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Abstract. In this paper, cooperative spectrum sensing (CSS) of dynamic
primary user (PU) is considered in Laplacian noise environment. The
dynamic PU is characterized by its transitions from ON (present) state
to OFF (absent) state and vice-versa. It means, during the entire sens-
ing duration, the PU appears or disappears intermittently. We assume
that each cognitive radio (CR) uses conventional test-statistics such as
energy detection (ED), absolute value cumulation detection (AVCD) and
improved AVCD (i-AVCD). The hard decision from each CR fuses at the
fusion center (FC) according to CSS based on OR rule (CSS-OR), CSS-
AND rule and CSS-majority rule to make a final decision on the appear-
ance or disappearance of the PU. We further consider dynamic nature of
the PU in terms of its arrival rate (θA) and departure rate (θD). We present
performance of the CSS of dynamic PU using receiver operating character-
istic (ROC) and detection probability (PD) versus average signal-to-noise
ratio (SNR), denoted by γ, using Monte Carlo simulations. We conclude
that the CSS-OR rule based spectrum sensing outperforms CSS-majority
rule and CSS-AND rule based spectrum sensing over a wide range of aver-
age SNR, i.e., −10 < γ < 10 dB. We further conclude that CSS-AND
rule is unsuitable for enhancing the detection probability of conventional
sensing schemes. Furthermore, CSS-majority rule outperforms conven-
tional sensing schemes ED, AVCD and i-AVCD beyond γ = −1, − 5 and
−6 dB, respectively.

Keywords: Energy detection · Cooperative spectrum sensing · Fusion
center · Dynamic primary user · Laplacian noise · Detection probability

1 Introduction

In the current era of 5G communication, the world has evolved with the mas-
sive use of Internet of Things (IoT) devices. Progressive and sound technologies
such as cloud computing, big data analytic and wireless communication have
led to the widespread use of bandwidth consuming IoT devices [1]. These IoT
devices exploit huge bandwidth in the existing limited microwave spectrum and
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are extensively used in sectors such as smart manufacturing, smart cities and
cyber-physical systems [2]. In the real time scenario, the prevailing microwave
spectrum is limited. Although, millimeter wave can relieve spectrum scarcity
problem by providing sufficient spectrum, drastic changes in the wireless net-
work are required [3]. Besides the spectrum scarcity problem, the insufficient
or under utilization of existing spectrum is a major concern i.e., large segment
of the spectrum remains unutilized [4]. The unutilized segment of spectrum is
commonly known as spectrum hole [5]. Cognitive radio (CR) is an advanced
futuristic and sophisticated technology which uses three major spectrum uti-
lization model, i.e. interweave model, underlay model and overlay model [6].
Amongst which interweave model is the most popular model and sometimes it
is also known as opportunistic model [7]. In this model, spectrum holes are peri-
odically or continuously monitored by the unlicensed spectrum user, also known
as secondary user (SU), in a way such that licensed user or primary user (PU)
suffers minimum interference [6,7]. The process through which these spectrum
holes are sensed to identify the presence of PU is known as spectrum sensing [8].

In CR, there always exists a trade off between the detection probability of PU
and the throughput, i.e. with increase in sensing samples, detection probability
increases but as a result of no data transmission during sensing period, throughput
decreases [9]. The PU traffic which remains steady or varies slowly with time is an
ideal assumption for the case of static PU. The assumption of static PU can be
well observed in television broadcast and radar systems [10]. On the other hand,
dynamic nature of PU is suitable for PU traffic which varies quickly with time as in
case of wireless medical networks (medical body area network) and wireless local
area network (WLAN) [11]. During the sensing period, the static behaviour of PU
is well documented in [12,13] and dynamic behaviour in [14,16].

Additive white Gaussian noise (AWGN) has been considered in many spectrum
sensing schemes as the noise is assumed to model the thermal noise or Johnson
noise in the receiver [17–19]. However, in the current scenario of multi user com-
munications, multiple access interference (MAI) serves as a dominant noise source
[20]. In such case, AWGN fails to accurately model the MAI. The MAI is modelled
by various noise models such as Laplacian noise model, Gaussian mixture model
(GMM) and Middleton Class A model (MCA) [21]. It has been proved that the
Laplacian noise model precisely models the MAI in time-hopped ultra-wideband
(TH-UWB) wireless communication system under static PU scenario [20,21]. The
CSS, based on majority rule (km out of L rule, where km ≤ L), has been con-
sidered in Laplacian noise environment under the static PU scenario [22]. In [23],
it has been shown that the detection performance of CSS based on Rao detector
(CSS-Rao) is superior to the performance based on classical ED (CSS-ED) in non-
Gaussian noise, which is modelled by Generalized Gaussian distribution (GGD).
In fact, the Laplacian noise and Gaussian distributions are special cases of GGD.

