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ABSTRACT

A truncated censored sequential spectrum sensing technique is con-
sidered as an energy saving approach for a cooperative spectrum
sensing system. In order to design the underlying sensing param-
eters, the maximum energy consumption per sensor is minimized
subject to a lower bounded global probability of detection and an
upper bounded false alarm rate. We compare the performance of the
proposed scheme with a fixed sample size censoring scheme. It is
shown that the truncated censored sensing approach is highly energy
efficient, particularly when the sensing cost is high.

Index Terms— distributed spectrum sensing, sequential sens-
ing, cognitive radio networks, censoring, energy efficiency.

1. INTRODUCTION

Cooperative spectrum sensing improves the detection reliability of a
cognitive radio network [1], [2]. On the other hand, as the number
of cognitive radios involved in spectrum detection increases, so does
the network energy consumption. Further, recent standardization ac-
tivities permit the operation of low-power sensors in TV bands [3].
This leads to a limited available energy per sensor. Therefore, energy
efficient cooperative spectrum sensing techniques are necessary to
give a reliable sensing performance while satisfying the energy con-
straint of the system.

The spectrum sensing module consumes energy in both the sens-
ing and transmission stage. A combination of censoring and trun-
cated sequential sensing is proposed to save energy. The sensors
sequentially sense the spectrum before reaching a truncation point
where they are forced to stop sensing. If the accumulated energy of
the collected sample observations is in a certain region before the
truncation point, a decision is sent to the fusion center (FC). Else a
censoring policy is used by the sensor, and no bit will be sent. This
way, a large amount of energy is saved for both sensing and transmis-
sion. Our goal is to minimize the maximum energy consumption per
sensor subject to a specific detection performance constraint which is
defined by a lower bound on the global probability of detection and
an upper bound on the global probability of false alarm. In terms
of cognitive radio system design, the probability of detection limits
the harmful interference to the primary user and the false alarm rate
controls the loss in spectrum utilization. The ideal case yields no
interference and full spectrum utilization, but it is practically impos-
sible to reach this point. Hence, current standards determine a bound
on the detection performance to achieve an acceptable interference
and utilization level [4]. To reduce the computational complexity of
the system, a single-threshold truncated sequential test is proposed
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where each cognitive radio sends a decision to the FC upon the de-
tection of the primary user and the related analytical expressions are
derived. To make a fair comparison of the proposed technique with
current energy efficient approaches, a fixed sample size censoring
scheme is considered as a benchmark where each sensor employs
a censoring policy after collecting a fixed number of samples. For
this approach, it is proved that a single-threshold censoring policy
is optimal in terms of energy consumption. Moreover, an explicit
solution of the underlying problem is given.

The problem of energy efficient distributed sensing design for
cognitive radio networks has been considered in [5]. In [5], a com-
bined censoring and sleeping scheme is proposed with the goal of
minimizing the network energy consumption subject to a specific
detection performance constraint. It is shown that such a system can
attain a high energy saving. Note that such a sleeping scheme can
easily be incorporated in to this paper to gain an even higher energy
saving. Censoring for cognitive radios is also considered in [6], [7].
In [6], a censoring rule similar to the one in this paper is considered
in order to limit the bandwidth occupancy of the cognitive radio net-
work. Our fixed sample size censoring scheme is different in two
ways. First, in [6], the FC makes no decision in case it does not
receive any decision from the cognitive radios which is ambiguous,
since the FC has to make a final decision, while in our paper, the FC
reports the absence of a primary user, if no local decision is received
at the FC. Second, we give a clear optimization problem and an ex-
plicit expression of the solution while this is not presented in [6].
In [7], analytical expressions for the sensing parameters are given
according to a Neyman-Pearson set-up for both soft and hard fusion
schemes, but unlike [S] no constraint on the energy consumption is
taken into account.

