complexity analysis of the proposed IWAC and WAC-AE regarding other AC rules.
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TABLE1 Acronyms

3C Cooperative consensus convergence
AC Average consensus

ADMM Alternating direction method of multipliers
AF Amplify and forward

AWGN Additive white Gaussian noise

BF Belief propagation

CLT Central limit theorem

CR Cognitive radio

CSS Cooperative spectrum sensing

DAC Distributed average consensus

DCSS Distributed cooperative spectrum sensing
DF Decode and forward

ED Energy detector

EGC Equal gain combining

FC Fusion centre

FCC Federal communication commission
GoF Goodness of fit

IWAC Improved weighted average consensus
MCS Monte Carlo simulation

MRC Maximal ratio combining

NLOS Non-line of sight

PU Primary user

ROC Receiver operating characteristic

SE Spectral efficiency

SLEM Second largest eigenvalues modulo

SS Spectrum sensing

SNR Signal-noise ratio

SU Secondary user

WAC Weighted average consensus

WAC-AE Weighted average consensus accuracy exchange
WRAN Wireless regional area network

The rest of this paper is organised as follows. The CR system model is presented in Section 2. The formulation of the
centralised CSS and the fixed and dynamic channel communication model based on the graph theory are revisited in
Section 3. In Section 4, the existing AC techniques applied to DCSS are explored, whereas a novel DAC rule is formu-
lated in Section 4. Numerical results supporting our findings are analysed in Section 6. Concluding remarks are offered
in Section 7. For reference and due to the large number of abbreviations deployed in this paper, a list of acronyms is
summarised in Table 1.

2 | SYSTEM MODEL

We consider a cognitive wireless network with N SUs and 1 PU (single-band system). All SUs sense the spectrum and
cooperate with each other to determine the final decision. We can define 2 stages in the process, namely, the sensing phase
and the decision phase. In the sensing phase, each SU senses the spectrum. In this work, we adopt the energy detector
(ED) because it requires lower design complexity and no prior information of the primary user (PU) but with suboptimal
performance. For the ith SU, the received signal is defined as follows:

ni(t) ) HO
() = 1
H® {hisi(f) + ni(t) JH, M

where H, is the hypothesis that the channel is idle, H; is the hypothesis that the channel is busy, y;() is the received signal
by the ith SU, s;(¢) is a binary phase-shift keying-modulated signal transmitted by the PU, n;(¢) is the AWGN, and #; is the
amplitude channel gain that represents the multipath Rayleigh fading channel effect.
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2.1 | Energy detector

Using the ED," each SU calculates a decision statistic T; over a detection interval of Ny samples. The statistic test of the
ith SU can be written as

NY
Ti= Y (. )
t=0

Hence, it is compared with a predefined threshold A, and the decision of each user is
T; 2\ (3)

The value T; € R* under AWGN channels presents a statistical distribution given by’

T; ~ X%TW s Ho
X;Tw(Z’Y) s Hl )
where X%TW and X%TW@Y) is the central and noncentral chi-square distributions with 2TW = 2N, degrees of freedom and
noncentrality parameter of 2y.

Furthermore, under Rayleigh channels, the channel gain is random, and the distribution of the decision statistic
becomes’

> X%TW » Ho
i _
X%Tw(ZY) + eXP(ZY + 2) 5 Hl’

where the exponential distribution exp(2y + 2) presents parameter 2y + 2. The y is the average signal-noise ratio (SNR),
and vy is the instantaneous SNR.

Using the central limit theorem for a large number of samples, the ith statistic test T; is asymptotically normally
distributed with mean and variance given by*

N;c? ,H
Emy=4 %0 :
(NS + rll)Gl ) Hl
2N,c* , Hy
var(T;) = L .
Z(NS + Zni)ﬁi 5 Hls

where ciz is the noise variance, and the ith SNR of the SUs is given by

Ny, 2 2
5 87|y

ni=y — @)
t=0 i

3 | COOPERATIVE SPECTRUM SENSING

Centralised versus distributed CSS strategies are revised in this section. Besides, dynamic communication channels are
modelled with the aid of graph theory.

3.1 | Centralised CSS

Centralised CSS methods need an FC to operate. A cooperative network uses the SUs to sense the spectrum and an FC
for the final decision.

In the FC, there are some ways to determine the final decision, including the hard combining, which can use a different
decision rule such as the OR, Majority, and AND rules, and the soft combining way, which is based on EGC combining
and MRC combining rules.
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3.1.1 | Hard decision

In the hard combining spectrum sensing, N cooperative SUs are sensing the total spectrum cooperatively; the final

decision is given by the following metric, called final statistical test T}*D:

N
" = Yd 5)
i=

where d; is the decision of the ith SU and d; € {0, 1}, being d; = 0if PU is absent or d; = 1 if the PU is present in the band.
The performance is given in terms of probability of detection as follows’:

N

N q N-q
= 3 (V) | Tl - ®
=1 p=1

q=i

The Or-And-Majority rules allow to describe different ways to construct the threshold A in a hard combining centralised
CSS scheme; in summary, we have the following.

o Orrule: A = 1. The rule OR ensures minimum interference to the PUs. The PU is considered present in a band if only
a single PU sends one to FC in its decision, ie, if the statistic test of some SU adds one. It can be seen that the OR rule
is very conservative for the SUs to access the licenced band. As such, the chance of causing interference to the PU is
minimised.

