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Cooperative Wideband Spectrum Sensing over
Fading Channels

Hongjian SunMember, IEEE, Arumugam Nallanathargenior Member, |EEE,
Shuguang CuiSenior Member, |IEEE, and Cheng-Xiang Warfg Senior Member, |EEE

Abstract—In cognitive radio (CR) systems, it is crucial for
secondary users to reliably detect spectral opportunitiegcross a
wide frequency range. This paper studies a novel multi-ratesub-
Nyquist spectrum sensing (MS) system capable of performing
wideband spectrum sensing in a cooperative CR network over
fading channels. The aliasing effects of sub-Nyquist samiplg are
modelled. To mitigate such effects, different sub-Nyquistampling
rates are applied such that the numbers of samples at differg
CRs are consecutive prime numbers. Moreover, the performace
of MS® over fading channels (Rayleigh fading and log-normal
fading) is analysed in the form of bounds on the probabilities of
detection and false alarm. The key finding is that the widebad

e.g., matched-filtering, cyclostationary feature detagtiand
energy detection [3]. Horgan and Murphy [4] analysed the
performance of energy detection over Nakagamifading
channels. Sofotasia al. [5] investigated the case of applying
energy detection over generalised-p and x—p extreme
fading channels. The analysis was then extended to the €ase o
cooperative spectrum sensing where each CR can transmit its
decision or measurement to a fusion center (FC) where final
decision is made. A simple fusion scheme used in the FC
is hard decision fusion which fuses decisions from multiple

spectrum can be sensed using sub-Nyquist sampling rates inCRs. It is upper bounded by the soft decision fusion scheme

MS? over fading channels, without the need of spectral recovery
In addition, the aliasing effects can be mitigated by the usef
different sub-Nyquist sampling rates in a multi-rate sub-Nyquist
sampling system.

Index Terms—Cognitive radio, wideband spectrum sensing,
sub-Nyquist sampling, Rayleigh fading, log-normal fading

I. INTRODUCTION

(i.e., square-law combining scheme [6]) where innite mieai
energy vectors are transmitted to the FC. Hergthal. [7]
and Atapattuet al. [8], [9] further analysed the performance
of energy detection on the signal processed by maximal ratio
combining (MRC), equal gain combining (EGC), and selection
combining (SC) schemes over Nakagatmiand Rician fading
channels together with shadowing effects.

Ideally we hope that, if a PU reappears, CRs have sev-

A crucial requirement of cognitive radios (CRs) is thagral other possible vacant subbands to access, facigtatin

they must be able to rapidly find and make good use
spectral opportunities without causing harmful interfexe

geamless hand-off from one spectral channel to another. Un-
fortunately, aforesaid narrowband spectrum sensing ifgos

to the primary user (PU) [1], [2]. The ability of findingignore the diversified individual spectral opportunitiesass
spectral opportunities is called spectrum sensing, which the wideband spectrum. Driven by the desire of exploiting
considered as one of the most critical components in a @Rder bandwidth in CR networks, revolutionary wideband
system. When the frequency range is sufficiently narrow sugpectrum sensing techniques become increasingly imgortan

that the channel frequency response can be considered

fiad deserve exploratory research. In previous work, (atian

narrowband spectrum sensing algorithms can be applied, [10], [11] proposed a multiband joint detection (MJD)
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approach that can sense the primary signal over a wide
frequency range. It has been shown that MJD has superior
performance for wideband spectrum sensing. In [12], Tian
and Giannakis studied a wavelet detection approach, which
could adapt parameters to a dynamic wideband spectrum.
Furthermore, they elegantly applied the compressed sgnsin
(CS) theory to implement wideband spectrum sensing by using
sub-Nyquist sampling techniques in [13]. Later on, the CS-
based approach has attracted much attention [14]—[19]gwin
to its advantage of using much fewer samples to perform
wideband spectrum sensing. In our previous work [21], t@sav
system energy, adaptive CS-based spectrum sensing approac
was proposed that could find the best spectral recovery with
high confidence. Unfortunately, using CS-based approaches
the spectral recovery requires high computational conityiex
leading to a high spectrum sensing overhead that may be a
serious issue in CRs with restricted computational resmsirc

The major contributions of this paper can be summarized
as follows:



« We introduce a multi-rate sub-Nyquist spectrum sensifighe discrete Fourier transform (DFT) spectrum of the sathple
(MS?) approach for cooperative wideband spectrum sensignal in segmeny, i.e., X ;. is given by
ing in a CR network. Since the spectral occupancy is No1
low, sub-Nyquist sampling is adopted in each sampling X k] = Z xij[n](if]%rkn/N’ k=0,1,--- ,N—1 (2)
channel to wrap the sparse spectrum occupancy map. '

The sensing overhead is therefore significantly reduced. .

The effects caused by sub-Nyquist sampling are analyz&_ﬂerej = \/—_1 We model_ Spectrgm sensing on frequency
and the test statistic is represented by a reduced data®Btk as a binary hypothesis test, i.8{ . (absence of PU)
obtained from multi-channel sub-Nyquist sampling. ~ @nd?#1 ;. (presence of PU) [11]:

« We propose to use diffe_rent samp_ling rates in diffe_rer}} . Z: (K], Hoi OF k € Qz 3
sampling channels (equivalently different CRs) for im ijlk] = { H o [K]Si s (k] + Zos[K], Hog of k € Q) )
proving the spectrum sensing performance. Specifically,
in the same observation time, the numbers of sampledere Z; ;[k] is complex additive white Gaussian noise
in different sampling channels are chosen as differefWGN) with zero mean and variancg,, i.e., Z; ;[k] ~
consecutive prime numbers. CN(0,67,), Hi;[k] denotes the discrete frequency response

« We mathematically analyze the performance of 3MSPetween the PU and CRS; ;[k] is assumed to be a determin-
over fading channels, and then derive some closed-foftiC signal sent by the PU on frequency in(2; denotes the
bounds for the average probabilities of false alarm arffpectral support such thét; = {k|PU presents ai; ;[k|},
detection. and Q, = {k|PU does not present aX; ;[k]}. Here, we