Sequential spectrum sensing is also considered for cognitive ra-
dio design. An infinite horizon sequential probability ration test
(SPRT) is employed in [8]- [11] for different sensing techniques.
It is shown that the sensing time dramatically reduces when employ-
ing sequential detection. The optimization of the cognitive network
throughput under a constraint on the miss-detection probability is
solved in [12], [13] in order to find the optimal stopping and access
policies. This approach is infinite horizon which is a not a valid
assumption considering the limited sensing time of cognitive radios.
Further, a binary result has to be sent to the FC for each collected ob-
servation sample which entails a high transmission energy consump-
tion. Nevertheless, the considered optimization problem is matched
to the cognitive radio system requirements and an extension of [12]
for the finite horizon case can also be considered. In [14], the sens-
ing thresholds that minimize the average sample number (ASN) are
derived subject to a constraint on the false alarm rate, miss-detection
probability, outage probability, and interference level. This method
is particularly designed for systems with real-time traffic. A trun-
cated sequential sensing technique is employed in [15] to reduce the
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Fig. 1. Cooperative spectrum sensing configuration

sensing time of a cognitive radio system. The thresholds are deter-
mined such that a certain probability of false alarm and detection are
obtained. In this paper, we are employing a similar technique, except
that in [15], after the truncation point, a single threshold scheme is
used to make a final decision, while in our paper, the sensor deci-
sion is censored if no decision is made before the truncation point.
In addition, we assume a random signal for the primary user sig-
nal while in [15], the signal is assumed deterministic which leads to
a different probability of detection and ASN. Further, [15] consid-
ers a single sensor detection scheme while we employ a distributed
cooperative sensing system and finally, in our paper an explicit opti-
mization problem is given to find the sensing parameters.

The remainder of the paper is organized as follows. In Section 2,
the fixed size censoring scheme is described, including the optimiza-
tion problem and the algorithm to solve it. The sequential censoring
scheme is presented in Section 3. The analytical expressions for the
underlying system parameters are given and the optimization prob-
lem is analyzed. We discuss some numerical results in Section 4 and
conclusions are posed in Section 5.

2. FIXED SIZE CENSORING PROBLEM FORMULATION

To have a benchmark for the performance of the combined sequential
and censoring scheme, a fixed size censoring scheme is presented
in this section. We consider a parallel detection configuration as
shown in Fig. 1 comprising a network of M cognitive radios. Each
cognitive radio senses the spectrum and makes a local decision about
the presence or absence of the primary user and informs the FC by
employing a censoring policy. The final decision is then made at the
FC by employing the OR rule. The OR rule is used because of its
simplicity and low implementation cost. Denoting 7;; to be the i-th
sample received at j-th cognitive radio, each radio solves a binary
hypothesis testing problem as follows

H() . rij:wij,z':l,...,N,jzl,...,M
Hi o+ riy=hjsijtwy,t=1,...,N,5=1,...,. M (1)

where w;; is additive white Gaussian noise with zero mean and vari-
ance o2, si; is the transmitted primary user signal which is also
assumed to be white Gaussian with zero mean and variance o2, and
h; is the channel gain between the primary user and the j-th cog-
nitive radio which is assumed constant during each sensing period.
Furthermore the s;;s and w;;’s are assumed statistically indepen-
dent.

An energy detector is employed by each cognitive sensor which
calculates the accumulated energy over /N observation samples. The

2
received energy at the j-th radio is given by &; = Zf\il lr;—;‘ It

is well known [16] that under such a model £; follows a centr;l chi-
square distribution with 2)M degrees of freedom under Ho and H;
and the related probability density functions are respectively given
by

1 1 &

p(gJ‘HO) = mf/‘;\] lng/QI{ngO}7 2)
1 1 €. )

p(&iHa) £ 165]/2““'7)[{5]20}, 3)

2NT(N) 7

where I, >0 is the indicator function, and v; = |h;|*0Z /oy, is the
SNR of the primary user received at the j-th cognitive radio.

A censoring policy is then employed at each radio where the
local decisions are send to the FC only if they are deemed to be
informative [5]. Censoring thresholds A; and A2 are applied at each
of the radios, where the range A\ < &; < A is called the censoring
region. At the j-th radio, the local censoring decision rule is given
by

send 1, declaring H1 if & > A,
no decision if A1 <& < Aa, “4)
send 0, declaring Ho it < A

Based on such a decision policy, the local probabilities of false
alarm and detection can be respectively written as

(N, 22
Prj = Pr(&; > X2|Ho) = %7 )
Py = Pr(&; > do|H1) = 7&%”) : ©)

where I'(a, x) is the incomplete gamma function given by I'(a, ) =
[t e dt, with I'(a, 0) = I'(a).