The CSS based on dynamic double threshold energy detection (DDTHED)
was proposed in [24] with circularly symmetric Gaussian noise and in the envi-
ronment of mobile cognitive radio network. It was shown that CSS-DDTHED
outperformed CSS-ED.
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In this paper, we consider the CSS based on dynamic PU in additive Lapla-
cian noise environment. We assume that there are total L number of CRs and
out of which km are active CRs. These km CRs independently sense the pres-
ence of PU by applying test-statistics such as ED [25], absolute value cumulation
detection (AVCD) [26] and improved AVCD (i-AVCD) [27]. Then, All CRs send
their hard decisions via reporting channel to a central controlling center known
as Fusion center (FC). The FC fuses these decisions via different rules such as
‘AND rule’, ‘OR rule’ or ‘majority rule (km out of L rule). The detection prob-
ability and false alarm probability at each active CR are denoted by Pd and Pf ,
respectively. The detection probability and false alarm probability at the FC
are denoted as PD and PF , respectively. Further, we assume that the random
transitions of the PU, i.e. PU’s random arrival and departure, are modelled by
Poisson distribution. Moreover, the random transition time of the PU is modelled
by exponential distribution [15].

The rest of the paper is organised as follows. Section 2 presents the system
model. Section 3 presents performance analysis of the dynamic PU in detail.
Section 4 presents simulation results followed by brief conclusion in Sect. 5.

2 System Model

In the considered dynamic scenario, Ho denotes the hypothesis when PU is
present up to a specified sample ψo and thereafter PU is absent. In a similar
way, H1 denotes the alternate hypothesis when PU is absent up to a specified
sample ψ1 and thereafter PU is present. Thus, the received signals at each of the
L cognitive terminals are expressed as

Ho : yk =
{

sk + wk, k = 1, . . . , ψo

wk, k = ψo + 1, ψo + 2, ψo + 3 . . . , N

H1 : yk =
{

wk, k = 1, . . . , ψ1

sk + wk, k = ψ1 + 1, ψ1 + 2, ψ1 + 3 . . . , N

(1)

where k = 1, 2, 3 . . . , N . The N is the aggregate samples present during the
sensing period. The sk is the unknown PU signal and wk is the Laplacian noise
having mean as 0 and variance as 2b2o. The bo is known as the scale parameter
of the Laplacian noise. Average signal-to-noise ratio (SNR) is well expressed as

γ =
1
N

N∑
k=1

s2k
2b2o

,

where ψo and ψ1 indicate the first level transition points of the PU under
hypotheses Ho and H1 respectively. The random transition (departure) of the
PU occurs between the samples ψo and ψo + 1 while the random transition
(arrival) of the PU occurs between the samples ψ1 and ψ1 + 1. The probability
density function (PDF) of the Laplacian noise is expressed as [22]

fwk
(i) =

1
2bo

exp
(

−|i|
bo

)
. (2)
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Each of the L cognitive terminals then uses ED, AVCD and i-AVCD as test-
statistics to decide the presence or absence of PU. Hard decisions from each CR
are then sent to FC, where they are fused according to specified CSS fusion rule,
i.e., CSS-AND rule, CSS-OR rule and CSS-majority rule. PF and PD at the FC
can be derived as

PF = Prob{H1|Ho} =
L∑

i=km

(
L
i

)
P i

f (1 − Pf )L−i,

PD = Prob{H1|H1} =
L∑

i=km

(
L
i

)
P i

d(1 − Pd)L−i, (3)

where Pf and Pd are false alarm probability and detection probability at each
L cognitive terminal. km denotes the number of active CRs present. km = 1
represents OR rule, km = L represents AND rule and km < L represents majority
rule.

3 Performance Analysis

In this section, we present two subsections. In the first subsection, we present
three different cases of CSS-ED. The first case presents the case static PU as a
special case of dynamic PU while the second and third case being the dynamic
PU random arrival case and random departure case, respectively. In the second
subsection, we presents all the three cases of PU in CSS-i-AVCD. We also discuss
AVCD as a special case of i-AVCD. Further, we derive PD and PF in each of the
considered cases in CSS-ED and CSS-i-AVCD.