« And rule: A = N, where N means the number of collaborative nodes sensing the same subband. It is an aggressive
rule, ensuring high rate of transmission to the SUs. The PU is considered present in the band if and only if all CRs'
collaborative nodes are sensing the presence of PU in the band;

« Majority rule: A = [%]. The PU is considered present in the band if the majority of SUs sends one to the FC. The
function [-] is the ceil function.

3.1.2 | Soft decision

The statistic test of the ith SU is sent to the coordinator, ie, the FC, which collects all values of test statistics from all SUs.
Then, the overall statistic test T;D is calculated at the coordinator node as

N
TfSD = Z;piTi~ @)
i=

If all p; is equal to each user, the cooperative technique has the EGC performance. If the values of p; is proportional to
SNR, then the performance is same to MRC.

As in the case of CSS and following the work of Zhang et al,® the final decision Ty is normally distributed with mean
and variance given by

N
By = § 2 PN T )
! TN (NG2(1 + 1)) M,
N 2 4
. “2NG’ , H,
var(Ty") = 2351 Lo ) ©)
Zi:l pi (2Nsci (1 + 2']1)) ) Hl'

As discussed in the work of Nurellari et al,’” the performance of the centralised soft CSS can be evaluated for a

given Pras
QP fvar (T o ) - B (T2[71 ) + B (T3]0

PC=0Q , (10)

d
var <Tj§D Hl)

where Q(-) is the Gaussian Q-function.
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SU4 SUS5

FIGURE 1 Decentralised cooperative scheme with 6 secondary users (SUs)'®

3.2 | Fixed and dynamic DCSS networks based on graph theory

The fixed-node and mobile-node cooperative networks are modelled based on a graph theory description. We define the
elements of the network as the vertices and the communication links as the graph edges.

3.2.1 | Graph theory results

To illustrate the graph theory-based description of a DCSS network, Figure 1 depicts an example of a DCSS network
with 6 SUs keeping a bidirectional (full-duplex) one-hop communication. From the graph theory, this network presents
6 vertices (or nodes) and 6 edges.

In this paper, we will consider a decentralised network operating under fixed and mobile communication channels.

3.2.2 | Fixed communication channel

We consider that there are N SUs interconnected and sharing the same channel bandwidth and links. The network is
modelled as a connected graph G = (7, &), where 7" = {1,2, ... ,N} is the vertices of the graph, ie, the SUs contained
in the network, and & C 7" X 7" is the edges, representing the channel links between the SUs. The set of neighbours for
the ith SU is represented as /#; = {j € 7" : (i,j) € &}, the cardinality (number of elements in the set) is represented as
N;, and the maximum cardinality is represented as max(;).

The symmetric adjacent matrix of the graph & is G = [gjlnxn, Where g; = 1if (i,j) € &, ie, when the ith SU
communicates with the jth SU and g; = 0 otherwise.

The Laplacian matrix of the graph & is defined as L = N — G, where N is the maximum cardinality diagonal matrix of
the graph defined as N = diag(Ny, ... ,Ry). Thus, the Laplacian matrix L = [l;j|nxny can be constructed as

N; Jif i=j
li=4-1 .if jeW amn
0 , otherwise.

To illustrate those definitions, the network presented in Figure 1, which will be analysed in Section 6.1.1, defines the
following diagonal matrix with maximum cardinality:

N6 = 5 (12)

cooco o~
cCoocowo
co oo o
oo ro OO
O~ oo oo
—_ o o9 oo
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and the adjacency matrix takes the form

010O0O0O0
101100
010100
G=lo 11011 (13)
000100
(00010 0]
Therefore, the Laplacian matrix for this network is given by
(1 -1 0 0 0 O]
-1 3 -1 -1 0 O
O -1 2 -1 0 O
L¢ = (14)

0 -1 -1 4 -1 -1
0 0 0 -1 1 0
0 0 0 -1 0 1

3.2.3 | Dynamic communication channel

Similarly to the static communication channel, in the dynamic channel case, the Laplacian matrix of the graph & (k) is
defined as L(k) = N — G(k), where k is an integer that represents the time of network change, ie, the graph positions
change according to the time integer intervals, N is the maximum cardinality diagonal matrix of the graph defined as
N = diag(Ny, ... ,Ny). Thus, the Laplacian matrix L(k) = [l;j]nxn can be constructed similarly as Equation 11.