The key advantage of MSs that the wideband spectrum usconsider that all CRs are sensing the same spectrum caused
the same set of PUs such that the $ets Q0 = --- = Q.

ages can be detected directly from a few sub-Nyquist samp@'s > e . i
without full spectral recovery that is usually required tjper Ir; addition, for simplicity, we assume that the noise vagen
sub-Nyquist techniques. Compared with the existing spectr 47 ), is normalized to be 1. The observation t_|rfe|s chosen
sensing methods, MScan achieve better wideband spectrur{'P be smaller than the channel coherence time such that the

sensing performance with lower implementation complexityagnitude offZ; ;[k] remains constant withifl” at each CR,

The rest of the paper is organized as follows. Section tF* constantH; ;[k]| over different segment.

introduges traditional spectrum sensing using energyc(tﬁte_ Since an energy detector does not require any prior in-
In Sectlon.lll, We propose the wideband _spectr(um ‘.Q’enSI?grmation about the transmitted primary signal, with lower
approach, i.e., M& The performance analysis of M$using

faded signals is given in Section IV. Section V presenf:som|0|ex'ty than other spectrum sensing schemes [20], we

. . . . . . . adopt the energy detection approach in this paper. Theveatei
simulation results, with conclusions given in Section VI. : :
signal energy at each frequency bin can be calculated as

n=0

Il. TRADITIONAL SPECTRUM SENSING USING ENERGY

J
E; k] = Xi,sz, k=0,1,--- ,N —1. 4
DETECTION (] ;| K]l (4)

Let us assume that all CRs keep quiet during the spectr4fRe gecision rule at frequency binis then given by
sensing interval as enforced by protocols, e.g., via theiuned

access control (MAC) layer [10]. Therefore, the observed Hik
spectral energy arises only from PUs and the background E;[k] E i, k=0,1,--- ,N-1 (5)
noise. Additionally, we assume that on each frequency bin at Ho,k

most one PU sends data, e.g., when the orthogonal frequency- : . . —y
division multiple access (OFDMA) transmission scheme WHereAk is the detection threshold. The signal energy distri

used by PUs. The total bandwidth of the signal sensed at eaEcLﬁIon on frequency birk can be modeled as [20]

CR isW (Hertz). Over an observation tin¥, if the sampling ] ~ { X3, Hor OF k € Q)
rate f (f > 2W) is adopted, a sequence of Nyquist samples ! X2;(27vilk]), Hixorkey
will be obtained with the length of T'. The observation time A VHL kS K2
T is chosen such thatT is a non-prime natural number, e.g.Wherey;[k] = —5=-=- denotes the SNR on the frequency
T = 4 thus, fT can be written a7 = JN, where both bin & at CR i, X%:, denotes the central chi-square distri-
J anc{N are natural numbers. Furthermore, this lengthi- bution, andx2,(27;[k]) denotes the non-central chi-square
sequence is divided intd equal-length segments and eachistribution. Both of these distributions ha®J degrees of
segment has the length of. If we usexzc;(t) (t € [0,T]) freedom andy;[k] denotes the non-centrality parameter. The
to represent the continuous-time signal received at ©CR probabilities of false alarm and detection are given by [20]
after Nyquist sampling, the sampled signal can be denoted (A
by iln] = wei(n/f). n =01, JN ~ L AtCRi the  pNu _ py(p,[k] > AfHos) — 22 @)
sampled signal of segmerjt(j € [1,.J]) can be written as " ' I'(J)

{ vos ((jfl)NJrn) n=0.1, - N—1 Pyt = Pr(Ei[k] > \e|Hax) = Qs (\/ 27i[kl, \/A—k) (8)

(6)

d ’ )

T, 5|1 . .
it 0, Otherwise where I'(a) denotes the gamma functioth,(a,z) denotes



6) The received data from all CRs is fused in the FC to

}
I~
.

Wideband| | Sub-Nyquist o RAR form a test statistic.
Filter Sampling Energy .
Cognitive Radio 1 / 7) The FC chooses the detection threshold and performs
Wideband Sub-Nyquist Y, Signal ﬂ < binary hypothesis tests.
T Rt [ semping [ [ M energy [ 8) The FC shares the detection results with all CRs via the
: Cognitive Radio 2 . dedicated control channel.
. L o //
| widebana| ["sub-Nyquist A rer LY signal | Bl YOS
Filter Sampling Energy
Cognitive Radio v B. Sub-Nyquist Sampling and Data Combining
~ At CR 4, we use sub-Nyquist raté; (f; < 2W < f) to
Data E,\. Hypothesis Ho . . . .
Fusion et [Ho sample the continuous-time signal;(¢). The sampled signal
_ can be denoted by;[n] = z¢;(n/f;), n=0,1,--- ,JM; —1
Fusion Center s g
where JM; = f;T and M; is chosen to be a natural

Fig. 1. Block diagram of multi-rate sub-Nyquist spectrumsiag system. number. The sampled signal is then divided imequal—length
segments. The segmept(j € [1, J]) can be written as

. . . ( G=DMi+n =0.1.---. M —1
the upper incomplete gamma function, aqq (a,x) is the yiiln] = Ze,i 7, , n gLy My )
generalized Marcum Q-function defined b9, (a,z) = ’ , Otherwise

00 g — aZ4t? . . . .
sot [, te” = I, a(at)dt in which I,(a) is the vth  The DFT spectrum of the sampled signal of segmeft
order modified Bessel function of the first kind. [1,.J]) is then given by

M;—1
II_I. IVIIL-JLTI RATE S-UB-N\-(QUIST SPECTRUM SENS-ING CY,lm] = Z yis[nle= MM 01 M, — 1
It is difficult to realize wideband spectrum sensing, since oy
it requires a high-speed Analog-to-Digital-Converter @D (10)
for Nyquist rate sampling. We now present an M&heme With the aid of Poisson summation formula [22], the DFT
using multiple low-rate sub-Nyquist samplers to implemerspectrum of sub-Nyquist samples can be represented by the

wideband spectrum sensing in a CR network. DFT spectrum of Nyquist samples as proved in Appendix A:
A. System Description M, &

