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Abstract - Enhancing the current services or deploying new
services operating in RF spectrum requires more licensed spec-
trum which may not be provided by the regulatory bodies be-
cause of spectrum scarcity. On the contrary, recent studies sug-
gest that many portions of the licensed spectrum remains unused
or underused for significant period of time raising the issue of
spectrum access without license in an opportunistic manner.
Among all the spectrum accessing techniques, sensing based
methods are considered optimal for their simplicity and cost
effectiveness. In this paper, we introduce a new cooperative spec-
trum sensing technique which considers the spatial variation of
secondary (unlicensed) users and each user’s contribution is
weighted by a factor that depends on received power and path
loss. Compared to existing techniques, the proposed one increases
the sensing ability and spectrum utilization, and offers greater
robustness to noise uncertainty. Moreover, this cooperative tech-
nique uses very simple energy detector as its building block
thereby reduces the cost and operational complexity.

1. INTRODUCTION

The radio frequency spectrum is a limited resource with
great importance. Deployment and expansion of services by
diverse wireless service providers necessitates the increasing
accommodation of services in this scarce resource. But the
current policy of frequency allocation which is conducted by
the government agencies by giving licenses to service provid-
ers is not efficient enough to meet this ever-mounting demand.
On the other hand, recent investigations reveal the fact that
licensed spectrum is greatly under-utilized [1]. This increasing
demand for the spectrum contradicting the insufficiency of
vacant bands necessitates a new spectrum policy. FCC has
taken initiative to open up the TV bands for unlicensed access
[2], IEEE has formed a working group (IEEE 802.22) [3] and
many other major organizations are also working on this issue
signifying an inevitable shift in the spectrum access policy [4].
The new spectrum policy incorporates the strategy where a
secondary user group (unlicensed users) can access the tempo-
rarily unused licensed bands, i.e., white spaces of primary
users (licensed users) on a non-interfering basis. Therefore,
the best way to acquire the status of the primary user’s li-
censed band is direct spectrum sensing [5]. In this process,
secondary users can access the licensed spectrum only if there
are no primary user activities on a particular band. Therefore,
interference on the primary users is protected by utilizing only
the white spaces by the secondary users instead of using the
conventional interference protection methods.

Direct sensing based on energy detection has been proven to
be a simple method for detecting the presence of primary

transmitter. But when this method is applied in a stand-alone
cognitive radio device, due to fading and/or shadowing it
might draw a false conclusion about the presence of primary
transmitter. For example, if a (secondary) user senses low or
no primary user signal in a certain spectrum band, it may be
due to shadowing or heavy fading rather than being a white
space. To address these problems, cooperation between the
users is extremely necessary.

In cooperative sensing, the uncertainty due to fading/ shad-
owing is minimized by accumulating the sensing results from
different users and taking a combined decision about the pres-
ence of the primary licensee in the target licensed band. Based
on this idea, cooperative spectrum sensing in cognitive radio
networks has been studied intensely in recent literature [6]-
[11]. Research on cooperative sensing is focused on several
areas including the designing of optimal detector for sensing
[7], optimal link budget [9], distance-user tradeoff in corre-
lated fading environment [11] and devising new models and
communication methods to detect primary transmitter [10].
But the most significant analyses are established on simple
energy detection and combining methods [6], [8]. Energy
detection has been proven to be a simple but effective method
for detecting the presence of primary transmitter. But when
this method is applied in a stand-alone cognitive radio device,
due to fading and/or shadowing it might take incorrect deci-
sion about the presence of primary transmitter. In such cases,
the cooperative spectrum sensing where the users take a com-
bined decision based on their individual sensing results yields
better detection than other sensing methods. However, im-
proved co-operative scheme is needed to further enhance de-
tection accuracy and spectrum utilization for practical de-
ployment and wide-spread use of cognitive radio. In this re-
gard this paper makes the following contributions: i) proposes
a new combining method (weighted combining) that incorpo-
rates simple energy detector for user cooperation by consid-
ering the spatial variations of the users; ii) with the same num-
ber of cooperating users in independently faded channels, the
proposed method detects the presence of primary user with
higher probability than the existing combining methods [8];
iii) achieves higher spectrum utilization and elevated agility
with lower observation time, bandwidth and SNR require-
ments and iv) requires less number of users to achieve a given
detection probability.