A better description of the dynamic channel can be made taking into account a probability of connection (in the neigh-
bours’ communication sense) that can be described by the a priori probability Preonnection € [0, 1]. The probability of
link failure is Prgj = 1 — Preonnection- When this probability is zero, the channel is fixed, otherwise the network presents
some mobility. Hence, the structure of the Laplacian matrix is ready modified considering the a priori probability of
connection as:

N . . .
Zj:l Preonnection A i=j
Ipij = 4 —PTconnection ,if je (15)
0 , otherwise.

4 | CONSENSUS-BASED DCSS

Existing distributed consensus-based fusion techniques only ensure EGC performance; such techniques are identified as
average CA.® Therefore, the EGC performance is inferior regarding the centralised MRC combining (optimal combining)
schemes. Based on this, new CAs have been proposed in the literature to ensure MRC performance. These algorithms
are denominated weighted AC (WAC) techniques.® The performance of the WAC technique is close to that of the MRC
centralised combining (soft combining). However, the WAC algorithm has slow convergence in the case of unbalanced
SNR at different SUs, which are directly related to the weights design.

4.1 | Average consensus

In the AC method, the estimation of the ith SU energy is updated at the iteration time k = 1,2, ... according to the rule
as follows?:
xi(k+1) = xi(k) + o )" gy (xk) = xi(k)) , (16)
Jjew;

where «a is the iteration step size satisfying 0 < a < (max(X;))~'. The elements of the adjacent matrix g; define the
network topology.

The initial statistic before the fusion at the iteration k = 0 is considered as x;(0) = T;.

For the AC method, the final convergence is obtained as follows?®:

Y, x(0)

, when k — oo, 17)
N

xi(k) - x* =
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whereas the final decision is compared with a predefined threshold A and has the form

.. H, , X5 >\
Decision = . (18)
H; , otherwise.

In the compact vector-matrix form, the rule can be described as

where Pyc = I — a(N — G) is the Perron matrix and can be written also as Poc = I — aLsc. Here, the Laplacian
matrix is Loc = L, as defined in the last section. Hence, the performance regarding probability of detection, for a given
fail probability at the ith SU, can be described in the same way of Equation 10 but, now, considering distributed soft
CSS decisions.

Algorithm 1 describes a pseudocode of the AC method.

Algorithm 1 Average consensus
1: Input: o, K, T

2: fork=0toK —1do
3 x(0)=T

4  Pyx=I-oLx

5 xX(k + 1) = Pycx(k)
6: end for

7: Output: x

4.2 | Weighted AC
The WAC rule can approach to soft combining performance (MRC). The WAC rule is given by,

xilk +1) = xi(k) + = 3 g5x(k) = xi(k)). (20)
O je,
where ; is the weighted ratio according to the channel condition of the ith SU and a is the iteration step size satisfying
0<a< (max(Ni))_l. The final convergence is obtained as®:

Efil 0;x;(0)

N .
i=1 Wi

xi(k) - x* = , when k — co. (21)

Moreover, when the values of w; is equal to all SUs, the final convergence is similar to EGC combining, ie, the same of
the AC method.

In the WAC algorithm, the weights are related to the channel conditions of the ith SU. According to the work of
Zhang et al,® suboptimal weights for the WAC spectrum sensing receiver operating under Rayleigh fading channels can
be obtained as an estimative of the SNR state channel as follows:

k
1
o = ﬁ@;k_;n,@ —2Ny), (22)
where 7 is the length of the estimation window and Tj, is the goth measurement (statistic test) of the ith SU.
For the AWGN channel, the optimal weights are simply calculated solving an optimisation problem that maximises the
deflection coefficient® as follows:
o =L, (23)

(o
i

where 1, is defined in Equation 4.
Using the WAC in the compact form, the discrete consensus rule can be represented in the vector-matrix form as
follows®:
x(k + 1) = Pyacx(k), (24)
where the Perron matrix can be written as Py,c = I — aA™!Ly,c. The diagonal matrix A = diag(wy, ... , wy) is the weight
diagonal matrix. Here, the Laplacian matrix Lwac = L.
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The performance can be obtained in the same way of Equation 10 but, now, considering distributed soft decisions. The
pseudocode for the WAC algorithm is depicted in Algorithm 2.