Consider that there are synchronized CRs collaborating Yijlm] = N Z Xiglm +1M3), m=0,1,---, M; — 1
for wideband spectrum sensing, and the FC could be one of f=—oo (11)

the CRs and have good channel gain with the other CRs (€\gherel is an unknown integer withifd, N'/M, — 1] such that
geographically nearby). Due to low primary spectral occy;, | jps. e ;.

pancy [13], the receive_d signals at CRs are naturally SPAS% e issue caused by sub-Nyquist sampling is signal over-
in the frequency dom_aln. Here, we assume that the _Nyqul'ﬁbping inY;_;[m]. However, if we choose parametar such
DFT spectrumy;,; defined in (2) iss-sparse { < N), which 04 v 5. S"and let the sub-Nyquist sampling rate satisfy

implies that only the largest out of N components need to M. ~ O(VN). the probability of signal overlapping is ver
be counted. The spectral sparsity level, iseGan be obtained _ . (VN), P Y ; PPIng y

: P small (as proved in Appendix B). As such, we only focus on
from sparsity estimation [16] or other methods. As show, o cases: no signal on frequency bin and one signal on

in Fig. 1, MS’ consists of several CRs, each of which hageqency binm. In the first case, only noise exists. In the
one wideband filter, one low-rate sampler, and a fast Fourigl - g case, only a singleis active in (11), and the other

transform (FFT) device, where the wideband filters are setg s iy the summation of (11) can be modeled as noise based
have bandwidth ofV. The operation of MScan be described on (3). Thus, the following equation holds from (3) and (11):

as follows: v .
1) As the coordinator of M§ the FC allocates differenty; ;1 — J & 2y Zijlm + v M), First C
: - : i X, i[m 4 IM) + Mo~ Zs iim + v M), Secon
sub-Nyquist sampling rates to different CRs according N “Yij i N 2wl Zij il
to Theorem 1. ) (12)
2) CRs perform sub-Nyquist samplings during the obsérurthermore, using (3) and (12), we can model the DFT
vation timeT. spectrum distribution of sub-Nyquist samples by
3) The sub-Nyquist DFT spectrum is calculated by using )
sub-Nyquist samples and an FFT device. N v {|k| CN(0,0¢,; | k
4) The signal energy vectors are formed by using the suly-p7, **/ mod (M;) | ™ I 9
Nyquist DFT spectrum. CN (\/ N Hi K] Si [k]"ssxé,k) , K
5) The CRs_transmit these signal energy vectors, i.e., (13)
Es1,---, Es, as calculated in (15), to the FC by usingNhereééi’,c is the noise variance of sub-Nyquist DFT spec-

a dedicated common control channel. trum, which can be represented by the noise variance of



Nyquist DFT spectrum using (11): in (17). Consequently, the s@fw can be defined as

2 ’ ’7 ’
N1 (M [N Q ié{k‘k Ok € i} (20)
62,4 = {ﬁw <W 5P ) 02, ~ 0%, (14) u, AUN
~—~ Note that the aliased frequencies 8gt, can lead to the same
No. of sums Scaling of Y; ; |

distribution as that of2; due to the aliasing effect. Thus, we
Where( ] (the smallest integer not less thq@#) denotes can model ESz using (16) as
the number of summations in (11).

N X5, ke Q/UL
The signal energy of sub-Nyquist DFT spectrum at each CRMES ik~ X3, (2%ym]), ke Qp,;,m e
node is then calculated as Xg'] (2%% [k]) . ke 1)
Esim Z lYi;im]|”, m=0,1,--- ,M; —1. (15) wherey;[m] denotes the SNR on the frequency birwhich is

related to the observed frequency Biby & = |m| o4 (ar,) +
IM; as shown in (19). Such a representation is used for
, explaining the aliasing effect: observing a frequency hin
ﬂE , {|k:| } { Xas ke we may find spectral component from another frequency bin
Mt [ mod (Mo X3y (2% [K]), ke, m which folds back tok due to sub-Nyquist sampling.

(16) Revisiting (17), we find that summing up energy vectors

where the length of energy vect(ﬁSz is M;. We note that, /
due to the sub-Nyquist sampling, the noise is folded frofrom d,|fferentCRs will resultin two new setez, = Uy 190,

the whole bandwidth onto all signals of interest as showd {u = Ni-1Qy,;, where 2, denotes the set of aliased
in (12). As a result, comparing (16) with (6), we find thafrequencies and)U is the set of unaffected/unoccupied fre-
the received SNR |n the sub-Nyquist sampling channil quencies OfEs due to the sum operation. The definition
degraded fromy; to X N i~;. This SNR degradation depends o®f the setQU is based on the fact that the frequency bin
the ratio between the number of samples at the sub-Nyquisof Ls can be classified as unaffected/unoccup|ed only if
rate and that of at the Nyquist rate (i.€4). k e QUZ,Vz € [1,v]. Furthermore, sinceis[k], k € Q is
only affected by the noise, we can model it by the central chi-
In MS?, the signal energy vectoiss 1, - , Es, calculated square distribution witt2Jv degrees of freedom. On the other
in (15) are then transmitted from CRs to the FC, which leagiand, the definition of2, is due to the fact that the frequency
to a test statistic: bin k of Es can be classified as aliasedkife Q) , inone or
N more than one channels (i.e., CRs). For conveniencel jet
= Z MESJ“M mod (1)), k=0,1,--+ N -1 denote the set of CRs in which each CR can generate aliased
=1 (17) frequencies on the frequency bini.e., Ty = {ilk € Q, it
where {T- is a scaling factor to reconcile the different noisé\dditionally, applying the property of the sum of non- -catr
variance of CRs caused by different sub-Nyquist samplifdji-square variables to (17), we can modelk], k € Q,
rates. To test whether the PU is present or not, we adopt & a non-central chi-square distribution withiv degrees of

whose dlstrlbutlon can be modeled with (13) and (15) as

following decision rule: > 7i[m] by
— & i€y —
Eslk] g Mo B=01,00, N =1, (18) using (16). Based on above discussions, the distributiaBsof