The rest of this paper is organized as follows. Section II ex-
plains the energy detection method and local spectrum sensing
and highlights the importance of cooperation. The cooperative
sensing method is explained in Section III. In Section IV, the
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proposed weighted combining method is thoroughly de-
scribed. The results are investigated, analyzed and compared
with existing methods in Section V. Finally, this paper is con-
cluded by providing some final remarks in Section VI.

II. ENERGY DETECTOR AND INDIVIDUAL SPECTRUM
SENSING

Fig. 1 shows the block-diagram of an energy detector. The
input bandpass filter with center frequency f. and bandwidth of
interest B, filters the out-of-band noise. This filter is followed
by a squaring device in cooperation with an integrator which
measures the received energy over the observation interval, 7.
The output of the integrator is then normalized by Ny/2, where
N, represents one-sided noise power spectral density. For indi-
vidual sensing, the normalized output Y is then compared to a
decision threshold A to decide the presence of primary trans-
mitter.

The objective of spectrum sensing is to determine whether a
desired frequency band is currently being used by the primary
licensee and can be formulated as a binary hypothesis testing
problem-
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where x(?) is the received signal by the (secondary) user, s(¢) is
transmitted signal of primary transmitter, v(f) is the additive
white Gaussian noise (AWGN) and g is the amplitude gain of
the channel. The SNR can be defined as y =W/(N,B), where W
is the primary signal power received the user.

H  (White space)

1
H, (occupied) M

Individual sensing results for a user can be achieved ana-
lytically by the use of Y (which acts as the decision statistic)
and A. The time-bandwidth product 7B, denoted by r is as-
sumed to be an integer number for simplicity. ¥ has central
and non-central chi-square distributions under Ho and Hi,
respectively. These distributions has 2r degrees of freedom
and the latter distribution has a noncentrality parameter of
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The decision statistic can then be expressed as
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The probability density function (PDF) of Y can then be ex-
pressed as [8]
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where I" (.) is the gamma function and 7, (.) is the modified
Bessel function of the first kind of order v [13].

Performance of energy detector is generally represented by
the complementary receiver operating characteristics (cROC)
curves (the plot of Pm vs. Py), where Pm= 1 — Pa is defined as
the probability of missed detection. In this context, the prob-
ability of detection (Pas) defines the sensing accuracy of pri-
mary transmitter hence measures the degree of interference
protection to the primary receivers. The probability of false
alarm (Py) is the percentage of white spaces which are incor-
rectly sensed as occupied and a lower Pr indicates higher spec-
trum utilization.

The cROCs for AWGN, Rayleigh fading and lognormal
shadowing obtained in [8] clearly demonstrate that the per-
formance of cooperative sensing results in better spectrum
utilization and lower interference probability under fading or
shadowing than individual sensing. While this underpins the
importance of cooperation in successful sensing, further im-
provement is needed for reliable deployment of cognitive
radios. In the following, we first briefly present cooperative
sensing followed by our proposed method.

III. COOPERATIVE SPECTRUM SENSING IN
FADING/SHADOWING ENVIRONMENT

Fig. 2 depicts a spectrum sensing scenario for cognitive ra-
dio (CR) networks. Here, four users (CRs) are trying to detect
the primary transmitter. But it is obvious that some might face
shadowing and can confuse with white space while others,
even all of them, might be subject to fading. But, as evidenced
below, the possibility of sensing the primary transmitter as
well as spectrum utilization increases much higher through
cooperation.

Each user communicates with the band manager (secondary
base station) through a common control channel (CCC) with
either its measured energy, Y, or the function of it. Based on
the received measurements, the band manager takes the final
decision on the status of the band which is then broadcasted to
all users. This decision can be taken in two ways — one is
based on the measured energy of the users, namely soft com-
bining and the other considers only the final one bit decision
from each user, namely hard combining. Although soft com-
bining needs only a slightly higher communication overhead
to quantize the measured energy using a sufficient number of
bits, its performance is much better compared to hard com-



bining [6], [8]. This motivates the current research (presented
details in Section IV & V) to focus on soft combining for
better sensing ability.