Algorithm 2 Weighted average consensus

1: Input: o, K, A, T

2: fork=0toK —1do

3: x(0)=T

40 Pyac =I— aA ' Lyuc
5: xX(k + 1) = Pyucx(k)
6: end for

7: Output: x

4.3 | WAC accuracy exchange

Recently, the WAC-AE has been proposed’® and'® in a different context treated herein, ie, respectively to solve the local-
isation problem in networks equipped with several fixed nodes and deal with security issues in a cognitive network. In
the new context of DCSS, the WAC-AE rule to is given by
xilk+1) = x(k) + o ) aygy (%) = xi(k)) . (25)
=
where w; is the weighted ratio according to the channel condition of the jth SUs. The convergence is guaranteed taking
the step size among 0 < o < (maxizjE )" 1. The associated final convergence is obtained as

Zli\il 0;x;(0)

N 9
i=1 O

xi(k) —» x* = when k — oo. (26)

In the WAC-AE algorithm, the weights are related to the channel conditions of the jth SUs neighbours. Adopting the
suboptimal weights for Rayleigh channels results the following:

k
1
e ?@;H(T”” ~2N), @7

where ¢ is the length of the estimation window and T}, is the goth measurement (statistic test) of the jth SUs. Besides,
for the AWGN channel, the optimal weights are simply calculated as in Equation 23.
In the compact form, the discrete WAC-AE consensus rule can be represented in the vector-matrix form as

x(k + 1) = Pyac.apXx(k), (28)

where the Perron matrix is Pwacag = I — aLwacag. The modified Laplacian matrix Lyscag = Ui, oo INx 18
constructed as

ij ,lf i=j
Jen;

lijw/\C-AE = —(Oj 5 if ] € ‘/Vl‘ (29)

0 , otherwise.

The pseudocode of the WAC-AE is presented in Algorithm 3.

Algorithm 3 Weighted average consensus - accuracy exchange
1: Input: o, K, A, T
2 fork=0toK —1do
3 x(0)=T
4 Pyacar =1 - O‘A_ILWAC»AE
5 X(k + 1) = Pyac.aex(k)
6
7

: end for
: Output: x
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5 | IMPROVED WAC

In this section, we propose a new rule to WAC for a DCSS purpose. The new rule improves the WAC (IWAC) being
described by the following updating equation:

xik+1) =x(k) +2 Y g Xk -x®), (30)
o; jez/!/i )i 8ij [ j ]

where w; is the weighted ratio according to the channel condition of the jth SUs and w; is the weight according to the
channel condition of the ith SU. The convergence is guaranteed taking the step size in the interval as follows:

-1
O<a< (maxi Z (oj> . (31)

Jjes;
The final convergence to the IWAC method is obtained as

Zli\il ;x;(0)

N .
i=1 Wi

xi(k) —» x* = , when k — oo. (32)

Moreover, we can adopt the same suboptimal weights of the WAC rule (22) for the distributed cooperative SSNs operating
under Rayleigh fading channels as

k
1
=5 2, (Tep—2No), (33)
go=k—¢

where 7 is the length of the estimation window, & € (i, ), and T, is the goth measurement (statistic test) of SU. Again,
for the AWGN channel, the weights are calculated as in Equation 23, ie, w; = :—2

4

In the compact form, the discrete consensus rule can be represented in the Véctor-matrix form as
x(k + 1) = Pryacx(k), (34)
where the modified Perron matrix now is defined as
Prac = I — oA Liyac. (35)

In the proposed IWAC spectrum sensing, the modified Laplacian matrix Liwac = [l Inxn is constructed as

Zies @ Lif =]

ijIWAC = _wj > lf ] e ‘/V; (36)
0 , otherwise.
The matrix A = diag(wy, ... , ®y) is the weight diagonal matrix. Notice that the receiver operating characteristics (ROC)

performance for the IWAC spectrum sensor can be obtained in a same way of Equation 10 but taking into account
distributed soft CSS decisions, as discussed in Section 6.4.1.

A pseudocode for the IWAC implementation considering static and dynamic channel environments is presented in
Algorithm 4.
Algorithm 4 Improved weighted average consensus

1: Input: o, K, A, T

2: fork=0toK —1do

3 x(0)=T

4: Pryac =1 - (XA_ILIWAC
5 X(k + 1) = Pryacx(k)
6: end for

7: Output: x

5.1 | Convergence analysis for the IWAC algorithm

In this section, the convergence analysis for the IWAC algorithm is developed taking into account both system scenarios,
ie, static and dynamic SUs in the CR networks.
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5.1.1 | Fixed networks

Using the IWAC in the compact form, the discrete consensus rule can be represented in the vector-matrix form by updating
Equation 34, where the Perron matrix Prwac is given by Equation 35.

The TWAC rule convergence depends on the convergence of the infinite stochastic matrix product. Based on the
Perron-Frobenius theorem,**' we find the following:

P, = lim H e = —, (37)

k—oo

where oT = [w;0; ... oy] and vector 1 = [11 ... 1]7 has dimension N x 1.
The proof can be obtained considering that the matrix Prwac is a primitive nonnegative matrix, ie, the kth power is
positive for some natural number k with left and right eigenvectors u and v, respectlvely, which satisfy Prywacv = v and

uTPyuc = ul. The Perron-Frobenius theorem ensures that limg_, o, H =1 P = :’IlTlu

Lemma 1. Let & a connected graph with N vertices. The Perron matrix Pryac with 0 < a < (maXsze /ij)‘l has the
following properties.