’ can be modelled as
To analyse the performance of the decision rule in (18), we 5 ke ql
aim to modelFEs through the use of (16) and (17). However, X270 U
this is very challenging since different energy vectors in_— 2 2 Mo~ ke, 0
N ) . . X270 ivilm| |, Kk Eellp,me
(17) may contain different mirror images of the original PU Es[k] ~ AN z'gr:k ] A

frequencies. To assist the analy5|s we divide the Qet 9 9 &

of (16) into two d|SJO|nt subset@A and Q; such that X270 WZ; Mm[k]) kel

Qp,; Uy, =2 andQ, Ny, = 0. Here, let®), ; denote (22)

a set of aliased frequencies (i.e., false frequencies appwhiere bothk ¢ , andk € €, mean that the frequency bin

as mirror images of the original PU frequencies around ttenot used by PUs, thus corresponding to the hypotiésis
sub-Nyquist sampling frequency), amL represent a set of The former case denotes that there are no aliased freqgencie

unaffected/unoccupied frequencies. Accordmgly, ther@g on the frequency bik, while the latter case implies that there
can be written as © are cardY,) aliased frequencies on the frequency kiHere,

) card Yx) means the cardinality of the s&}, i.e., the number
M, = {k‘k = || mod (M) +IM;, k€[0,N—1],m € sz of elements of the ser;, which is equivalent to the number
(19) of CRs that have aliased frequencies on the frequency bin
where |m/| 04 (ar,) iS used for describing the aliasing effecThus, when analysing the probability of false alarm, we know
due to sub-Nyquist sampllng ard/; is used for accountlng that the former case leads to a lower probability of falsenala
for the index extension fro),--- ,M; —1t00,--- ,N —1 smceES[k] k € Q, contains noise only. In contrast, the latter



caseﬁs[k:], k € Q, leads to a higher probability of false alarmbounds:
since it contains not only noise energy but also the energy

of aliased frequencies due to sub-Nyquist sampling. Hendé(Jv, %) < P, < 2

the probability of false alarm on the freguency t&imqn be T(Jv) ~ th < Qo N Z
bounded by considering two casgse 2, andk € €, in
(22) and applying similar approach used in (6), (7), and (8):

Mi’yi [k]v \/)‘_62 )

1€Y,card Yy )<s

FPor > Qo ( %ZMz%[k]a \/g) . (26)
=1

[(Jv, 2 [ — ;
(FTU§) < Pf,k < Qv ( N Z Mi%‘[m], V )\k)~ (23)
€Tk Proof: Using (23) and the bound cdff;) < s, (25) fol-

lows. Furthermore, when the energy of one spectral comgonen
in Q maps to another spectral componenfinthe probability
C. Multi-rate Sub-Nyquist Spectrum Sensing of detection will increase. Thus, the inequality of (26) dwl
(I
To improve the probability of false alarm, we shall reduce pemary 1: 1t is worth noting that the exact expression of the
the number of elements in the s, in (23). This is mainly - opapilities of false alarm and detection cannot be obthin
because the sum te”:‘g Mii[m] will decrease as the i, \ss systems. This is mainly caused by the aliasing effects
number of elements in the sét, decreases, thus leadingdf sub-Nyquist sampling, which unpredictably fold origina
to a smaller upper bound on the probability of false alarrfrequencies back to different but unknown frequency bins. |
Obviously, the card(}) is affected by sub-Nyquist samplingdetail, the sef, ; in (21) is unknown and different from that
rates, since the cart(,) describes how many CRs have aliase@f the other channel because of the sub-Nyquist sampling and
frequencies on the frequency bih which are originally unknown(; (actually the purpose of spectrum sensing is to
caused by sub-Nyquist rate sampling. Using the same stibd it). Therefore, the sef, in (22) is typically unknown,
Nyquist sampling rates in MSis not recommended becausénaking us impossible to know the exact expression of the
it could lead to card(;)= v, resulting in a high probability of probability of false alarm. This also occurs for analysihg t
false alarm. Hence, we focus on applying different sub-Nstqu probability of detection.
sampling rates in M& For choosing sub-Nyquist sampling Remark 2: It is noteworthy to emphasize that the proposed
rates that can reduce the c&fgj, we start from the simplest sub-Nyquist system cannot achieve the same performance
case (for the purpose of analysis) where we only have oag the counterpart multi-CR Nyquist system due to its sub-
original PU frequency, i.e., only one frequency liine 2 is  Nyquist operations; however, it can obtain comparable -spec
occupied by the PU and the spectral sparsity lavel 1. trum sensing performance to a single-CR Nyquist system
Lemma 1: If the numbers of samples at multiple CRs, i.e(at the same total sampling rate) with better flexibility and
My, Ms, ..., M,, are different primes, and meet the requirescalability. In particular, comparing (8) with (26), we find
ment of that the performance of MSis comparable to the single-
M;M; > N, Vi#je][l,v], (24) CR system when).]_, M; ~ N where * ~ ” means

, . approximately equal, given that:
two or more CRs cannot have mirrored frequencies on the

same frequency bin. 9
The proof of Lemma 1 is given in Appendix C. Par > Qo N Z Myyilk), VA | = Qu (v 27i[k], \/ﬁ)
Second, considering the case where we have multiple orig- =l

inal PU frequencies, we reach the following conclusion. Qo <\/2%[k], \/ﬁ) >Qy ( /2[k], \/ﬁ) _ Pé?/;%;]guist @

Lemma 2: If the numbers of samples at multiple CRs

satisfy the conditions in Lemma 1, the number of elemer@ld the probabilities of false alarm are similar when the
in the setT,. will be bounded by thé sparsity level sparsity levek is sufficiently small. Additionally, we note that

3 1 i i _ ot
Proof: Based on the result of Lemma 1, only one CR caMS is more flexible and scalable than the single-CR Nyquist

- ) : Qampling based detection system, since both the sub-Nyquis
map the_ orllglnal frequency bik EAQi -to thelallased fre- sampling rates at CRs and the number of CRs can be flexibly
quency inf2,. Furthermore, recall’y = {ilk € 2, ;} and the  chosen to meet the condition;_, M; ~ N. Furthermore, we
definition of 2, ; in (19), we know carfl’;) < card);) = s. emphasize that MSs applicable to the scenario of insufficient