Let n be the number of cooperating users. For convenience,
it is assumed that all n users experience independent and iden-
tically distributed (iid) fading or shadowing. In soft combin-
ing, each of the users provides their measured signal energy to
the band manager. Under these circumstances, the simplest
method of combining is equal gain combining (EGC) which is
investigated in recent works like [8] in the context of cognitive
radio. Under EGC, the band manager decides between H, and
H, by comparing the sum of measured energies to a threshold.
The decision statistic is thus

=Yy 6
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and the output SNR, vy, is the sum of the SNRs (y;) on all the
branches. Now, linear sum of  iid noncentral y* variates (Y;),
each with 27 degrees of freedom and noncentrality parameter
of 2ry;, results in another * variate (Y;) with 2nr degrees of
freedom and noncentrality parameter of 2ry, [12].

In a radio frequency environment where no fading exists,
AWGN is the source of noise and channel gain g is determi-
nistic. Under this situation, using the cumulative distribution
function of Y, the probabilities of detection ¥, and false alarm
W'runder cooperation can be expressed as

\Pd‘AWGN:P{Yt>/1|Hl}:Qnr(\/2r7/ta\/I) (6)
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where Q,, (., .) is the generalized Marcum Q function [14],
I'(.) and I'(. , .) are the complete and incomplete gamma func-
tions respectively [13]. It is worth noting that as ¥, does not
depend on SNR, so expression of this parameter remains same
throughout this paper, irrespective of the fading/shadowing
condition and combining technique.

In the case of iid shadowing or fading, the probability of de-
tection is conditioned on the instantaneous SNR, y. As a con-
sequence, the probability of detection may be derived by aver-
aging (6) over fading statistics
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where the subscript ‘e’ in notation refer to EGC. The fading
statistic can be different for different types of fading. Under
Rayleigh fading, the pdf of vy, follows a gamma distribution
[15] while under Nakagami fading, the fading statistic [16]
includes m, the Nakagami parameter. Increasing value of m
decreases the amount of fading. Under shadowing, when v, is
log-normally distributed, the average probability of detection
should be obtained numerically. In [8], analytical results for
soft combining were presented under Rayleigh fading and
lognormal shadowing. The authors, however, did not analyze
probabilities under Nakagami fading.

One limitation of the EGC method, as investigated in [8], is
that it gives equal weight to all the measured values which is
not very effective in cognitive radio network where users may
experience different degrees of fading or shadowing due to
large separation in geographical area at any instant. Moreover,
the user who is receiving higher power would be more reliable
and thus be given higher weight. Considering these criteria, a
new combining method for diverse primary transmitter signal
energy detection in cognitive radio networks is proposed in the
next section which overcomes the limitation of EGC..

IV. PROPOSED WEIGHTED COMBINING

In the following, we illustrate how different users may ex-
perience varied degree of fading or shadowing, or their loca-
tions w.r.t. primary transmitter may make one’s measurement
more reliable than others. For example, in Fig. 2 CR1 is sub-
ject to shadowing, so it receives lower signal power, CR2
receives lower signal power too, due to distance dependent
path loss. So, in reaching a combined decision through coop-
eration, weight to each user’s contribution should vary and
depend on the received signal power as well as path loss. A
method named weighted gain combining has been investigated
in [11], but the effect of spatial variation of the users was not
considered in it. Moreover, it considers average received
power over some previous observations to give the weights,
which may not be very effective in cognitive radio networks,
where fast change in RF environment is very obvious.