« The Perron matrix Prwac is a nonnegative matrix with left eigenvector ® and right eigenvector 1.
« All eigenvalues of Perron matrix Pryac are in a unit circle.
+ The Perron matrix Prwac is a primitive matrix.

Proof. The first property is based on that Pryacl = 1 — aA ' Liwacl = 1 and o Pryac = o7 — a0’ A7 Liyac = o7 that
implies in a left eigenvector ® and a right eigenvector 1.

The second property is guaranteed by the Gershgorin theorem, and the third property is guaranteed by the step size
a of the IWAC method. O

Theorem 1. For the IWAC iterative process, the step size o satisfies the condition 0 < o < (max; Zje )7L, in which the
elements o; and w; operating in a fixed communication network occur infinitely (infinite iterations, fixed values); hence,
the iteration converges to

Zé\il 0;x;(0)

N

lim xi(k) =
k—o0 AR

(38)

Proof. The IWAC consensus method achieves asymptotically the convergence, and the Perron-Frobenius theorem
ensures that the limit limy_, o, H’;zl P,  exists for primitive matrices; then, we have

TWAC

x(k 4+ 1) = Pryacx(k),

k

=1 k+1)=1 P 0),
X" = lim x(k +1) kggl:[l £ X(0)
X" = 1ix(O) 9
wTl
- 0x;(0
where x = M
el O
O

5.1.2 | Dynamic networks

For a network with N SUs, there are a finite number of possible graphs (for example, r graphs). We denote the set of
possible graphs {%), ... , €.}, and there are a correspondent set of Perron matrices {Phy.c» --- » Piyac }- Considering that
1 < s < r. The WAC rule is given by

x(k +1) = P x(k). (40)
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The proof for the dynamic network follows that the IWAC consensus iteration is a paracontraction™ process with fixed
points building by the eigenspaces of the Perron matrices.

For the connected graph & (k) and the Perron matrix Prwac, @ nonnegative primitive matrix has o and 1 as the left and
right eigenvector, respectively. For a paracontracting matrix, we denote the subspace H(Pwsc), Which is an eigenspace
associated with eigenvalue 1. The collection of graphs { &1, ... , &, } are connected and occurs infinitely; the Perron matri-
ces satisfy N]_ H(P*wac) = span(l). From the properties of the paracontracting process, the subspace is fixed; then,
the iterative process has a limit, which is guaranteed by the Perron-Frobenius theorem that ensures the asymptotic
convergence.

Hence, the following theorem guarantees the convergence of the IWAC procedure operating under dynamic DCSS
networks.

Theorem 2. For the IWAC iterative process, the step size a satisfying 0 < o < (maxizje 071, with weight elements ;
and w; for a dynamic cooperative communication occurring infinitely (infinite iterations), the IWAC rule converges to

N
- w;x;(0
X = lim x;(k) = —z’—lN 2i(0)
koo i1 O (41)
. loT
or X = Tlx(O)

Proof. The proof is similar to the fixed network case, given that the Perron-Frobenius applies. Hence, the proof is
omitted. 0

It should be observed that the convergence of the fixed and dynamic communications results in the same final result.
Numerical evidence corroborating this fact is presented in Section 6.

6 | NUMERICAL RESULTS

In this section, we have compared the performance of various spectrum sensors discussed in this work. We have consid-
ered 4 scenarios, all of them with 1 PU, ie, PU= 1. In Scenario A, the network is fixed, ie, the SUs are considered static in
the same position during the entire DCSS process. The channel is considered only under an AWGN noise effect, where the
SUs' SNRs are contained in a range of [-10, 0] dB. The Monte Carlo simulations (MCSs) have been realised considering
a network with 6 and 10 SUs. In Scenario B, we consider 10 and 20 SUs in the network in an AWGN channel with SNRs
between [-10, 0] dB. Now, the scenario is dynamic, ie, the SUs has mobility in the network. In Scenario C, the channel
is Rayleigh with SNR € [-2, 5] dB. Furthermore, the SUs are fixed and the simulations consider 6 and 10 SUs. Finally, in
Scenario D, the network is dynamic under a Rayleigh channel and SNR values between [-2, 5] dB; 10 and 20 SUs have
been considered in the simulations. In Rayleigh channels, we have considered the weights w; as a perfect estimation of
the average SNRs in each node. The main system parameters for Scenarios A to D are summarised in Table 2.

Table 3 depicts the main adopted simulation parameters values. These values are adopted by all scenarios. For each
MCS, 5000 realisations have been considered with 12 samples per decision and a fail probability communication between
SUs in the dynamic channel as Prg,; = 0.4.

6.1 | Network topology

In this work, we consider 3 different topologies to the cognitive network. The distributed network topology is based
on graph theory. The application of graph theory in network context for consensus spectrum sensing purpose has been
described in Section 3.2.

