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Abstract—One of the main requirements of cognitive radio
systems is the ability to reliably detect the presence of lensed
primary transmissions. Previous works on the problem of de-
tection for cognitive radio have suggested the necessity ofser
cooperation in order to be able to detect at the really low sigal- ; ) !
to-noise ratios experienced in practical situations. We ausider a guard bahd primary TX Seco dar
system of cognitive radio users who cooperate with each othe ' primary’s range secondary X
in trying to detect licensed transmissions. Assuming that he !
cooperating nodes use identical energy detectors, we modgie
received signals as correlated log-normal random variable and
study the problem of fusing the decisions made by the individal
nodes. We design a linear-quadratic (LQ) fusion strategy bsed
on a deflection criterion for this problem, that takes into acount
the correlation between the nodes. Our simulation results foow
that the LQ detector significantly outperforms the counting
rule, which is the fusion rule that is obtained by ignoring the
correlation.

Fig. 1. Guard band. The interior of the primary’s range arelghard band
together form the protected region.

. INTRODUCTION that the secondary users are constrained to use non-coheren
energy detectors or feature detectors which have much poore
rformances than coherent receivers under low SNR. Added
: - . . . Eleethese issues of low SNR is the hidden-terminal problem
squuoq _to t_he spectrum CrISIS. Theideaisto dgtect tirmiesrw that arises because of shadowing. Secondary users may be
a specific licensed band_ IS unu_sed at a pamcular P'a‘?‘? dowed away from the primary’s transmitter but there may
use the band for transmls_sm_n without causing any S|gn|n‘|ca[51e primary receivers close to the secondary users that éare no
interference to the transmissions of the license-holder. shadowed from the primary transmitter. Hence, if the sec-

While detecting the presence of a particular transmiss;'ondndary transmits, it may interfere with the primary receive

in itself a well-studied communication problem, the specifig ontion. This issue also needs to be addressed in order to
case of cognitive radio introduces many more constraints Bgsign practical solutions to the detection problem
the detection system which makes it a lot more involved.

Firstly, the SNR of the signal from the licensed users (reter over longer durations of time while performing the detettio

to Hazprlmar)g users recelvedbby thte cog}nmve lljlse;_i_(al_sorhis scheme results in an increased effective SNR and hence
called secondary useJscan be extremely small. IS 1Sin improved performance. However, in doing so, we are
because the secondary users have to ensure that they do

interf ith the ori i - t the eddbef cgmpromising on another desirable feature of a cognitive
inter erG:' even wi € primary transmissions at the e doe® radio, which isagility or the ability to quickly detect spectral
primary’s coverage area. As illustrated in Fig. 1, the seleon

o . ) ) holes. Another possibility as suggested in [1] is to have the
USEers Iogat_eql within the primary’s range or in ﬂi‘?’afd band primary transmitter send a known pilot signal whenever it is
arounql It Qomtly “"fefreo' to as thprotected rgglph could ON. But this may not be feasible since it would require the
potentially interfere with the primary’s transmissionseri¢e license holders who own the band to redesign their transmit
secondary users even at the edge of the guard band shoul }heeme throughout their network

able to detect the primary signal even if decoding the signa An alternative approach is to have users cooperating with

may be impossible [1]. . each other to detect the primary’s signal. Having multiple
Secondly, the secondary users are, in general, not aware . . : . - !
o . copperating users increases diversity by providing mieltip
of the transmission scheme used by the primary users an .
measurements of the signal and thus guarantees a better per-

may not be synchronized to the primary’s signal. This M mance at low SNR. Additionally, having users coopeiatin
This research was supported in part by the NSF award CCF 894900Ver & wide area, also prowdgs us with a possible solution to
through the University of lllinois. the hidden-terminal problem since secondary users seghrat

Cognitive radio systems that utilize unussgectral holes
[2] within licensed bands have been proposed as a possi

