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Abstract — The dynamic spectrum allocation is important to
improve spectrum efficiency usage of available radio
spectrum. Cognitive radio has emerged as a solution to
dynamic spectrum access, due to its adaptability and re-
configurability. The main problem of cognitive radio is how
the secondary users can detect the holes in the frequency band
of the primary users. Spectrum sensing is the main feature of
cognitive radio technology. Finding a more accurate and
efficient spectrum sensing technique is the core of cognitive
radio technology to develop dynamic resource management in
future wireless networks. A spectrum sensing based on the
auto correlation technique provides performance improvement
at very low SNR over the energy detection technique. In this
paper, we show the autocorrelation spectrum sensing features
over energy detection spectrum sensing technique. Analytical
and Simulation results are performed in a non-fading and a
fading environment as well. The results show that the
autocorrelation technique has enormous superiority in
performance over that of the energy technique.

Keywords — Cognitive radio, Spectrum sensing,
Energy detection, Autocorrelation.

l. INTRODUCTION

Cognitive Radio (CR) permits the possibility of
spectrum reuse [1, 2] where it allows static user which
are called primary users (PU) and new users which
called secondary users (SU) share the spectrum
dynamically [3, 4].In a CR network the secondary users
are allowed to utilize the frequency bands of primary
users when these bands are not being utilized by the
primary [5]. It enables the secondary users called CR
users to use the spectrum along with primary users
(PUat a time when it is not used by incumbent radio
systems [6]. Spectrum sensing is a main function for
detecting the presence of primary signals [7]. The CR

ISBN 978-89-968650-7-0

10

users can able to access the required spectrum only
when CR users do not cause interference to the primary
users. Consequently, continuous spectrum sensing is
important task in cognitive radio technology in order to
know the presence of primary users continuously and
accurately, so CRs must be more sensitive than PUs and
efficient at lower SNR to detect PUs signals. Energy
detection [8] is the simplest detection method but needs
the exact knowledge of the noise level N,, furthermore,
a wrong estimation is known to seriously impact the
detection performance. The limitations of the energy
detector performance are due to the presence of noise
uncertainty and background interference. ~ Among
different methods of spectrum sensing in CR is the
cyclostationary detection [7] method which is also known
as spectral correlation method because it uses cyclic
correlation function for detecting present of signal in a
given spectrum. The cyclic features of communication
signals are exploited using spectral correlation analysis
as a method for spectrum sensing. The major advantage
of this scheme is its ability to differentiate between
noise and modulated signals [9]. This is possible
because unlike communication signals, noise is a
stationary process with no correlation and does not give
rise to cyclic features. As a result, cyclic feature
detection is robust to noise and interference uncertainty
problems. Cyclostationary features are caused by the
periodicity in the signal or in its statistics like mean and
autocorrelation or they can be intentionally induced to
assist spectrum sensing. In this paper, we analyze and
simulate the autocorrelation technique in a non-fading
and fading channel and comparing the results with the
performance of energy sensing technique [11, 12]. This
paper is organized as follows: section Il introduces the
signal model and describes the autocorrelation approach
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Fig.1 Block Diagram of Auto-correlation Method
used for spectrum sensing. Section Il gives the 1 Twk
numerical and simulation results. Finally, section 1V Ry zV_V A Acivk) 4)
i=1

gives the conclusion.

Il. SIGNAL MODEL AND DETECTION

A simple auto-correlation method is shown in Fig.1,
where X(t) = s(t) +n(t) is a band-limited received
signal of duration T and carrier frequency f. , where s(t)
is the transmitted signal and n(t) is the additive white
Gaussian noise. Let us consider a finite received signal
samples x(n), x(n-1), ...x(n-N+1) of length N, the
correlated output of the received samples x(n) can be
written as

N-1

r (1) = %Zx(n)x(n —1), 1O

n=0

1)

The elements of I, (I) form a sample correlation
matrix I,, with a dimension of M x M where M is the
maximum value of |ag(l) [10], and the corresponding

noise correlation matrix isr,,, . The autocorrelation

function of a bandpass noise is a modulated sinc
function whose envelope has its first zero crossing at
1/W, where W is the bandwidth of the noise. However
the envelope of the autocorrelation function of the
signal will deviate a sinc depending on the transmit
symbol rate, modulation and pulse shaping. When
correlation is present in this signal, the first zero
crossing of the autocorrelation will happen at larger
time lag than that of the noise. The bandpass noise can
be represented as

n(t) = n_(t)cos@xf t) —n,(t)sin(2f .t) 2)
where n¢ (t) and ns (t) are the in-phase and quadrature
modulation components, respectively. The autocorrelation

function of the noise component n. (t) over duration T is
defined as
T—7
R.(z) = [n,(®n,(t+7)dt 3)
0

In discrete time this is approximately can be written as
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where Kk is the lag in samples which satisfies k = Wr. where
a is the ith sample (taken at an interval of 1/W) of n_(t).