6.1.1 | TopologyI-6SUs

This topology is based on the work of Kailkhura et al'*®* and depicted previously in Figure 1. The 6 SUs cooperate with
each other until the consensus convergence. 1 The associated adjacency matrix is defined in Equation 13.

*A paracontraction is a process where ||Piy,cX|| < ||X|| < PyyacX # X is guaranteed.
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TABLE 2 System scenarios considering PU = 1 user

Parameter Adopted Values
Scenario A

Channel AWGN

Network type Fixed, Prg,; = 0

Secondary users SU € {6,10} users

Range of SNR SNRgy € {0,-10} [dB]
Scenario B

Channel AWGN

Network type Dynamic, Pre,; = 0.4

Secondary users SU e {10, 20} users

Range of SNR SNRgy € {0,—-10} [dB]
Scenario C

Channel Flat Rayleigh

Network type Fixed, Pre;y =0

Secondary users SU € {6,10} users

Range of SNR SNRgy € {-2,5} [dB]
Scenario D

Channel Flat Rayleigh

Network type Dynamic, Pre,; = 0.4

Secondary users SU € {10, 20} users

Range of SNR SNRgy € {-2,5} [dB]

Abbreviations: AWGN, additive white Gaussian noise; PU, pri-
mary user; SNR, signal-noise ratio; SU, secondary user.

TABLE 3 Reference values used in simulations

Parameter Adopted Value
Samples N; =12

MCS trials 5000

SUs SU € {6, 10,20}
PUs 1

Prii 0.4

SNR range SNRgy € {-10,5} [dB]
Channels AWGN, Rayleigh
Network Fixed, dynamic

Abbreviations: AWGN, additive white Gaussian noise; MCS,
Monte Carlo simulation; PU, primary user; SNR, signal-noise

ratio; SU, secondary user.

6.1.2 | Topology II - 10 SUs

This topology is based on previous works.*’® The 10 SUs cooperate with each other until the consensus convergence.

Figure 2 shows the network topology.

FIGURE 2 Decentralised cooperative scheme with 10 secondary users (SUs)?



14 of 22 HERNANDES ET AL.
WILEY

Asaconsequence, the adjacent matrix in Equation 42 defines the network topology represented by the graph of Figure 2.

011000000 0]
1001000000
1001000000
0110110000
0001010000
Gu={p001101110 (42)
0000010000
0000010001
0000010001
000000011 0]

6.1.3 | Topology III - 20 SUs

We create a new topology to characterise the performance of the DCSS methods in larger networks. The 20 SUs cooperate
with each other until the CSS consensus achieves convergence. Figure 3 depicts the graph for the network topology, and
the adjacent matrix Gy is straightforwardly defined in a similar way of the G in Topology II.

6.2 | Parameter values and scenarios

The 2 main parameters analysed in this work are the numerical cooperative consensus convergence and ROC. The goal
of the numerical convergence analysis is to determine and compare the number of iterations needed for each consensus
spectrum sensing technique that achieves practical convergence. The parameter considered herein is the level of energy
of each ED in decibel. The cooperative consensus convergence is given when the energy difference AE among all the SUs'
output energy detected is AE < 1 dB. The ROC analysis is the main figure of merit of analysis in the SS methods. The
ROC is the relation of the probability of detection against the probability of false alarm.

6.3 | Convergence

In this section, we consider the numerical convergence as a figure of merit for analysis of the 4 consensus-based distributed
spectrum sensing methods. The consensus methods are numerically compared considering the different scenarios aiming

FIGURE 3 Decentralised cooperative scheme with 20 secondary users (SUs)
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TABLE 4 The number of iterations for the DCSS
method to achieve convergence under AE < 1 [dB]

Scenario #SUs AC WAC WAC-AE IWAC

A-AWGN 6 4 15 5 15
(Fixed) 10 4 6 9 10
B-AWGN 10 4 6 9 10
(Mobile) 20 22 25 30 31
C-Rayleigh 6 15 19 35 34
(Fixed) 0 19 11 18 27
D-Rayleigh 10 19 11 18 27
(Mobile) 20 42 48 >50 >50

Abbreviations: AC, average consensus; AWGN, additive white
Gaussian noise; DCSS, distributed cooperative spectrum sensing;
IWAC, improved weighted average consensus; SU, secondary user;
WAC, weighted average consensus; WAC-AE, weighted average
consensus accuracy exchange.

at demonstrating the effectiveness of the spectrum sensing methods. The results regarding the number of iterations for
convergence are synthesised in Table 4.

For Scenario A, the network with 10 SUs needs a less average number of iterations to reach the convergence crite-
rion AE < 1 [dB], compared with the network with 6 SUs, due to the higher availability of connections among the SU
neighbours. On average, the AC method needs less number of iterations than the WAC, WAC-AE, and IWAC methods to
achieve convergence in almost all scenarios, including AWGN X Rayleigh, fixed x mobile channels, and a low-medium X
a high number of cooperative SUs.