3.1 CSS Based on Energy Detection (CSS-ED)

ED is one of the simplest spectrum sensing techniques in the field of cogni-
tive radio. Considering ED as the test-statistic, the likelihood functions under
hypothesis Ho and H1 are expressed as [15]

f(y|sco,Ho) =
1

(2bo)N
exp

⎧⎨
⎩−

ψo∑
k=1

|yk − sk|2
bo

−
N∑

k=ψo+1

|yk|2
bo

⎫⎬
⎭ ,

f(y|sc1,H1) =
1

(2bo)N
exp

⎧⎨
⎩−

ψ1∑
k=1

|yk|2
bo

−
N∑

k=ψ1+1

|yk − sk|2
bo

⎫⎬
⎭ , (4)

where y = [y1, y2, y3 . . . , yN ], sco = [s1, s2, s3 . . . , sψo
] and sc1 =

[sψ1+1, sψ1+2, sψ1+3 . . . , sN ]. As sk is unknown PU signal, it is necessary to omit
it from the likelihood function. Maximum likelihood (ML) estimation of sk is
used for this purpose. It results in
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f(y|ŝc1,H1)
f(y|ŝco,Ho)

=

1
(2bo)N

exp

{
ψ1∑

k=1

− |yk|2
bo

}

1
(2bo)N

exp

{
N∑

k=ψo+1

− |yk|2
bo

} H1

≷
Ho

λo, (5)

where ŝco = [ŝ1, ŝ,ŝ3, . . . , ŝψo] and ŝc1 = [ŝψ1+1, ŝψ1+2, . . . , ŝN ]. ŝk is the ML
estimate of sk which is calculated manually and found to be yk, i.e., ŝk = yk.
At this point, ψo and ψ1 are also unknown and random. Simplifying (5), the
likelihood ratio test can be expressed as

ZED =
N∑

k=ψo+1

|yk|2 −
ψ1∑

k=1

|yk|2
H1

≷
Ho

λ′
o, (6)

where λ′
o = bo ·ln(λo) is the threshold and decision statistic is ZED. It is obtained

using Neyman-Pearson (NP) test. The values of ψo and ψ1 are averaged out
in (6) over their distributions. The detection probability (Pd) and false alarm
probability (Pf ) at each CR are expressed as

Pd = Pr

{
ZED > λ′

o|H1

}
,

Pf = Pr

{
ZED > λ′

o|Ho

}
. (7)

At the FC, hard decisions from each CR using (7) are then forwarded to the
FC. The PD and PF at the FC are derived from (3). If X denotes random
variable signifying PU non-arrival, then its probability mass function (pmf) is
expressed as

f(r; θAT ) = Prob(X = r)

=
exp{−θAT} · {θAT}r

r!
, (8)

where θA denote the PU arrival rate. T is the time interval at which the PU
signal is sampled. r denotes the number of occurrence of events (arrivals) within
time interval T . Here, we assume r = 0. The same case applies when PU ran-
domly departs with θD represents the PU departure rate. Hence, the probabil-
ity with which the PU arrives or departs during sample interval T is given by
1−exp{−θAT} and 1−exp{−θDT}, respectively. The probability of the random
transition of the PU in the ψth

o and ψth
1 sample are expressed as [15]

Prob
{
ψo

}
=

{
1 − exp {−θDT}

}
.

{
exp{−θDT}

}ψo

,

P rob
{
ψ1

}
=

{
1 − exp{−θAT}

}
.

{
exp{−θAT}

}ψ1

, (9)
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where Prob
{
ψo

}
and Prob

{
ψ1

}
are the probability of random departure and

random arrival of the PU, respectively. The three cases of PU are discussed in
the following sections.

(1) Static PU: Static PU signify a low traffic scenario case when ψo = 0 and
ψ1 = 0. Decision statistic at each L CR which use ED as test-statistic in static
scenario is expressed as

ZED(s) =
N∑

k=1

|yk|2
H1

≷
Ho

λED(s) , (10)

where λED(s) is the detection threshold of ED based test statistic ZED(s)

obtained by applying NP test. For large values of N , Central limit theorem
(CLT) is used to approximate the probability density function (PDF) of ZED(s)

as Gaussian with mean ms and variance σ2
s , i.e.,

ZED(s) ∼ N(ms, σ
2
s), (11)

where ms = 2Nb2o and σs = 2
√

5Nb2o. Using (11), λED(s) is expressed as

λED(s) = Q−1
(
Pf

)
σs + ms, (12)

where Q(.) represents the Q-function given by Q(l) = 1√
2π

∫ +∞
l

exp
(
− t2

2

)
dt. At

the FC, PF can be obtained using (3).