The results are same for N, (t) by replacing ‘c’ with ‘s> in

(3), (4) we can obtain R, . Since n (t) and n,(t) are
sampled at the rate of W samples/s, the samples are
uncorrelated. The discrete envelope of the autocorrelation
function of the bandpass noise can be represented as

A 1
Rk = E[Rck + Rsk]

®)

1 TW-k

= W Z [acias(i+k)+asias(i+k)]
i1

The CorrSum method [13] exploits the autocorrelation at
the time lag of = = 1/W corresponding to k = 1 which is
done by integrating the envelope of the autocorrelation of
the received signal to the first null of the autocorrelation of

bandpass noise, or
1/W

== [R()de zﬁ[feo +R,]
0

From (5) and (6), and simplification analogous to (2), we
get

(6)

R, = No > [b2+b2 @)
And -
. TW-

Rl = No Zl[bci bc(i+l) + bsibs(i+l)] ®)
i=1

where by, by, D, and b, are all zero mean Gaussian
random variables with unit variance. Let us consider the
decision statistic @ = 2W (2/N,), then from (6) @ can
be written as

1/wW
W TR(dr

(0] 0]

=R, + R,

w =

©)

The distribution of Iil in previous equations is difficult to

calculate in closed form. However, when 2 (TW — 1) is
sufficiently large, the distribution is well approximated as
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Gaussian, requiring only mean and variance of the decision

statistic. In the case of noise only, we have

E[R,]1=2TW,and E[R;]=0 (10)

So, under hypothesis Hy, the main and the variance of
the decision statistic are given as

E[@] = E[R;]+ E[R]]=2TW 11)

var[@] = var[R, + R[]
=var[R] +var[R/]+2covR}, R{]
= 4TW +2(TW —1) (12)

wherevar|R; |= 4Tw , Var|R;|=2(TW -1), and the

covariance between R0 and Rl is found to be zero. In

the case when the signal is present, the bandpass signal
X(t) can be represented in a similar form as the noise as

X(t) = x, (t) cos@af t) — x, (t)sin(2f .t) (13)
the envelope of the autocorrelation function of the
received signal is integrated up to its first null T = 1/W
and this value is used as a decision statistic to test the
hypothesis H; that a primary user is present, which
exploits both the energy and autocorrelation of the
received samples. The in-phase and quadrature

component of X(t) have variances equal the signal

power. The ith sample of X.(t)and X,(t)have an
average power equal to the signal-to-power ratio . The

derivation of the main and the variances of the decision
statistic @ using the CorrSum method are listed in [7,
13] for hypothesis H;and those values are given as

E(@) =2TW 1+ y)+2(TW -1 p,¥ (14)

where p, is the autocorrelation coefficient of the signal
for a lag of one sample.

Var(w) =Var(R,) +Var(R,) +Cov_. (15)
Where each component of (14) is defined as
Var(R,) = 4TW (1+2y) (16)

And
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Var(R,) = 2(TW —D[L+ 2y + 1+ p7)y’]
TW-2 17)

+4> (TW —1- j)Cov;.
j=1
where the covariance's are given as

Cov, =(p, + P{)r + poy (18)

Covj =(pj—lpj+l+p12)}/212SjSTW-2 (19)
the autocorrelation coefficient p i for a lag of j samples

is given as

pi= 1“’75.{( +J)7T} j”si{(l—nn}
T n T n

20
U7 N 20
z z 7

cos{(% T

where 5 = Rg /W is the ratio of the primary transmission
symbol rate Rs and sensing bandwidth W, and Si (') is
the sine integral defined as

smx
si(u) = I (21)
The Cov is the correction component due to the

covariance between Rjand R, and is given as

Cov,=8(2TW —3)p,7> +8(2TW —3)p,7 +
TwW-2 ) , (22)
=2 2[4(2TW -3)-8jlp;p;.r

j=1

For the CorrSum method, the probability of a false-
alarm P; under hypothesis Hq can be calculated as[13]

{ e un} 3

where @@y, is the decision threshold and from (11), (12)
we can find pw,=2TW and o%=4TW+2(TW-1). The
probability of detection under hypothesis H; is given as

Wy — Hen :| (24)

P, =Pr(@)m,, |H )=

1
P, =Pr(@)m,, |[H,)=—erf
d ( n [H1) > 2o
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CorrSum with SNR = -9 dB
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Fig.2 Probability of detection (Py) vs. Probability of
false alarm (Ps) with signal to noise ratio (SNR=-9dB).

Where from (13), (14) we can find the values of
My = 2TW L+ ) + 2(TW —1) p,

and

o2 =4TW 1+ 2y) + (2TW = 2)[1+ 2y + (o7 +D)y* 1+

80,7 (2TW —3) +8p,7%(2TW —3) +

TW-2

42((TW —1-j)Cov, + (4TW —4]j —6),0,-PJ-+172)
i=1

I11. Numerical and Simulation Results

The performance of the system model based on
CorrSum method is performed according to analytical
expressions and Monte Carlo simulations at different
symbol rates and modulations techniques. The results of
the CorrSum are considered with a symbol rate of 10
MS/sand sensing bandwidth of 20 MHz (4= 0.05), the
maximum symbol rate that can effectively be
transmitted (2TW = 160). In Fig.2, we observe that the
simulation result coincide with theoretical result with
very small difference. The theoretical and simulation
performance for energy detection method [11, 12] are
shown in Fig.3. Where, we show the performance of
CorrSum method has high performance than the Energy
detection method for all values of false alarm
probability greater than 0.05 at SNR = -9 dB. In Fig.4
the probability of detection are evaluated at different
values of SNR for the CorrSum method and the Energy
detection using the simulation and theoretical analysis,
we find that there are cross-section between the two
method at SNR= -9.345 dB and the CorrSum has high
performance above this value. The probability of
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CorrSum method VS Energy detection (SNR=-9dB)
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Fig.3 Pgq against Py for energy detection and
Corrsum method at SNR=-9 dB.
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Fig.4 P4 versus SNR for energy detection and
CorrSum method at Ps= 0.05.

detection is calculated based on the different probability
of false alarm and different time bandwidth factors (L)
in Fig.5. The results in Fig.5 are calculated at values of
time bandwidth product L = 1000& 2000 for the two
method, it can be notice that the CorrSum method
exhibits better probability of detection for the two
values of L when probability of false alarm greater than
0.1 As shown in Fig.6 the probability of detection for
the CorrSum method has high immunity in fading
environment than the energy detection method when
probability of false alarm is greater than 0.1
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