The issue of low SNR could be addressed by averaging



by a distance larger than tteorrelation distance5] of the shown in Fig. 1. As mentioned earlier, we assume that the sec-
shadow fading are unlikely to be shadowed simultaneousindary users employ energy detectors. Since the coopgratin
from the primary. secondary users are expected to be located close to each othe
Previous works on user-cooperation for cognitive radiand are monitoring the same frequency band, the distribsitio
systems ([2], [3]) have studied schemes where some kind aff the received powers they see can be modeled as being
joint detection is employed among all the cooperating useidentical, albeit not independent. So the problem now besom
Gathering the entire received data at one place may be varpinary hypothesis testing problem to decide whether or not
difficult under practical communication constraints. Morer, the mean received power at their location is higher than the
in practice, cooperation between the cognitive radio usesewer expected at the outer edge of the protected region. We
cannot be guaranteed in general, since a user can coopemabelel the received power as being log-normally distributed
with others only when there are other users in its vicinitwhen the primary is ON and the secondary users are within
monitoring the same frequency band as itself. We considethe protected region. The log-normal distribution is a gapu
more feasible system like the hard-decision strategy demsd choice for modeling shadowing in wireless systems [14] in
in [3] and [4], where the individual secondary users makghich it is assumed that the received power in dB is distatut
independent decisions about the presence of the primaryam Gaussian. We also adopt the popular correlation model [5]
the frequency band that they are monitoring and communicétewhich the correlation between the powers in dB received at
their decisions to a fusion center. The fusion center makes two different sensors decays exponentially with the distan
final decision about the occupancy of the band by fusing thetween them.
decisions made by all cooperating radios in that area thee we When the secondary users are outside the protected region
monitoring the same frequency band. In practice, the fusion when the primary is switched OFF, the power they receive
center could be some centralized controller that manages #ould be dominated by the noise. Under this scenario, the
channel assignment and scheduling for the secondary usetgput of the energy detectors will be proportional to the
The system could also be one where the secondary usestse power or variance. However, perfect knowledge of the
exchange their decisions and each secondary user performie powers is not feasible in practice due to the uncertain
its own fusion of all the decisions. We assume that eadfiterfering signals in the environment. We therefore model
secondary user knows the geographic locations of the othigis uncertainty by modeling the received signal as being
users and hence the correlation between the observatibeg. Tlog-normal distributed with some known variance as in [15].
are however unaware of the primary’s location. Since thRurthermore, we assume that the uncertainties.ide (inde-
decisions made by the secondary users contain just one bipehdent and identically distributed) across the sensors.
information each, and since we do not expect to have to keeprhe cooperative detection system of the secondary users
track of the channel usage frequently, the data rates ®gjuishould guarantee that it successfully detects the preseince
for reliably communicating these observations are expettie primary transmissions as long as the users are within the
be within practical limits. Furthermore, the duration oftala protected region. But it is sufficient to ensure that the eayst
transmission is also not expected to affect #uglity of the does not cause any interference for the worst scenario which
spectrum sensing system. would occur when the secondary receivers are located at the
In this paper, we address the problem of fusing the decisioggge of the guard band. In essence, we are adoptinguest
made at the cooperating sensors. We note that for the cegnitietectionapproach. Hence, we now have the two hypotheses

radio application we would have to deal with the fact that th@r the distribution of the primary SNRs relative to the mois

sensors are going to observe conditionally dependent dega eoor at the cooperating nodes in dB:

to correlated shadowing. The main contribution of this pape

is a suboptimal fusion rule that handles correlation issureb Ho:Y ~ N(pol,X)

at the same time is not heavily dependent on the model or Hi:Y ~ N(0,0%I) (1)

on exact knowledge of the statistics of the signal. The rule

that uses only the knowledge of lower order moments of théhere ;.o is the mean net power (signal plus noise) received

quantized data is shown to give good performance in coe@latat the edge of the guard band when the primary is present

environments. It has the added advantage that the desifye oféxpressed in dB relative to the noise floet, quantifies the

individual users’ detectors can be done by taking into astowncertainty in noise power is the vector of all onesyY

only that users’ own signal statistics. The individual sEBs is the matrix with element&;; = o2p%i whered;; is the

can be oblivious of the number of sensors or the correlatidistance between nodes indexed dgnd j, p is a measure

between the sensors. These details need be known onlyfathe correlation-coefficient between nodes separatednity u

the fusion center where the final decision is taken. In thiistance, and3 is the net variance undéf,. The parametes

subsequent sections we first introduce the problem formoulat is related to the correlation distanbe [5] by the relationp =

followed by our proposed solution and then present ourtsesud:xp(—Dic). Any modeling inaccuracies can be compensated

and conclusions. by assigning a smaller value fq. Here Hy is the hypothesis

that the primary is present and the secondary users aretbcat
Il. PROBLEM FORMULATION within the protected region, anfl; is the hypothesis that the