(2) Random Transition in Dynamic PU (Arrival Case): The case of
ψo = 0 signifies the absence of PU during the complete duration of sensing
period. However, it also marks the beginning of transmission of the PU. Here, if
we assume ψ1 follows exponential distribution, then using (6) and (9), decision
statistic under this scenario can be obtained as [15,28]

ZED(a) =

N−1∑

ψ1=0

{
1− exp{−θAT}}{

exp{−θAT}}ψ1

[ N∑

k=1

|yk|2 −
ψ1∑

k=1

|yk|2
]

H1
≷
Ho

λED(a)

=

N∑

k=1

{
1− exp{−θATk}

}
|yk|2

H1
≷
Ho

λED(a) , (13)

where λED(a) is the detection threshold of ED based decision statistic ZED(a)

during PU random arrival. In this case, it can be seen that the arrival time of
the PU follows exponential distribution within sensing period. For large values
of N , CLT can be applied so that ZED(a) tends to be Gaussian with mean μAo

and variance σ2
Ao

. Thus, λED(a) is expressed as

λED(a) = Q−1
(
Pf

)
σAo

+ μAo
, (14)
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where μAo
denotes the mean and σ2

Ao
denotes the variance of the decision statistic

ZED(a) obtained in (13) under hypothesis Ho. The expression of μAo
and σ2

Ao

can be derived and expressed as [28]

μAo
= μs

{
N −

(
exp (−θAT )

{
1 − exp (−θATN)

}
1 − exp (−θAT )

)}
,

σ2
Ao

= σ2
s

{
N −

(
exp (−2(θAT + 1))

{
1 − exp (1 − N)

}
1 − exp (−1)

+ exp (−2θAT )

)}
,

(15)

where μs and σ2
s denotes the mean and variance of the decision statistic ZED(s)

which can be obtained from (11). At the FC, PF is obtained using (3).

(3) Random Transition in Dynamic PU (Departure Case): The case of
ψ1 = 0 signifies the presence of PU during the whole sensing period. However, it
also marks the beginning of the last phase of the PU active transmission. Here,
if we assume ψo follows exponential distribution, then using (6) and (9), decision
statistic under this scenario is expressed as

ZED(d) =

N−1∑

ψo=0

{
1− exp{−θDT}}{

exp{−θDT}}ψo

[ N∑

k=1

|yk|2 −
ψo∑

k=1

|yk|2
]

H1
≷
Ho

λED(d)

=

N∑

k=1

{
1− exp{−θDTk}

}
|yk|2

H1
≷
Ho

λED(d) , (16)

where λED(d) is the detection threshold of decision statistic ZED(d) when PU
randomly departs. In this case, it can be seen that the departure time of the
PU follows exponential distribution within sensing period For large values of N ,
by applying CLT, ZED(d) tends to be Gaussian with mean μDo

and variance
σ2

Do
.Thus, λED(d) is expressed as

λED(d) = Q−1
(
Pf

)
σDo

+ μDo
, (17)

where μDo
denote the mean and σ2

Do
denote the variance of the decision statistic

ZED(d) obtained in (16) under hypothesis Ho. The expression of μDo
and σ2

Do

can be derived and expressed as [28]

μDo
= μs

{
N −

(
exp (−θDT )

{
1 − exp (−θDTN)

}
1 − exp (−θDT )

)}
,

σ2
Do

= σ2
s

{
N −

(
exp (−2(θDT + 1))

{
1 − exp (1 − N)

}
1 − exp (−1)

+ exp (−2θDT )

)}
,

(18)

where μs and σ2
s are the mean and variance of the decision statistic ZED(s) which

is from (11). At the FC, PF is obtained using (3).
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3.2 CSS Based on i-AVCD (CSS-i-AVCD)