O measurements, i.€},,_; M; < N.
Based on these two Lemmas, we quantify the detectionRemark 3: It can be seen from Theorem 1 that the sampling
performance of M3 as below. rates in MS can be set much lower than the Nyquist rate

Theorem 1: In MS?, different sub-Nyquist sampling ratessince M; ~ O(v/N). On the other hand, a higher average
are adopted at different CRs such that the numbers of sasampling rate can provide us with tighter bounds, since the
ples at CRs, i.e.My, Ms,--- , M,, are different consecutive probability of signal overlapping in the aliased spectruam c
primes, and meet the requirement df;M; > N, V ¢ # be reduced with a largeM; in each sampling channel as
j € [1,v]. Using the decision rule of (18), we can obtain thdiscussed in Section III-B. Thus, there is a trade-off betwe
probabilities of false alarm and detection with the follogi the bound accuracy and the sampling rate saving. It should



be emphasized that there is no exact closed-form expressidifalse alarm £ ) and detectionRy ;) in MS? will have the
for the probabilities in Theorem 1, since the exact numbésllowing bounds
of CRs that have aliased frequencies on the frequency:bin

Ak
cannot be quantified. Moreover, we note that the upper and M < m < O(s, Jv, 1, J[k], \k) (30)
lower bounds in Theorem 1 can be easily computed since the I'(Jv) L

Marcum-Q function can be efficiently computed using power Pax > O(v, Ju, ¥, 7[k], k) (31)

series expansions [23]. Under the Neyman-Pearson Cmeri%here@

; ) ) ) i fi
we should design a test with the constraint/f, < «. In (2, Jv, 7, A) s defined as

such a scenario, we must let the upper bound of (25) to %f_ ) U7\ = v7 \"T(n+Jv,3)
« and solve the detection threshald from the inverse of - + 9 Z ntr=l\ gy 42 T (n+ Jv)
the Marcum-Q function. It has been shown in [24] that the =0 (32)

detection threshold can be calculated with low computationn which C. denotes the binomial coefficient, i.e.’ C=
complexity. In addition, to calculate the detection thddh __ b

. . . al(b—a)!"
the noise power is required to be known at the FC. (The) proof of Theorem 2 is given in Appendix D.
Remark 4: From Theorem 2, we have< O < 1, since the
IV. MS3 OVER FADING CHANNELS term w € [0, 1] and the remaining terms can be simplified

In this section, we consider that the primary signals af@ 1. In addition, it can be proved thét is a monotonically
propogated from PUs to CRs over fading channels, subjdeéreasing function with respect to, 7, andz, respectively.
to either a Rayleigh or log-normal distribution. Recall thdherefore, both probabilities will either increase or réma
fusion rule in (17), we find that it is difficult to modelthe same when the average sampling rate and the average
the distribution of the sum of weighted independent randoaiNR increase, more sampling channels will lead to a higher
variables in (17) over fading channels. Hence, we use the s@fbability of detection, and the average probability dséa
of uniformly weighted random variables to approximate thdlarm can be reduced with smaller

sum of differently weighted random variables in Theorem 1; Remark 5: Since (32) contains infinite sums, its computa-
tional complexity is directly related to the number of cortguli

2 Zv: My, — W 2 > My —_ terms, which are required to obtain a specific accuracy. As th
=1 ~ M Z% = ¥y el 2M Z fumper of computed terms (i.eP) varies, the magnitude of
N N & ’ N £ the truncation error can be written as
(28) P = NPT (m o A
— . . A o7 _ gl n il (n+ Uy 24
where M is the average of\/; over multiple CRsy = 2 Te(P) = <1 + 7) > Chio <¢7+ 2> T(nt J%;u,
A v A n=P
W o= DY and ys = Zien ;. We note that the T & VN
imati i preSia < (1+2 cr T 34
above approximation accuracy mainly depends &R, < ( +3 7;3 et ( gy g (34

where a smaller% corresponds to a more accurate
approximation. SinceM;, My, ..., M, are chosen to be L <1+@)“’Pz:1 N ( Uy >"
different consecutive prime numbers and the distance legtwe 2 nre=l\ Yy 42
primes could be very small compared 16, the parameter R

'M;NM*‘ approaches zero ad increases. Thus, the abovewhere the inequality of (34) holds for{én’—f) <1,and (35)is

n) —

approximation has little impact on the final result for largebtained by using the binomial expansion. It can be shown tha

(35,

n=0

Ns. (32) converges very quickly. For example, in order to achiev
double-precision accuracy, only = 30 ~ 40 calculated terms
A. Rayleigh Digtribution are required; therefore, the bounds are tractable. To dolve

the detection threshold,,, we could use the lower bound on
%k In (31). This is due to the fact that the lower bound can
approximatels ;, very well as analyzed in Appendix D.

If the magnitudes of received primary signals at differe
CRs follow Rayleigh distributions, the SNRs will follow
exponential distributions. Hence, and ~s follow Gamma

distributions: B. Log-normal Distribution
v—1 s—1 . . .
Flw) = v )6_%’ W >0, Flrs) = ’V? 6_%’ s >T61e strength of the transmitted primary signal may also be

affected by shadowing from buildings, hills, and other clkge

, (29) A common model is that the received power fluctuates with
wherey = E(221) denotes the average SNR over multiplg log-normal distribution. In such a scenario, the PDF of the
CRs, andf(-) denotes a generic probability density functiosNR at CRi, i.e., f(v), is given by