Denoting Cs; and CY; to be the energy consumed by the j-th
radio in sensing per sample and transmission per bit, respectively,
the average energy consumed for distributed sensing per user is given
by,

Cj =NCs; + (1= p;)Cuj, ©)
where p; = Pr(A1 < & < Ag) is denoted to be the aver-
age censoring rate. Defining mo = Pr(Ho), m = Pr(Hi),
50j = Pr()\l < Sj < )\2|H0) and 51j = P?"()q < Sj < )\2|H1),
pj is given by

pj = modoj + w1615, (8)
with
P (N, 3 TV, %) ©
Y7 T T(V) L(N)
A A
5 — LWNoaniy) TV sy) (10)
R Y0 L(N)

Denoting Qf and Qf to be the respective global probability of
false alarm and detection, the target detection performance is then
quantified by Qf < « and Qp > (, where, « and [ are pre-
specified detection design parameters. Therefore, it is assured that
the throughput of the cognitive radio is lower bounded and interfer-
ence is constrained. Our goal is to determine the optimum censoring
thresholds A; and A2 such that the maximum energy consumption
per sensor, i.e., max; C, is minimized subject to the constraints



Qf < aand Q5 > [. Hence, our optimization problem can be
formulated as

min max Cj (1n
A1, A2 g
st QF < a, Qp > . (12)

The FC employs an OR rule to make the final decision which
is denoted by Drc, i.e., Dpc = 1 if the FC receives at least one
local decision declaring 1, else Drpc = 0. This way, the global
probability of false alarm and detection can be derived as

M
Qf = Pr(Drc =1[Ho) =1- [[(1 = Pp;),  (13)
j=1
M
QCD:PT(DFC:1\H1):1—H(1—de)~ (14)

j=1

Note that since all the cognitive radios employ the same upper
threshold A2, we can state that Py; = Py defined in (5). As a result
(13) becomes Qf = 1 — (1 — Pp)™M.

Theorem 1. The optimal solution of (11) is obtained by A; = 0.

. ac; ‘ ap; .
Proof. Since 8p; = —(C; < 0and 8—/\11 < 0, we obtain

ac; ac; a . . .

37)\; = 5ot 6;” 0, and thus the optimal Cj is attained for the

lowest A1 in the feasible set of the problem which is equal to 0.[J
From Theorem 1, (9) and (10) can be simplified to §o; = 1 — Pf
and 61; = 1 — Py and so (11) becomes,

n;in max (NCs; + (mo Py + 71 Py;)Cij)
2 J

M
st.1—(1—P)M <a, 1- H(l —Py)>p. (15

Jj=1

Since there is a one-to-one relationship between A2 and Py, i.e.,
X2 = 27N, T\(N) Py], (15) can be formulated as [17, p.130]

H}pin m]ax (NCS]- + (mo Py + 7T1de)0tj)
f

M
st1-(1=-P)M <a, 1-J[0-Py) =8 (6

Jj=1

A2
Defining Py = F(\) = "G and Py = Gj(h) =
TN, 575y
1“2((11\;”) we can write Py as Py = G;(F ’1(Pf)) Calcu—

lating the derivative of C; with respect to Py, we find that
Therefore, we can simplify (16) as

min Py

Fs a7
st.1—(1—P)M <o, 1-[[}L,(1 - Py) > 8.
which can be easily solved by a line search over P;. However, defin-
ing Qb = H(Py) =1— Hj\il(l — Gj(F~!(Py))), we can show
that if the feasible set of (17) is not empty, then the optimal solution
is given by Py = H~'(3). When the received SNR of the primary
user by the cognitive radios can be assumed to be the same, the op-
timal Py is Py = 1 — (1 — 8)™ and the optimal P is given by
Py = F(G~'(1—(1—B)*™)). In the following section, a combi-
nation of the censoring and sequential approaches is presented which
optimizes both the sensing and the transmission cost.