The basic task of the fusion center is to decide whether primary is absent or is far away from the secondary users.

not the secondary users are located inside the protectamhregVe usep, for the distributions underd, and p, for the



distributions undet{;. The constraint that our system shouldjeneral, requires the knowledge of the joint statisticshef t
meet is to guarantee that the probability of interferinghwitquantized observations under both hypotheses. Howevauyin
the primary transmissions is less than some specified timit problem thel;’s are quantized versions of correlated Gaussian
Thus this problem is essentially the Neyman-Pearson binargriables undef, and hence their joint statistics are not easy
hypothesis testing problem [6] where we aim to maximize the compute especially for large valuesqofIn this paper, we
probability of detection undeff; subject to a constraint on thepresent some simple suboptimal fusion strategies thatiggov
allowed false-alarm rate undéf, because we further assumea solution to this problem. The structure of these detedans
that the secondary users could transmit whenever they aee the obtained using only partial statistical information aiihe
the spectrum is unoccupied. In this paper, the probability quantized observations. However, setting the threshottieat
detection refers to the probability of detecting free spent fusion center corresponding to a target false alarm rate wil
and the probability of false alarm refers to the probabilitpyeed to be done using simulations. This would be the case
of incorrectly declaring that the spectrum is free when it iwith all possible detectors since analytical expressiongHe
actually occupied. error probabilities of all detection rules can be obtaineto
The distributions described in (1) above are those of tlwehen the joint statistics of the observations are available
received powers at the secondary nodes in dB. In practice,
however, the fusion center has access only to decisiohs, A Counting Rule
made by the individual sensors based on their individual . . . :
4 n . One of the simplest suboptimal solutions to the data fusion
observationgY;};". In the presence of other cooperating nodes blem is theCounting Rule[11] (also referred to as the
this bit U; is communicated to the fusion center and the fusicfpro 9

. . . oting Rul@, which just counts the number of sensor nodes
center takes the final decisiol/) about the hypothesis basec{hat \?ote ir? favor ofIJ{ and compare it with a threshold. The
on the bits received from all the sensors. ! :

threshold value has to be set using simulations since the joi
statistics undef, are not available. It is easy to see that under
lIl. DETECTION RULE AT THE NODES the special scenario where the observations .amacross the
Since each cognitive radio is not designed expecting coggensors under both hypotheses, this is the optimal rule sinc
eration from other users in the detection process, the tgteghe joint likelihood ratio of the bits in that case would be a
employed at each user would meet the false alarm constraifdnotonic function of the number of nodes voting in favor of
individually. Moreover, since the distributions of the s&§s 77, This would hence be a reasonable thing to do even when
received at each sensor are assumed to be identical, faghing is known about the correlation structure. How well
detectors they use will also be identical. The optimal testrule designed for a decentralized hypothesis test with cor
used by theith sensor to determine its decisién will be related observations makes use of the correlation infoomat
a likelihood ratio test on its observatidn of the form: could thus be quantified by comparing its performance with
U =1 that of the counting rule for the same observations.
i = Hlog(L(Yi))>7}

where Iy, is the indicator function and.(Y;) = % is  B. Linear Quadratic detector
the likelihood ratio of the observation at thth node. The

thresholdr is chosen so as to meet the false alarm rate
with equality at each node separately. Settifig to 1 is
considered equivalent to deciding in favor &f,. For the