In the scenario of Laplacian noise, AVCD and i-AVCD are the two actively
used test-statistics. In i-AVCD, received samples at the cognitive terminal are
raised to a positive exponent P in the range 0 < P ≤ 2. Being a special case
of i-AVCD at P = 1, AVCD test-statistic’s corresponding parameters can be
obtained by substituting the value of P = 1 in the expressions obtained for i-
AVCD. Considering i-AVCD as the test-statistic, the likelihood functions under
hypothesis Ho and H1 are expressed as

f(y|sco,Ho) =
1

(2bo)N
exp

⎧⎨
⎩−

ψo∑
k=1

|yk − sk|P
bo

−
N∑

k=ψo+1

|yk|P
bo

⎫⎬
⎭ ,

f(y|sc1,H1) =
1

(2bo)N
exp

⎧⎨
⎩−

ψ1∑
k=1

|yk|P
bo

−
N∑

k=ψ1+1

|yk − sk|P
bo

⎫⎬
⎭ , (19)

As sk is unknown PU signal, it is necessary to omit it from the likelihood func-
tion. Maximum likelihood (ML) estimation of sk is used for this purpose. It
results in

f(y|ŝc1,H1)
f(y|ŝco,Ho)

=

1
(2bo)N

exp

{
ψ1∑

k=1

− |yk|P
bo

}

1
(2bo)N

exp

{
N∑

k=ψo+1

− |yk|P
bo

} H1

≷
Ho

λm, (20)

where ŝco = [ŝ1, ŝ,ŝ3, . . . , ŝψo] and ŝc1 = [ŝψ1+1, ŝψ1+2, . . . , ŝN ]. ŝk is the ML
estimate of sk which is calculated manually and found to be yk, i.e., ŝk = yk.
Simplifying (20), the expression becomes

Zi−AV CD =
N∑

k=ψo+1

|yk|P −
ψ1∑

k=1

|yk|P
H1

≷
Ho

λ′
m, (21)

where λ′
m is the detection threshold of decision statistic Zi−AV CD which is equal

to bo · ln(λm). It is obtained using Neyman-Pearson (NP) test. Detection Prob-
ability (Pd) and false alarm probability (Pf ) at each CR are expressed as

Pd = Pr

{
Zi−AV CD > λ′

m|H1

}
,

Pf = Pr

{
Zi−AV CD > λ′

m|Ho

}
. (22)

At the FC, hard decisions from each CR using (22) are then forwarded to the
FC. The PD and PF at the FC are derived from (3). The probability of the
random transition of the PU in the ψth

o and ψth
1 sample can be derived from (9).
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(1) Static PU: Static PU signify a low traffic scenario case when ψo = 0 and
ψ1 = 0. Decision statistic at each L CR which use i-AVCD as test-statistic in
static scenario is expressed as

Zi−AV CD(s) =
N∑

k=1

|yk|P
H1

≷
Ho

λi−AV CD(s) , (23)

where λi−AV CD(s) is the detection threshold of i-AVCD based test statistic
Zi−AV CD(s) obtained by applying NP test. For large values of N , Central limit
theorem (CLT) is used to approximate the probability density function (PDF)
of Zi−AV CD(s) as Gaussian with mean ms and variance σ2

s , i.e.,

Zi−AV CD(s) ∼ N(μo, σ
2
o), (24)

where μo and σ2
o can be expressed as

μo = bP
o Γ (P + 1)

σ2
o = b2P

o

(
Γ (2P + 1) − Γ 2(P + 1)

)
, (25)

where Γ (v) =
∫ +∞
0

e−ttv−1dt [29]. Using (24), λi−AV CD(s) is expressed as

λi−AV CD(s) = Q−1
(
Pf

)
σo + μo, (26)

where Q(.) represents the Q-function given by Q(l) = 1√
2π

∫ +∞
l

exp
(
− t2

2

)
dt. At

the FC, PF can be obtained using (3).

(2) Random Transition in Dynamic PU (Arrival Case): The case of
ψo = 0 signifies the absence of PU during the complete duration of sensing
period. However, it also marks the beginning of transmission of the PU. Using
(9) and (21), decision statistic under this scenario can be obtained as

Zi−AV CD(a) =
N−1∑
ψ1=0

{
1 − exp{−θAT}}{

exp{−θAT}}ψ1

[ N∑
k=1

|yk|P −
ψ1∑

k=1

|yk|P
]