3. SEQUENTIAL CENSORING PROBLEM
FORMULATION

3.1. System Model

In this section, each cognitive radio sequentially senses the spectrum
and upon reaching a decision about the presence or absence of the
parimary user, sends the result to the FC by employing a censoring
policy. Here, a truncated censored sequential sensing scheme is em-
ployed where each cognitive radio carries on sensing until it reaches
a decision while not passing a limit of N samples. Denoting A, ;
to be the decision statistic at the j-th cognitive radio after n consec-
utive samples, the local decision rule to make a final decision is as
follows,

send 1, declaring H;
continue sensing

no decision

send 0, declaring Ho

if Ap; > bandn € [1, N],
if Anj € (a,b) andn € [1,N),
ifa < An; <bandn = N,
if Ap; <aandn € [1,N],

(18)

where a < 0 and b > 0. To avoid the calculation of the LLR for
each sample and because of the simple implementation of an energy
detector, a sequential shifted chi-square test is employed, as in [15].
Therefore, the decision metric A, is defined as follows

Z |rij|> — (19)

where 02, < A < o02(1 + ;) is a predetermined constant and

v; = |hj|?c2 /o2 is the SNR of the primary user received at the j-
th cognitive radio. Dividing left and right hand sides of (19) by o2,
we obtain

n

Anj = Anj/on, = (Iril* = A) /o3, (20)

i=1

The probability density function of x;; = |ri;|*/o2 under Ho
and H; is a chi-square distribution with 2n degrees of freedom.
Thus, x;; becomes exponentially distributed under both Hg and H.
Henceforth we obtain

1
Pr(zi[Ho) = e ™ Ly, 50, 1)
1

Prilt) = gy
J

o~ is /2(1+'YJ)I{MJ_ZO}7 (22)

Defining Cnj = Y0, |rij|°/os, = SO0, @ij, it is clear that,
nj = Cnj — nA, where A = A/c2. Denoting a; = 0, i =
cooopai =a+iA, i =p+1,...,Nandb; = b+iA, i =
1,..,N,where @ = a/o2 and b = b/aﬁ,, and where p = |—a/A|,
(18) becomes

— >

if (nj > by and n € [1, N],
if (nj € (an,bn) andn € [1,N),
if Cnj € (an,bn) andn = N,
if ¢nj < anandn € [1, N].
(23)
Defining (o; = 0, the local probability of false alarm and de-
tection at the j-th cognitive radio, i.e., Pr; and Py;, can be written

send 1, declaring H1
continue sensing

no decision

send 0, declaring Ho



as

N
Pyj = Pr(vie[0,n—1]: Gy € (as,bi),Cny > balHo),

n=1

(24)

N
Py = Z Pr(Vie [0,n —1] : Gj € (ai, bi),Cnj > bn|H1).

n=1

(25)

Denoting p; to be the average censoring rate at the j-th cognitive
radio, and do; and d1; to be the respective average censoring rate
under Ho and H1, we have

pi = Pr(Cy € (a1,b1),....,¢n; € (an,bn))
= moPr(Cy € (a1,b1),....¢ny € (an,bn)|Ho)
+ 7T1P’l"(<1j € (Cbl,bl),-u,CN]’ S (aNabN)|H1)
= 7T050j +7T151j, (26)
where,
6Oj = PT'(Clj € (al,bl),...,CNj c (GN,bN)‘H0)7 (27)
51]' = P"'(Clj € (ahbl),...,CNj S (aN7bN)‘H1)7 (28)

The other parameter that is important in any sequential detec-
tion scheme is the average number of samples (ASN) required to
reach a decision. Denoting /N; to be a random variable representing
the number of samples required to announce presence or absence of
the primary user, the ASN for the j-th cognitive radio, denoted as

N;=FE(Nj), can be defined as

E(N;) = moE(N;|Ho) + m E(N;[Ha), (29)
where
N
E(Nj|Ho) = Y _ nPr(N; =n[Ho)
n=1
N-1
= ’I”L[P’I'(V’L S [O,TL — ].] 1 Gij € (ai7bi)|’H0)
n=1
— Pr(Vie€[0,n]:¢j € (as, bi)|Ho)]
+ NPr(vi€[0,N]:Gj € (ai,bi)[Ho),  (30)
and
N
E(Nj|H1) = Y nPr(N; =n[Hi)
n=1
N-1
= Z n[Pr(Vi € [0,n —1] : G;; € (ai, bi)|H1)
n=1

— Pr(Vie€0,n]: Gj € (ai,bi)|H1)]
+ NPT(VZ S [O,N] : Cij S (a1,b1)|H1) [€2))

The total average energy consumption at the j-th cognitive radio
for the censored sequential problem formulation becomes

C; = Njcsj + (1 = p;)C4;. (32)

Denoting Qf° and QF’ to be the respective global probabilities
of false alarm and detection, we define our problem as the minimiza-
tion of the maximum energy consumption over all cognitive radios

subject to a constraint on the global probabilities of false alarm and
detection as follows

min max Cj
ab J

sLQF <o, Qp > 6. (33)

As in (13), the global probability of false alarm and detection
are

M

¥ = Pr(Drc = 1[Ho) :1_H(1_Pfj)’ 9
j=1
M

Qb = Pr(Dre =1[H1) =1-[J(1 - Py). (39
j=1

Note that since Py; = --
assumed that Py; = Py.