(PDF) of its argument. )
The bounds for the average probabilities of false alarm ang_ 3 exp [ — (101ogyo(vi) —7s) >0
Y Vo 207 C

detection in M8 can be obtained by averaging (25) and (26

over all possible SNRs, respectively. (36)
Theorem 2: If the magnitudes of received signals at differwhere ¢ = 10/1In(10), and o; (dB) denotes the standard

ent CRs follow Rayleigh distribution, the average proliied deviation of10log,, v; at CRi. Note that the PDF in (36) can



be closely approximated by a Wald distribution [20], [25]:

o Simulated P,

~ - Lower bound of P,

X = \r .
i —3/2 i ("}/Z — 92> i 3 o Simulated P,

i) — - ; —— ;>0 37 o < — Lower bound of P,

f(vi) \/ 27T7L exp < 292_2% y Vi (37) R Upperbound f P

Probability
B
T

whered; = E(v;) denotes the expectation of, andy; is the
shape parameter for CR Via the method of moments, the
parameters);, §; and7,, o; are related as follows: o

o 2 9
; i .
0; = exp ( g + 25‘2) , N = 0_721, (38) 1° o Smulated P,
9iyN o Simulated P
eXp( £2 ) 10 — Lower bound of P,
E % Upper bound of P,
In the proposed system, the condltltggl Va(r(%) =b B - -toverbomdor®y

(constant) can be satisfied. Thug, and 4, also follow the
Wald distribution [26]. The PDFs ofs and~, are given by

1
18
Threshold ()

_ [N, —3/2 s —s0)* ©
f(rs) 5 s exp( 25 ) s >0 (39)

Fig. 2. Comparisons of simulation results and theoreticainiols on the
VN _3/9 77(’Yv — 1)9)2 probabilities of false alarm and detection in Theorem 1 armofem 2,
flw) = 2—7\7 Pexp | -1 ), v >0 (40) respectively, when M%combining (a) non-faded signals, (b) Rayleigh faded
s

2002,

wheren and# denote the averages 9f andd;, respectively.
Theorem 3. If the magnitudes of received signals at differ-

ent CRs follow log-normal distributions, the average piba \yhere N, denotes the number of non-overlapping subbands,
ities of false alarm B ) and detection R ) in MS? will be sing(z) = w A denotes a random time offset(t) is
bounded as AWGN, i.e., z(t) ~ N(0,1), E; is the transmit power at PU,
I'(Jo, A’C) <Bl<A N . 41 and H; ; denotes the discrete frequency response between the
TJU) te < Als, Jv, 9, Ax, 0[k], n[k]) (41) PU and CRi in subband. We assume that there ave= 22
CRs in the CR network and the channels from PUs to CRs
are independent and subject to fading. The received signal
whereA(z, Jv w,)\ 0 n) is defined by xc(t) consists of N, = 6 non-overlapping subbands. The
._1 th subband is in the frequency range ¢f £ 2, f; + £t],
201 _y ¥ (n+Jv,3) 22162 : whe 7@ g, = 1 ~ 10 MHz and f; denotes the
NV Z n;p (n+ Jv) P02 + 1 Kicenter frequW‘ center frequency of the subtiamj
(43) randomly located wit in2, W—2L) (e, f; € (B, W-2]),
in which K,,_1(a) denotes the modified Bessel function ofvhere the overall signal bandW|dW = 10 GHz. In MS’, ‘the
the second kind with ordet — 5_ rece_lved signal is sampled by using dlﬁerent_sub Nyquitts
The proof of Theorem 3 is given in Appendix E. at different CRs forl’ = 20 us. To be specific, the numbers

R k 6: Because (43) contains infinite sums, the trury of samples at multiple CRs are chosen following Theorem 1

ime; ~ av'N (a >
cation errorT, (P) must be considered. Similar to (34), the and we choose the first primd; ~ a (a = 1) along with
. Stsv—1 neighboring and consecutive primes in the increasing
truncation error can be written as

direction. The spectral observations are obtained by apgply

( 22762 )”7% ese sub-Nyquist samples in each channel. Then the
Ta(P) < ,/2‘% 3 Z ”“*”"2“’ K . VHiGHAT dnBlgy is calculated in the spectral domain using, (15
- n=P e and'the enefgy vectors are transmitted from the CRs to the FC

n—1i using dedicated common control channels. In the FC, we form

G gy % ( zf;eg(’jn) « (t@m}wnh (17). We define the compression rate a
VT nl n—3 |the Tatjg betwe

signals with the received SNR5 dB at CRs.

Pag > A, Ju, 9, A, 0k], k) (42)

(##e number of samples at the sub-Nyquist
ate and the ndmber of samples at the Nyquist rate, %e
where M denotes the average number of sub-Nyquist samples
V. SIMULATION RESULTS AND ANALYSIS at CRs. Spectrum sensing results are obtained by using the

In our simulations, we assume that the CRs are organized§§ision rule (18) and varying the detection threshkld
shown in Fig. 1 and adopt the following configurations unless In Fig. 2, we verify the theoretical results in (25)-(26) and
otherwise stated. We use the wideband analog signal mode(38)-(31) by comparing these bounds with the simulatedtesu
[27] and thus the received signad ;(t) at CRi has the form: s. It shows that the bounds on the probabilities of falsenalar
N, and detection can predict the simulated results. Fig. 2 also
(1) — , i _ ] _ lystrates that the lower bound on the probability of d&tet
Toi(t) = Z |H”l|\/EBl sinc(Bu(t — A))-cos (2mfilt %§2 successfully predict the trend of simulated resultg. Bi
(45) shows the receiver operating characteristic (ROC) curfes o
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Fig. 3. Receiver operating characteristic curves of*M& combining non- Fig. 4. The performance of MSfor combining Rayleigh faded signals with
faded signals or faded signals when the compression%at& 0.0219 and v = 22 and W’ = 0.0219, when the received SNR at CRs and the number
the number of segments = 5. The wideband signal is observed By CRs  of subbands change.

at different sampling rates (the average sampling ratel&68 MHz).