=
N∑

k=1

{
1 − exp{−θATk}

}
|yk|P

H1

≷
Ho

λi−AV CD(a) , (27)

where λi−AV CD(a) is the detection threshold of i-AVCD based decision statistic
Zi−AV CD(a) during PU random arrival. For large values of N , CLT can be applied
so that Zi−AV CD(a) tends to be Gaussian with mean μAo

and variance σ2
Ao

. Thus,
λi−AV CD(a) is expressed as

λi−AV CD(a) = Q−1
(
Pf

)
σAo

+ μAo
, (28)
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where μAo
denotes the mean and σ2

Ao
denotes the variance of the decision statistic

Zi−AV CD(a) obtained in (27) under hypothesis Ho. The expression of μAo
and

σ2
Ao

can be derived and expressed as

μAo
= μo

{
N −

(
exp (−θAT )

{
1 − exp (−θATN)

}
1 − exp (−θAT )

)}
,

σ2
Ao

= σ2
o

{
N −

(
exp (−2(θAT + 1))

{
1 − exp (1 − N)

}
1 − exp (−1)

+ exp (−2θAT )

)}
,

(29)

where μo and σ2
o denotes the mean and variance of the decision statistic

Zi−AV CD(s) which can be obtained from (24). At the FC, PF is obtained using
(3).

(3) Random Transition in Dynamic PU (Departure Case): The case of
ψ1 = 0 signifies the presence of PU during the whole sensing period. However, it
also marks the beginning of the last phase of the PU active transmission. Using
(9) and (21), decision statistic under this scenario is expressed as

Zi−AV CD(d) =
N−1∑
ψo=0

{
1 − exp{−θDT}}{

exp{−θDT}}ψo

[ N∑
k=1

|yk|P −
ψo∑

k=1

|yk|P
]

=
N∑

k=1

{
1 − exp{−θDTk}

}
|yk|P

H1

≷
Ho

λi−AV CD(d) , (30)

where λi−AV CD(d) is the detection threshold of decision statistic Zi−AV CD(d)

when PU randomly departs. For large values of N , by applying CLT, Zi−AV CD(d)

tends to be Gaussian with mean μDo
and variance σ2

Do
.Thus, λi−AV CD(d) is

expressed as

λi−AV CD(d) = Q−1
(
Pf

)
σDo

+ μDo
, (31)

where μDo
denote the mean and σ2

Do
denote the variance of the decision statistic

Zi−AV CD(d) obtained in (30) under hypothesis Ho. The expression of μDo
and

σ2
Do

can be derived and expressed as

μDo
= μo

{
N −

(
exp (−θDT )

{
1 − exp (−θDTN)

}
1 − exp (−θDT )

)}
,

σ2
Do

= σ2
o

{
N −

(
exp (−2(θDT + 1))

{
1 − exp (1 − N)

}
1 − exp (−1)

+ exp (−2θDT )

)}
,

(32)

where μo and σ2
o are the mean and variance of the decision statistic Zi−AV CD(s)

which is obtained from (24). At the FC, PF is obtained using (3).



Cooperative Spectrum Sensing with Dynamic PU in Laplacian Noise 87

4 Results

In this section, performance of the CSS in dynamic PU environment with addi-
tive Laplacian noise is presented in terms of receiver operating characteristic
(ROC) and PD vs. γ using Monte Carlo simulations. The values of ψo and ψ1

are taken to be 10 and 15 respectively. For static PU environment, ψo = 0 and
ψ1 = 0. Similarly, for random transitions of the PU, i.e., in dynamic environ-
ment, both are less than N . We have used constant value of P = 0.8 throughout
our simulation results as it is known that the detection performance of i-AVCD
improves with decrease in the value of P and vice-versa in the presence of Lapla-
cian noise. Further, the value of N is also assumed to be constant at N = 50 as
detection performance improves with increase in the value of N and vice-versa.
The value of bo is assumed to be 1 throughout our simulation result.