Distance dependent path loss and received signal power are
considered in our proposed method, called weighted combin-
ing (WC). Any user facing a higher path loss (e.g. CR2) than
other (e.g. CR4) is given lower weight because its measure-
ment may not be reliable enough to differentiate between the
primary transmitter signal and locally generated unexpected
noise. On the other hand, a user having higher received signal
energy (e.g. CR3) than the other (e.g. CR2) should be given
higher weight as it has better understanding of the primary
transmitter. As the cognitive radio devices are considered to
be position aware, they can easily get their distances from the
primary transmitter. Let us consider, at a given instant, a user
reports its current distance d; from the primary transmitter and
the received signal energy Y;. Then the band manager can
obtain the weight factor g, for user i by the following method

_y/dB _ 10log(Y,/Y,) _ 10log(y,/7.,) 9)
" L,dB 10vlog(d,/d,) 10viog(d,/d,)

where, v is the path loss factor, Y,,=>.Y;/n and d,, is the mean
distance of users from the primary transmitter. Following the
argument above, the ¢; is taken as proportional to the dB nor-
malized received energy and inversely proportional to the dB
path loss w.r.t. primary transmitter (note that in this analysis
primary is considered stationary). Considering the fact that B
and T are same for each user, it can easily be deduced that
Y,/Y, =y, /y, by using (2). Thus, the combined output in WC

scheme is

Y= ay, (19)
i=1




We can express the decision statistic as
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This new expression of y, is used into (6), (7) and (8) to
evaluate the expression for detection probability (W) in WC,
under different fading and shadowing while probability of
false alarm ¥, remains same as (7). In the following, we for-
mulate probability of detection under different conditions in
our proposed method.

t
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A. Rayleigh Fading
In the case of iid Rayleigh fading, the pdf of y, can be writ-

ten as
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where y, is the mean SNR for iid fading with WC and can be

expressed by means of the virtual branch technique used in
[18] as
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Now, by substituting (12) into (8), we have
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cursive evaluation of this integral as described in [12] and use
of the expressions from 0 yields

n t
¥ =Cp+ 2
Delray — R (n+ar;/j ¢ (15)
nr-1
S s )
‘2 n+ary
where Fi(.; . ; .) is the confluent hypergeometric limit func-
tion [13] and
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where L, (.) is the Laguerre polynomial of degree v [13]. The
value of ' =1+4+n/ary when k=n-1, otherwise ¢ =1.

B. Nakagami Fading
Nakagami fading is more generalized than Rayleigh fading
and in this case (for iid) the pdf can be expressed as,

fyr(x)—[wa %e (17)

where m denotes the Nakagami parameter. A similar method
as in Rayleigh fading is used to calculate the detection prob-
ability which gives

— j 0, (V2rx NZ e 1k ay
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Evaluation of th1s 1ntegral yields to the expression of the prob-
ability of detection under iid Nakagami fading. Ultimately, if

all n are replaced with mn in (15) and(16), the closed form
expression of ¥ dw‘nak can be obtained.

C. Lognormal Shadowing
Under lognormal shadowing, the pdf of SNR is
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e

O

here x=10logy (dB) and o is the logarithmic standard

(0logy—u)”
2067 (19)

deviation of shadowing in dB. As a result, if this distribution
(19) is substituted into (8), ¥, has no closed form expression.
The average probability of detection has to be computed nu-
merically and thus the integral should be evaluated by using
Gauss Hermite quadrature integration [19] to obtain the fol-
lowing expression

ZwQM[Jzamlo“ =z eo

The values {x;} and {w;}, i=1, 2, ..., [ indicates the zeros and
weights of the /-th order Hermite polynomial. The value of / is
chosen depending on the desired degree of accuracy. Its value
is taken as 5 in evaluating performance to ensure sufficient
accuracy of the result.

dw

For a~=1, for all i, the above expressions for WC reduces to
those for EGC validating their correctness. Various perform-
ance analyses and comparison of WC and EGC under the
above mentioned fading and shadowing environment is pre-
sented in the next section.

V. PERFORMANCE ANALYSIS

The performance of cooperative spectrum sensing is evalu-
ated through its complementary ROC (¥,=1-¥, vs ¥/) curve,
spectrum utilization and SNR requirements for different situa-
tions of interest. Fig. 3 illustrates the complementary ROC
curves for WC and EGC under iid Rayleigh fading for differ-
ent number of cooperating users, n. From this figure, it can
generally be inferred that any type of cooperation improves
the performance of spectrum sensing (as the curves shift to-
wards the lower-left). It is observed that WC performs better
than EGC irrespective of the number of cooperating users and
its relative performance improves with increasing n.