MS? when combining non-faded and faded signals. When the
average SNR as received at CRs is 5 dB, the performance

of MS® combining faded signals is roughly the same as that ~ “ Nk Svstom apo
of combining non-faded signals, since the strength of the e o e
signal is mostly masked by the noise. In contrast, the detect g = =Pl in Nyquist System Type I

g 10 2L : . — — —Pfin Proposed MS” System

performance of M&combining non-faded signals outperforms
that of combining faded signals when SNR=10 dB. In addition,
we see that the performance of MSombining log-normal
shadowed signals is the poorest. Nonetheless, even for log
normal shadowed signals, M$as a probability of nearl90%

for detecting the presence of PUs when the probability ckfal . ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
alarm is10%, with the compression rate 8 = 0.0219. P e ey

To investigate the influence of and SNR, we use Fig. 4
to show the performance of MSwhen the received signalsrig. 5. The probability of detection/;) and the probability of false alarm

are faded according to Rayleigh distribution with diffeirerﬁ;’f)d of the EropOTEd AVI@ srxlfstem 3ndd NdyqyiS_t Systsgs 3ver: log-normal
: adowing channels when the standard deviatios 5 and the average
values of s (proportlonal to the number of SUbbandS)' W ubband SNR varies. In the proposed M§/stem, the wideband signal is

see that, as the number of subbands decreases, the detegli@ipled at different sampling rates g ADCs with the average sampling
performance improves for the same SNR. The performariete of448.68 MHz, and the compression rate {4 = 0.0219.

improvement of M8 stems from that, for a fixed number of

sampling channels, decreasingnakes it easier to distinguish

the occupied frequencies from the aliased frequencies the proposed system; however, at the expense of much higher
discussions in Section III-C. implementation complexity as discussed below.

In Fig. 5, we compare the performance of #M&ainst that  In Table |, we compare the implementation complexity of
of Nyquist systems when all systems have similar proba&slit MS? with that of the Nyquist systems, when the received
of false alarm. In the Nyquist system type |, each CR is givesignals at different CRs are faded according to Rayleigtidis
an orthogonal subband (wideband spectrum is divided inbation. Here, we consider the following comparison mettie:
several equal-length subbands) to sense at Nyquist ratle wnumber of same-sampling-rate ADCs for achievifg> 90%
their decisions are sent back to the FC. In the Nyquist systemd ; < 10%, since practical CRs often have requirements
type I, we assume that each CR must measure the whole wide-the probabilities of detection and false alarm to seduee t
band spectrum independently, thus requiring multipledaath performance of both CRs and PUs. We see that, when there
ADCs in each node to cover all wideband spectrum. Aftaxist 10 CRs, M3 requires each CR to be equipped with a
signal sampling, all measurements are sent back to the Bihgle ADC with an average sampling rate @f7.54 MHz;
where equal gain combining approach is adopted to fuse d#tas, the whole CR network only requires 10 low-rate ADCs.
and then energy detection is used for spectrum sensing5Fign contrast, the Nyquist system type | requires 21 ADCs in
shows that the proposed system has superior performancéotal, because of1 x 957.54 MHz~ 20 GHz for covering
the Nyquist system type |. On the other hand, it can also be GHz spectrum based on Nyquist sampling theorem. In the
seen that the Nyquist system type Il has performance gain odgyquist system type 11210 ADCs (with the average sampling

3 e ool . o
Wiesg gz fyigrgta s Bigres g gty




TABLE |
IMPLEMENTATION COMPLEXITY COMPARISON OFMS? AND THE NYQUIST SYSTEMS WHEN THE RECEIVED SIGNALS ARE FADED ACCORDIE TO
RAYLEIGH DISTRIBUTION WITH TEN DECIBEL RECEIVEDSNRAT CRs.

Number of CRs for

i ) 10 20 30 40
Wideband Spectrum Sensing)(
Required Number of ADCs
. . 10 20 30 40
in the Proposed M% System
Required Number of ADCs in
21 40 58 74

the Nyquist System Type |
Required Number of ADCs in

) 21x10 | 40x20 | 58x30 | 74x40
the Nyquist System Type |l

Average Sampling Rate of ADCs

. _ 957.54 | 513.08 | 350.34 | 276.77
in the Above Systemsf(in MHz)

Sample Reduction Rate | 47.62% | 50% | 51.72% | 54.05%
Total samples in M3
(Total samples in Nyquist type>|

Sample Reduction Rate I 4.76% 2506 1.72% 1.35%
( Total samples in M&
Total samples in Nyquist type )I

rate 957.54 MHz) will be required since each CR requiresomplexity.
21 ADCs and there are 10 CRs in total. Thus, the system
complexity of MS is approximately half of that of the Nyquist VI. CONCLUSIONS

system type | and much less than that of the Nyquist systemIn this paper, we have presented a novel system? MS

type Il. for cooperative wideband spectrum sensing in CR networks.
In Fig. 6, we choose the CS-based system in [13] asMS? can relax the wideband spectrum sensing requirements
benchmark system due to its high impact and outstanding pef-CRs due to its capability of sub-Nyquist sampling. It has
formance. In [13], the wideband spectrum was firstly modkllebeen shown that, using sub-Nyquist samples, the wideband
as a train of subbands which are smooth, but exhibit discagpectrum can be sensed in a cooperative manner without the
tinuities or singularities at the subbands boundaries geed need of spectral recovery, leading to a low spectrum sensing
The wideband spectrum sensing was formulated as a stagerhead. Moreover, we have derived closed-form bounds for
dard CS problem. Basis pursuit-based optimisation algmst the performance of MSwhen combining faded or shadowed
were then applied to estimate the average frequency resposignals.
amplitude of each subband, by which each subband can b&imulation results have verified the derived bounds on the
coarsely detected. The comparison between the proposéd Mgobabilities of false alarm and detection. It has also been
system and the benchmark system is provided. We assushewn that using partial measurements, *M$as superior
that v = 22 CRs are collaborating for wideband spectrurperformance even under low SNRs. The performance of MS
sensing in both systems, in order to increase the religtifit improves as the number of CRs or the average sampling rate
spectrum sensing by exploiting spatial diversity. We seenfr increases. Compared with the existing wideband spectrum
Fig. 6(a) that M$ outperforms the CS-based system for everensing methods, MSnot only provides computation and
compression rate. In Fig. 6(b), it is seen that, compare wihemory savings, but also reduces the hardware acquisition
the benchmark system, M®ias better compression capabilityrequirements and the energy costs at CRs.
Using MS, the probability of successful sensing becomes

larger than90% when the compression raﬁ% > 0.023. In APPENDIX A
contrast, the benchmark system can achieve the probabiligfe| ationsHIP BETWEENNYQUIST DFT SPECTRUM AND
of successful sensing 80% only when the compression rate SUB-NYQUIST DFT SPECTRUM

satisfiesil > 0.045. . . .
Using the Poisson summation formula [22], (9), and (10),