Figure 1 shows the ROC comparison of conventional i-AVCD with CSS-OR
in case when there is random transition of the PU. The values of θAT , θDT are
assumed to be 10 and 0.1. N is assumed to be 50 and γ = −2 dB. It is observed
that the performance in the dynamic scenario outperforms the performance in
the static scenario for θAT = 10 while the same is not true for θAT = 0.1. We
have further observed that the performance of CSS-OR based on test-statistic
i-AVCD is better than the performance achieved with conventional i-AVCD.
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Fig. 1. Comparison of ROC plots for i-AVCD based on conventional scheme and CSS-
OR fusion scheme with N = 50, γ = −2 dB, θAT = 10 and θDT = 0.1.
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Fig. 2. Comparison of ROC plots for AVCD based on conventional scheme and CSS-
OR fusion scheme with N = 50, γ = −2 dB, θAT = 10 and θDT = 0.1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
F

P
D

θ
A
T, θ

A
T=10

static
θ

A
T, θ

A
T=0.1

conventional
CSS−OR

Fig. 3. Comparison of ROC plots for ED based on conventional scheme and CSS-OR
scheme with N = 50, γ = −2 dB, θAT = 10 and θDT = 0.1
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Fig. 4. PD vs γ comparison of conventional and CSS-OR based test-statistic at N = 50,
P = 0.8 and PF = 0.1 when PU randomly arrives or departs.
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Fig. 5. PD vs γ comparison of conventional and CSS-majority based test-statistic at
N = 50, P = 0.8, km = 2, L = 3 and PF = 0.1 when PU randomly arrives or departs.
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Figure 2 shows the ROC comparison of conventional AVCD with CSS-OR
based AVCD. The values of θAT , θDT are assumed to be 10 and 0.1. N is
assumed to be 50 and γ = −2 dB. It can be seen that the detection performance
in the dynamic PU case outperforms the case of static PU for θAT = 10. We have
further observed that the performance of AVCD based on CSS-OR improves over
conventional AVCD.
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Fig. 6. PD vs γ comparison of conventional and CSS-AND based test-statistic at N =
50, P = 0.8 and PF = 0.1 when PU randomly arrives or departs.

Similarly, Fig. 3 shows the ROC comparison of conventional ED with CSS-
OR based ED. The values of θAT , θDT are assumed to be 10 and 0.1. N is
assumed to be 50 and γ = −2 dB. It is observed that the performance in the
dynamic scenario is better than the performance in the case of static PU. We
have further observed that the performance of CSS-OR based on ED improves
over the performance achieved with conventional ED.

In Fig. 4, we represent detection performance of CSS-OR based on i-AVCD,
AVCD and ED based test-statistic for θAT , θDT = 1 with P = 0.8, N = 50
and γ ranges from −10 to 10 dB with an interval of 0.5 dB. We have observed
that the detection probability improves in case of CSS-OR scheme over that of
conventional scheme.

Figure 5 represents detection performance of CSS-majority (km = 2 out of
L = 3 CRs) based on i-AVCD, AVCD and ED test-statistic for θAT , θDT = 1
with P = 0.8, N = 50 and γ ranges from −10 to 10 dB with an interval of 0.5
dB. Here, we have observed that for a specified low range of SNR, conventional
scheme perform better while for a specified high range of SNR, CSS-majority
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based test-statistic perform better. CSS-majority scheme outperform conven-
tional ED, AVCD and i-AVCD beyond −1,−5,−6 dB, respectively.

In Fig. 6, we represent detection performance of CSS-AND based on i-AVCD,
AVCD and ED based test-statistic for θAT , θDT = 1 with P = 0.8, N = 50 and
γ ranges from −10 to 10 dB with an interval of 0.5 dB. Here, we have observed
that for the considered wide range of SNR, conventional scheme performs better
than CSS-AND scheme.

5 Conclusion

In this paper, we considered the CSS scheme over the conventional sensing
schemes such as ED, AVCD and i-AVCD in the additive Laplacian noise environ-
ment. Further, we considered the dynamic nature of primary user in terms of θAT
and/or θDT assuming its random transition within the sensing interval. We pre-
sented the detection performance of the considered spectrum sensing schemes
using simulations in terms of receiver operating characteristics and detection
probability versus average SNR. We conclude that CSS-OR scheme outperforms
conventional sensing schemes over a wide SNR range of −10 < γ < 10 dB. It is
because, in CSS-OR rule, there exists at least one CR which have local decision
based on hypothesis H1. Hence, CSS-OR rule is much reserved to let CRs access
the licensed band. Also, interference caused to the PU is minimized drastically.
Conventional scheme outperforms CSS-AND scheme over the considered SNR
range. Hence, we conclude that CSS-AND scheme is unsuitable for enhancing
the detection probability of conventional schemes unlike that in the case of Gaus-
sian noise. Further, we also conclude that CSS-majority scheme outperforms the
conventional schemes beyond specified values of SNR which is −1,−5,−6 dB,
respectively, for ED, AVCD and i-AVCD.
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