In most cases, the IWAC method requires a higher number of iterations to achieve AE-based convergence, whereas
the WAC-AE method operating under dynamic/mobile channels needs approximately the same number of iterations
compared with the IWAC method yet higher than AC and WAC methods. Moreover, as expected, in the Rayleigh channel
scenarios, all methods require a higher number of iterations to achieve convergence due to the channel characteristics.
Notice that, in the analysed numerical simulations, we have averaged on 500 channel realisations; the Rayleigh channel
coefficients and SU localisation (reflecting different SNRsgy) have been taken randomly and deployed to characterise the
spectrum sensing detectors' convergence.

Figure 4 depicts convergence behaviour for the 4 AC detectors in the case of 10 SUs operating under dynamic AWGN
channels, whereas Figure 5 reveals the convergence trend for the case of 10 cooperative SUs in a fixed network under
Rayleigh channels.

6.4 | Receiver operating characteristic

The global ROC for the various spectrum sensing methods is numerically compared considering different scenarios
(A, B, C, and D) aiming at demonstrating the effectiveness of the proposed cooperative IWAC method under both
AWGN and non-line-of-sight-Rayleigh channels. Indeed, Figure 6 depicts the ROC for several classical methods and
the proposed IWAC and WAC-AE DCSS methods, considering 6, 10, and 20 SUs, AWGN Channel, fixed and dynamic
Networks.

For the 6 SUs, the WAC and the proposed WAC-AE methods have similar performance and can be compared with
that of the MRC rule, which represents the optimum centralised SS performance. The proposed IWAC method presents
a slight degradation compared with the WAC and WAC-AE methods but keeps better performance compared with the
AC method, which has similar performance with the EGC rule. On the other hand, the classical hard combining rules
result in poor performance compared with the soft combining rule. Among all classical rules, the OR rule has the best
performance whereas the AND rule presents the worse performance. A similar conclusion can be obtained for 10 and 20
SUs (see Figures 6B, 6C, and 6D). Moreover, the mobility of network does not affect substantially the ROC performance
of all spectrum sensing techniques operating under AWGN channels.

The ROC behaviour for the 9 spectrum sensing rules operating under Rayleigh channels and 6, 10, and 20 fixed
and dynamic SUs is depicted in Figure 7. Again, for 6 SUs, the IWAC, WAC-AE, and WAC methods demon-
strate similar performance when compared with the optimum performance (MRC rule). The AC method has
similar performance to the EGC rule, and for this scenario, it results in a similar performance of the MRC and WAC
methods. Interestingly, one can conclude that, in severe Rayleigh fading channels scenarios, the OR rule results in a
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FIGURE 4 Convergence for the different decentralised cooperative spectrum sensing under AC rules considering 10 secondary users
(SUs) and dynamic additive white Gaussian noise channel. A, AC; B, WAC; C, WAC-AE; D, Proposed IWAC. AC, average consensus; IWAC,
improved weighted average consensus; WAC, weighted average consensus; WAC-AE, weighted average consensus accuracy exchange

suitable performance whereas the AND rule performances has worse. A similar conclusion can be obtained for a different
number of cooperative SUs. Finally, the mobility of network does not affect the ROC performance substantially. Note
that the suitable ROC performance achieved for all rules, except the AND rule, under Rayleigh channels could be
attained because of a higher range of SNRgy € {—2,5} [dB] when compared with the SNR range adopted in AWGN
scenarios.

6.4.1 | Analytical versus simulated ROC

Figure 8 demonstrates the local (distributed) ROC for the proposed IWAC-DCSS method considering only Scenario A
(6 and 10 SUs in an AWGN fixed channel). The analytical expression for the ROC of each SU inspired in Equation 10, but
considering the local decision, is compared with the numerical MCS results. In the analytical performance considering
a fail probability at the ith SU, P} can be described adapting Equation 10 to the distributed IWAC soft CSS decision as
follows:
[ (B) Veartal o) - B + Ecl o)
P,=Q ,
’ VvarGalH)

(43)
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FIGURE 5 Convergence for the different decentralised cooperative spectrum sensing rules considering 10 secondary users (SUs) under
fixed Rayleigh channel. A, AC; B, WAC; C, WAC-AE; D, Proposed IWAC. AC, average consensus; IWAC, improved weighted average
consensus; WAC, weighted average consensus; WAC-AE, weighted average consensus accuracy exchange

where

E@|Hoq) =4

Var(xi|H0,1) =1

k
(HPfWEm(onHo) . Ho
=1 i
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( P,  Ex(0)|H;) » Hy
L \/=1 i
(/ k k
(HPKW cov(x(0)| Ho) [ [Pr.c
=1 =1 i

k
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L ii

where cov(x) = E[(x — E(x))(x — E(x))7] is the covariance matrix of the vector x.