Furthermore, as shown in Table Il, we find that the comge gptain:
putational complexity of M$ is O(N log N) due to energy M1
detection with FFT operations, rather th@{ N (M + log N)) X (w _ —2mwn _ —2mwn __
) . i i(w+fil) = inje = imle =Y;(u
in the CS-based system, wheté is usually much larger than f lz: ci(wHfil) nze;y ] 7; iln] (
log N. The complexity of the CS-based system is hurt by both (46)
the matrix multiplication operations and the FFT operaiton - where X¢;(w) = [*_ zci(t)e 2"*!dt. Similar to (46), by
spectral recovery. To summarize, with the same computtionising (1) and (2), we can obtain:
resources, M5 has a relatively smaller spectrum sensing N1
overhead than the CS-based system, due to not only X (w+fl) = x;[n]e 72N = zi[n]e ™" = X;(w
better compression capability (less data transmissicnstrie shg cilwtf1) n% il ; il iw
shorter transmission time), but also the lower computation 47
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Fig. 6. Comparison between MSand CS-based system [13]: (a) the probability of detectitrerwthe probability of false alarm is set 10%, and (b)
the probability of successful sensing which is defined asptiobability of achieving bothPy > 90% and P < 10%. In simulations, the average SNR as

received at CRs i40 dB and the number of CRs is = 22.

TABLE Il
COMPARISONS OF WIDEBAND SPECTRUM SENSING TECHNIQUES
Compression ADC/DSP Implementation Computational
Approach - ) )
Capability Type Complexity Complexity
Wavelet detection X Nyquist low O(NlogN)
Multiband joint detection X Nyquist high O (NlogN)
CS-based detection Vv sub-Nyquist medium O (N(M +log N))
Proposed system Vv sub-Nyquist low O(NlogN)

As the received signal is bandlimited arfid> 21, X;(w) = It can be tested th&r(q < 2) approaches to 1 when choosing
fXc.i(w) holds forw € [-% 5 5 W1. Substituting it to (46), we N such thatN > s. Thus the probability of signal overlap

obtainY;(w) = fT Soe o Xi(w+ f;l). In a discrete form, approaches to zero under the condition we choose.

we end up with:
APPENDIXC

PROOF OFLEMMA 1

Y;[m] N Z dm+1M;), m=0,1,--- ,M; —1
l==o0 Let M; and M; denote the number of samples at CRs
(48) , o X .
and j, respectively. Using (19), we can represent the aliased
frequencies projected fromy € Q by
APPENDIXB
PROBABILITY OF SIGNAL OVERLAP AT SUB-NYQUIST gi = k1l mod (ar,) +1M; = ky — hM; +1M;, h # (51)
SAMPLING gi = |kl mod (ay) + IM; = ky — hM; + IM;, h #(52)

As s spectral components are distributed over the frequer\%ere integerg andh are quotients from modulo operations
bins of0,1,--- , N —1, the probability of the frequency bik andi—h € |- [N]Jrl (N1 1,i-he |- [ 1+1 [ ] '
belonging to the spectral suppditis P = Pr(k € Q) = &

Let ¢ denote the number of spectral components overlappgdIn V‘(’jh'Ch [ M; | gives the sn|1allest mteggr not less thﬁq
on the frequency bim, using (11) the probability of no signal lAVl(z)l ing I?ZAZ 9 (ljs]\;quade?ft to <t’:1v0| indl — " )Mid't'
overlap is given by (I—h)M and a}r\? ifferent primes, the condition
N max(|l — h|) < Mj (e, [37] =1 < Mj) will satisfy this.

_ _ = ey (T 7ﬁteﬁ—i$hmplification, the conditionM;M; > N is obtained.

Prig <2) = Prlg = 01Pr(g = 1) = (1-P) Jr< 1 >P(1 f)oreover, if it holds for any two CRs, the case for more than
(49)  two CRs will also hold.

where [ 7 ,] denotes the number of summations in (11).
SubstltutlngP + into (49) while choosing sub-Nyquist APPENDIXD
sampling rate in M3 such that)/; = /N, we obtain PROOE OFTHEOREM 2

e  (X2)YN(N - s Hi & jeceived signals at CRs are Rayleigh faded, the lower

P _(N-s o, S N—s\ M
rg<2)=|— M\ TN N _sbound on the average probability of false alarm will remain
(50) as it is independent of the SNR. Using (25), (28), and (29),




the upper bound on the average probability of false alarm cgn
be calculated by

- jee} s—1
Pf,kup:/ QJU(\NPV& \/ﬁ) —ZSTJ

0

(5]

Fdvs.  (53)

Rewriting the Marcum Q-function by using (4.74) in [28] and
(8.352-2) in [29], we obtain:

() -5

n=0

(6]

(7]

(8]
Substituting (54) into (53), we can rewrite (53) as

1 & (%)nf(n + Jv, )‘—’“)

st = Z / RPN
- = .
f,k =s n'(s — 1)|I‘(n+ Jv) Vs s
(55)

Calculating the integral by using (3.351-3) in [29], we enx uttol

with

—s o0 _ n [11]
S al . vy \"T(n+Jv,3)
P (H 2) ZC”*“ (WH) T (n+ Jv)
n=0 (56) [12]

Similarly, we can obtain the lower bound on the average
probability of detection. [13]

APPENDIXE
PROOF OFTHEOREM 3

If the received signals are shadowed according to logs
normal distribution, the lower bound o ; in (41) will
remain. By (39), the upper bound on the probability of fa|3ﬁ6]
alarm can be given by

[14]

O O NSO TS

256025
. (57)
Substituting (54) into (57), we calculaf@ . as (18]
n + Jv ) © 3
\/ 2 LZO n'F (n+ Jv) A Te XD ( 2562
(58) [20]
Using (3.471-9) in [29] for calculating the integral in (58)e
obtain [21]

1

n+Jv
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