Gaussian hypotheses described in (1), the log-likelihatid r

of the observations WF" be a quadratic function Bf In ;e giatistics of the local decisiod#/;} under H, and
general_[G]. He_znce theth node WOUId have to compare aup to the fourth order statistics undéf;, in the form of
guadrapg fur_wctlon of its obsgrvatlon toa thres_hold f';mdambt moments. Since the observations are independent ulder
its _deC|S|on in the form of bit/; and communicate it to the the moments undefl, are easily calculated or estimated.
fusion center. The second order moments undHy can be obtained by
calculating or estimating just the pairwise statistics emid.
IV. FUSION OF DECISIONS We note that obtaining information about these moments is
Fusion of data observed at distributed locations is an inte-general a lot easier than obtaining the entire joint stias
gral part of any decentralized detection procedure. Howews the signals especially when there are a large number of
most of the significant works on decentralized detectiorehagooperating nodes.
focused on the cases with conditionallyd observations (see We look at detectors in the class of linear-quadratic (LQ)
e.g. [8] and [9] for an overview of these results). The cated detectors, i.e. detectors that compare a linear-quadaiic-
case has also been studied [10] but the results are often it of {U;}] with a threshold to make a decision about
very easy to implement in practice. the hypothesis. Since we are including quadratic terms as
The optimal rule for fusing observations obtained frorwell while computing our detection metric, we expect to see
distributed sensors [10] [16] is to compute the joint likelod improved performance over the Counting Rule that was purely
ratio of the bits and compare it with a threshold chosen $oear. Moreover, since we are using only moment infornratio
as to meet the false alarm rate requirement. This solution,dbout{U;}, this detector is quite general and can be used for

In this section we present the main contribution of this pape
a general suboptimal solution to the fusion problem that
uses partial statistical knowledge and gives better perdoice
than the one obtained by ignoring the correlation infororati
completely. This solution makes use of up to the second



all classes of distributions of the signals. We seek to ogtm raster-scanned form. So the problem of finding optimalnd
over the class of LQ detectors using theneralized signal- M reduces to solving for the optimal that maximizes the
to-noise ratioor deflectioncriterion [13]. The deflection of deflection for this decision metric.

a detection rule that compares any functidiiX) of the From the construction of it is easy to see that has zero

observationsX with a threshold is defined as: mean undefd;. Hence, applying (2) to (4), we have deflection
for S(Z) given by:
Dy BAT(X) = Eo(T(X))] o @ aventy
Var, (T(X)) Do @'’ )
S =~
where H; is the noise-only hypothesis in our case. A detector p"Kp

with a higher value of deflection is expected to have bettWhereu — Eo(Z) and K = E1(2Z7). In general, matrixic
error-probability performance than one with a lower valug . qitive semi-definite and not strictly positive definBeit it
of deflection. Although deflection cannot be related disect an be shown that the vectprthat drives the denominator of

to th? error probability for non-Gaussian observations, ) to zero drives the numerator also to zero. This means that
use S|mulat|on§ to demonstrate the error-performgncg @fvge two distributions of (Z) have the same mean. Since we do
optlmal deflection-based LQ detector that we derive in th|,§0t desire this, we optimize (5) only over thgseectors that
section. . , __do not lie in the singular space of mati. This optimization
Following [12], we solve for the optimal LQ detector. S'nc‘?:an be performed in a straightforward manner similar to the

we now have quadratic terms as well, the values that we asséﬂibroach in [12] as long as matrix and vector: are known
to the bits become significant. The decisiqii§}, contribute We do not include the details here due to lack of space. Since

to the hypothesis test only through their probabilitiesemiie o olements of matri involve only the second, third and
two hypotheses. This observation suggests that an 'maﬂ'gfourth order moments ak;’s underH,, this optimization can

choice of values to be assigned to the decision variablesyg o tormed as long as these lower order statistics of the
our problem would be the log-likelihood ratios of the b't%ecision variables can be calculated

themselves.