For example, with n=3 and detection probability ¥, = 0.9
(¥,=0.1), probability of false alarm for EGC (¥}) is 0.063
while that for WC (¥5,) is 0.02, which indicates a significant
performance improvement by WC (68.25% over EGC). Simi-
larly, for ¥, = 0.99 and n=3, the improvement is about 16%
(¥£=0.38 and ¥;,~0.32). Relative improvement in both meas-
ures (¥, and W) increases with increasing n as evident by the
increasing gap between the complementary ROC curves of
both the schemes. The improvement is achieved due to the fact
that WC scheme gives appropriate weight to user’s contribu-
tion based on received power and path loss as opposed to
equal weight in EGC.

The utilization of spectrum presented in Fig. 4 clearly de-
picts that RF spectrum is better utilized in WC as, for a given
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Fig. 4. Spectrum utilization curve for iid Rayleigh fading for cooperative
sensing. r=TW=1, y =6 dB and v=4.

probability of detection, it achieves lower false alarm prob-
ability with the same number of users which, in turns, means
that WC requires lower number of users than EGC to maintain
the same spectrum utilization level. The mean SNR require-
ment to maintain detection and false alarm rate at a certain
level are shown in Fig. 5 which confirms that WC requires
less mean SNR with same number of cooperating users.
Lower mean SNR requirement indicates better robustness of
WC in higher noise uncertainty.

The complementary ROC curves in Fig. 6 indicate the per-
formance superiority of WC over EGC in case of Nakagami
fading. It is evident from the curve that, with same number of
cooperating users, WC outperforms EGC in sensing accuracy
for any degree of fading (m). For example, when m=2 and
¥,~0.99, the improvement is about 35.71%, similar improve-
ment is observed for m=3 &4. Results (not presented here)
indicate that WC also outperforms EGC in spectrum utiliza-
tion and SNR requirements for Nakagami fading.

Performance analyses of WC for lognormal shadowing are
illustrated in Fig. 7~8. Fig. 7 shows that, at ¥, = 0.9 and n=3,
W¥4,~=0.0667 while W,=0.1273 which indicates an improve
ment of 47.60% by WC. But the improvement rises to 68.98%

Mean SNR,dB
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Fig. 5. SNR requirements curve for iid Rayleigh fading for cooperative sens-

ing with various detection levels. /=TW=1 and v=4.
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Fig. 6. Complementary ROC curve for iid Nakagami fading for cooperative

sensing varying m. r=TW=1,% =6 dB ,v=4 and n=3.

(¥£=0.0033 and ¥;~0.001) when n=5. The spectrum utiliza-
tion curves in Fig. 8 illustrates that WC utilizes the spectrum
more efficiently than EGC for lower probability of detection.
However, when higher detection accuracy need to be
achieved, relative performance of WC becomes trivial but yet
it maintains its superiority over EGC.

VI. CONCLUDING REMARKS

In this paper we proposed an improved cooperative-sensing-
based opportunistic spectrum access under fading and shadow-
ing, and theoretically formulated probability of detection and
false alarm rate for each case. As indicated by the presented
analyses, user collaboration in the proposed way result in
significant enhancements in detection and spectrum utilization
over previously practiced EGC method. By employing weight
to the decision of individual sensing, WC can diminish the
probability of missing white spaces while providing the pri-
mary receiver with its desired level of interference-protection
using less number of cooperating users than existing scheme.
Moreover, by considering the spatial variation of users, it
represents the real scenario more accurately. Although WC
requires higher number of bits to inform the band manager



S,

Probability of missed detection

S,

Probability of false alarm

-7| ——EGC, detection probability 0.9
——WC, detection probability 0.9
—=—EGC, detection probability 0.99
_s| =v=WC, detection probability 0.99 . . . .

Probability of false alarm

Fig. 7. Complementary ROC curve for iid lognormal shadowing for coopera-
tive sensing varying n. r=TW=1, p=1 dB, 6=6dB and v=4.

about the measured energy and the position, this overhead is
alleviated by incorporating much less number of users. With
its improved performance, the proposed sensing scheme will
facilitate adoption of cognitive radio networks.
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