(44)

b HO
(45)
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FIGURE 6 Global receiver operating characteristic for several decentralised cooperative spectrum sensing methods operating with 6, 10,
and 20 secondary users (SUs) for fixed and dynamic networks in additive white Gaussian noise channels. A, Fixed network, 6 SUs; B,
Fixed network, 10 SUs; C, Mobile network, 10 SUs; D, Mobile network, 20 SUs. AC, average consensus; EGC, equal gain combining; IWAC,
improved weighted average consensus; MRC, maximal ratio combining; WAC, weighted average consensus; WAC-AE, weighted average
consensus accuracy exchange

Indeed, for Scenario A, Figure 8 demonstrates a suitable fitting among the Monte Carlo simulated results and the
analytical expression, evidencing that the set of Equations 43 to 45 is a valid analytical description to characterise the
IWAC ROC performance.

6.5 | Computational complexity and average convergence time for DAC techniques

The average convergence time for the AC methods was established in the work of Benezit et al,** considering a large number
of nodes n (or number of SUSs) in the network as

log(n)

Tac(m) = 0 [ —28%___
< <1—Pz(]E[PTP])

>, (large n),

where p, is the second largest eigenvalue modulo (SLEM), the associated Perron matrix is P, and n is the number of nodes
in the network (number of SUs). When p,(E[PTP]) — 1, it implies that the number of secondary users in the network
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FIGURE 7 Global receiver operating characteristic for several decentralised cooperative spectrum sensing methods operating with 6, 10,
and 20 secondary users (SUs) for fixed and dynamic networks operating under Rayleigh channels. A, Fixed network, 6 SUs; B, Fixed
network, 10 SUs; C, Mobile network, 10 SUs; D, Mobile network, 20 SUs. AC, average consensus; EGC, equal gain combining; IWAC,
improved weighted average consensus; MRC, maximal ratio combining; WAC, weighted average consensus; WAC-AE, weighted average
consensus accuracy exchange

tends to infinity, ie, n — oo. In this way, the average convergence time allows us to verify the dependence of the number of
iterations for convergence regarding the size of the network and the AC rule chosen. In other words, the higher the value
of p,(E(PTP)), the more time is required to the consensus rule to achieve convergence.

The AC complexity analysis based on SLEM values associated to the Perron matrices for each AC rule analysed in
this work confirms the tendency found in our numerical results of Section 6.3, corroborating our findings that the AC
rule achieves reduced convergence time among the analysed rules, followed by our proposed WAC-AE and IWAC rules,
and finally by the WAC rule. In fact, in our paper, we consider a low number of nodes in the network. Hence, a more
appropriate expression correlating the SLEM (p,) and average convergence time is as follows*:

?AC -1 (small or medium n),

1
n
( p,(E[P])

where In(-) is the natural logarithm.
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The asymptotic expressions for the computational complexity of the analysed AC rules have been determined from the
AC pseudocodes (Section 4) and depicted in Table 5. As expected, the AC has the lower computational complexity among
all AC distributed SS methods. The methods WAC, WAC-AE, and IWAC distributed consensus methods present same
computational complexity order, resulting in a quadratic dependence with the number of SUs N and a linear dependence
with the number of iterations K.

7 | CONCLUSIONS

In this paper, we have proposed and analysed 2 new decentralised average consensus-based spectrum sensing schemes,
namely, IWAC and WAC-AE, and have compared their performance and complexity with 2 other conventional CSS
decentralised consensus-based methods (AC and WAC), as well as other traditional centralised CSS under hard and soft
combining rules. The performance comparison is made regarding the ROC and numerical versus analytical convergence.
The proposed IWAC method results in a similar convergence rate to that of the WAC-AE method.

Regarding the ROC analysis, the WAC and WAC-AE methods demonstrate similar performance, which is compara-
ble with that of the centralised MRC rule. Moreover, the AC method and EGC have also similar performance, which
results worse than the MRC performance. Indeed, the proposed decentralised IWAC method has demonstrated an ROC
performance in between the centralised MRC and EGC rules.

The weighted DCSS methods discussed herein result in a similar computational complexity cost, being asymptotically
equal to the product of the squared number of cooperative SUs and the number of iterations, ie, N°K. Another way to
evaluate the complexity of the AC rules is the average convergence time based on the SLEM, which is dependent on the
associated Perron matrix P and the number of SUs n. The AC complexity analysis based on SLEM has confirmed the
tendency found in our numerical simulation results, corroborating our conclusion that the AC rule achieves reduced
convergence time among the analysed rules followed by our proposed WAC-AE and IWAC rules and, finally, by the WAC
rule. In summary, the IWAC method results in a similar convergence rate than the WAC-AE method but slightly higher
than the AC and WAC methods.
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