In the following subsection, analytical expressions for the prob-
ability of false alarm and detection as well as the censoring rate and
ASN are extracted.

- = Py, in the rest of the paper, it is

3.2. Problem Analysis

Looking at (24)-(29), we can see that the joint probability distribu-
tion function of p({1;, ..., (nj) is the foundation of all the equations.
Since, xi; = (ij — Ci—15 fori =1, ..., N, we have,

P(C1js vy Cnj) P(C25;s -+, CnjlC1)P(C1ys)

P(C5s -5 Cnjlis, C2)P(C251€15)P(C1y)

= p(CnjlCis, s Cn1j)--0(C1j)
= p(zns)p(Tn—1j)...p(15). (36)

Therefore, the joint probability distribution function under Ho
and H; becomes

1 .
PG GnilHo) - =o€ L, 5y, (37)
1
2(1 + ;)]

where, £ = {0 < (15 < (2j... < (nj} and ¢, .y is again the
indicator function.

The local probability of false alarm and the ASN under H, in
this work are similar to the one that is considered in [15] and [18].
The difference is that in [15], if the cognitive radio does not reach
a decision after N samples, it employs a single threshold decision
policy to give a final decision about the presence or absence of the
cognitive radio. Henceforth, with a small modification we can use
the results in [15] for our analysis. Further, since in our work the
distribution of x;; under H; is exponential like the one under Ho,
unlike [15] where the primary user signal is assumed to be deter-
ministic, we can also use the above approach to derive the analytical
expressions for the local probability of detection, the ASN under H,
and the censoring rate.

However, since the problem becomes computationally complex
and a two-dimensional search is necessary, in order to reach a good
solution in a reasonable time, we set a < —NA. This way we obtain

P(Cujy oo Cng[Ha) = e PO L (38)



a1 = --- = an = 0 and we can relax one of the arguments of (33).
Therefore, we only solve the following suboptimal problem

min max C)
b J

st QF <a, Qp > (39)

Note that unlike Section 2, here the zero lower threshold is not neces-
sarily optimal. The reason is that although the maximum censoring
rate is achieved with the lowest a, the minimum ASN is achieved
with the highest @, thus there is an inherent trade-off between a high
censoring rate and a low ASN and a zero a; is not necessarily the
optimal solution.

Denoting FE, to be the event where a; < (5 <
bi, i = 1,....,n —1and (n; > b, (24) becomes
N
Py =Y Pr(En|Ho). (40)
n=1

Hence, introducing I';, = {a; < (5 < bs, ¢ = 1,...,n — 1}
and pp, = ==re /2, the local probability of false alarm Py can

2n—
‘ ' o 1 _an/QI d . d .
276 {fnj} Clj'“ (ng
r b

be derived as
Pn .../I{gnj}dg‘lj...dgnflj
In

Pr(En|Ho) =

= paA(n) 41)

To find the analytical expression for Py, we need to derive A(n).
Since 0 < (15 < (25... < (n—1janda; = --- = an < 0, the lower
bound for each integral is (;—1 and the upper bound is b; where
i =1,...,n — 1. Thus we obtain,

b1 b2 bp—1
A(n):/ / / dCrjdCagodCn1;,  (42)
Coj €15 ¢

n—2j

which according to [18] is

A(n) = M n=1.,N (43)
oy "L
hence, we have
N
Pr =Y paA(n), (44)
n=1
with p, = 627:7?{2 Similarly, for Pg;, we obtain
N
Py =Y qnA(n), (45)
n=1
—bn/2(14v5) .
where ¢, = W Further, defining R,; = {(i;|¢i; €