Hence we express our decision metric as: V. SIMULATION RESULTS

TX)=h"X+X"MX (3) Since analytical expressions for the error probabilitiés o
Gthese detectors cannot be obtained, we need to resort to sim-
ulations for estimating their performances. The perforogan
of a detector can be illustrated using fesceiver operating
% — 1o <p1(Ui)> B {lo (p1(Ui))] characteristic(ROC) [6] which is the plot of the detection
! po(U;) po(U;) probability underH; against the false alarm probability under
while h is a vector of length, and M is an n-by-n square H, obtained with the detector. If the ROC of one detector

matrix. We need to find the optimal LQ metric of the forn4ies above that of another at a particular value of falsemalar
(3) that maximizes the deflection given by (2). Clearly, thi§:°babi”ty' it means that the former detector performgdret

where X is the vector of log-likelihood ratios of the receive
bits with means undeH; subtracted, given by

optimization will require the knowledge of up to the secon an the latter for a Neyman-l_Dearson te_s_t at that '?"e'_- &or o
order statistics of the bits undéf, and up to the fourth order etection problem, the detection prp_babnlty undéris given
statistics of the bits undef/; since these terms explicitly by 1?1(5(Q) = ) and the probability of false alarm “Pder
appear in the expression for the deflection (2). Ho IS given bypo(3(U) = Hl.) whereg represents the final
Define matrixC' = E;[XX7]. Since adding a constant todeC|S|on about the hypothesis taken at the fusion center.

the decision metric leaves the deflection unchanged, (3) can
be replaced by a new decision metric given by: A. Uniform node location in a unit square
S(2)=p"2 @) The two rules obtained in the previous section were simu-
= L = lated for a network o cooperating nodes uniformly placed
wherep is now an(n? +n)-by-1 vector andZ is an(n?+n)- inside a unit square with the distance between nearest neigh
by- 1 vector given by: bors kept at one-half. The correlation parameteappearing
) in the ¥ matrix in (1) was kept ap = 0.6. This basically
Z=[X1... X X =Cu... XiXn—Cy amounts to assuming that the length of the side of the square
XoX1—Co1... XoX, —Cyy is around half the correlation distance sirs®(—0.5) ~ 0.6.
Assuming a mean received SNR o8dB at the edge of the
X X1 —Cop oo X2 Cpn |7 guard bgnd, a shadowing standard deviatiotd® and a noise
uncertainty,oq, of 1dB, we get the value of the mean total
In other words, we forn¥Z by appendingX with the raster- power at the edge of the guard bapg, to be2.2 dB and the
scanned form ofX X7 — C. So the firstn elements ofZ are effective standard deviation of the received power under
the elements ofX, the nextn are the elements of the firstoq, to bel.6dB.
row of XX7 — (, followed by the elements of the second We simulated the two rules for false-alarm probability
row of XX” — C and so on. Similarlyp can be viewed as values in the rang®.01 to 0.04. The nodes use identical
a vector formed by appending vectérwith matrix M in likelihood ratio tests for obtaining their decision valie
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VI. CONCLUSIONS

Our results clearly show that it is important not to ignore th
correlation between the nodes for fusing the local decssion
The LQ detector provides a simple detector which gives
significant performance gains over the counting rule while
still using only partial statistical knowledge of the cdated
decision variables, thus giving a practical suboptimalisoh
to the decision fusion problem in a cooperative cognitiiada
network. It can also be shown that the LQ detector achieves
the performance of the optimal fusion rule for the special
case where there are only two cooperating nodes, thus furthe
justifying the efficiency of this detector. We are unable to
include this result here due to lack of space, but we plan to

include it in the conference presentation.

Fig. 2. Comparison of single sensor ROC and detection pilitieobtained
with LQ detector and counting rule for 9 sensors uniformigtidbuted inside
a unit square with parameters setdo= 0.6, uo = 2.2 dB, 01 = 1.6 dB

andog =1 dB
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TABLE |
TABLE OF ERROR PROBABILITIES

«a Detection probabilityp, for
(false alarm| Single | Counting LQ Centralized (1]
rate) sensor rule detector rule
0.01 0.080 0.079 0.113 0.618 [2]
0.02 0.142 0.177 0.284 0.746
0.03 0.222 0.271 0.438 0.818 3]
0.04 0.295 0.374 0.549 0.871

(4]

U;. The threshold used at the nodes is chosen to achieve
equality for the individual false alarm probability. We @il

for randomization at the fusion center while performing the®
detection. The ROC of the single sensor detector is illtestra [6]
in (Fig. 2). The points obtained by applying the LQ and
counting rule detectors for fusing the decision variableallo Y
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