(0,b5), i =1,...,n}, Pr(Rn;|Ho) and Pr(Ry;|H1) are given by

Pr(Rn;[Ho) = 1> piA(i), (46)
1=1
Pr(Rn;[H1) = 1= q:A(i), 47)

i=1

and (30) and (31) become

2

-1

E(Nj|Ho) n(Pr(Rn-1jHo)

Il
g

3
Il

—_

- Pr anlHo)) +NP’I“(RN71J'|H0)
N—-1

= 1+ Z Pr(Rn;|Ho), (48)

n=1

I
M =

E(N;|H1) n(Pr(Rn—1;Hi)

1

—  Pr(Rn;[H1)) + NPr(Rn-1;Hi)
N—-1

= 1+ Z Pr(Rn;|H1). (49)

n=1

3
Il

Putting (46) and (47) in (48) and (49), we obtain,

N-1 n
E(Nj[Ho) =1+ {1 - Z}%A(i)}, (50)
n=1 1=1

N—-1 n
E(Nj|H) =1+ ) {I—Zin(i)}, 1)
n=1 =1

and inserting (50) and (51) in (29), we obtain,

Nj= m (1 +30 {1 — i Pz‘A(i)}>

+m (1 +305 {1 -y, in<2‘)}) NG

Finally, from (46) and (47), the censoring rate can be easily ob-
tained as

pi = To (1 - ipiA(i)) +m (1 - ZEJ_V:I in(i)). (53)

Having the analytical expressions for (39), we can easily find the
optimal maximum energy consumption per sensor by a line search
over b. Similar to the censoring problem formulation, here the sens-
ing threshold is also bounded by QE* ™ (a) < b < Q§ ().

4. NUMERICAL RESULTS

A network of M = 5 cognitive radios is considered for the simu-
lations. For the sake of simplicity it is assumed that all the sensors
experiences the same SNR. The cost of sensing per sample C; = 1
and Cy; = 10. Further, the probability of false alarm constraint
a = 0.1 and N = 10. In Fig. 2 the maximum energy consump-
tion per sensor is optimized for v = 0dB, 0.1 < g < 1, and
mo = 0.2, 0.8, and it is compared with the reference energy con-
sumption where only censoring is employed by the cognitive radios.
As we can see, the proposed censored sequential scheme depresses
the maximum energy consumption per sensor for both low and high
7o as well as over the whole range of the detection probability con-
straint. Further, it is shown that the censored sequential scheme gives
a higher energy efficiency than its censoring counterpart, particu-
larly at high probability of detections. It is also shown that as the mg
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Fig. 2. Optimal maximum energy consumption per sensor versus (3,
M =5, N =10, SNR=0dB, o = 0.1, Cs; = 1, and C; = 10.
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Fig. 3. Optimal censoring rate versus 3, M = 5, N = 10,
SNR=0dB, o« = 0.1, Cs; = 1, and C; = 10.

increases the maximum energy consumption per sensor decreases
mainly due to a higher censoring rate.

Fig. 3 shows the optimal censoring rate versus 3 for the same
scenario. Clearly, it is shown that the optimal censoring rate for
higher mq is higher and further it is shown that the optimal censor-
ing rate is slightly higher for censoring than for censored sequential
sensing.

The optimal ASN versus /3 for the scenario in Fig. 2 is shown
in Fig. 4. We can see that as 7o increases the optimal ASN also
increases which is expected due to the smaller probability of primary
user appearance. Further, if the probability of detection increases the
ASN is lower than the low detection rates, because the threshold b is
lower for the higher detection rates and thus, cognitive radios sooner
reach a decision.

Figures 5-7 consider a scenario where M = 5, N = 30,
Csj =1,Cy; =10, = 0.1, 8 = 0.9 and 7o can take a value of
0.2 or 0.8. The performance of the system versus SNR is analyzed in
this scenario. as for the two earlier scenarios, the censored sequen-
tial sensing gives a higher energy efficiency compared to censoring.
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Fig. 4. Optimal ASN versus [ for the censored sequential scheme,
M =5, N =10, SNR=0dB, o = 0.1, C; = 1, and C; = 10.
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Fig. 5. Optimal maximum energy consumption per sensor versus
SNR, M =5,N =30, =0.1,3=0.9,C,; =1, C; = 10.

While the optimal energy variation for the censoring scheme is al-
most the same for all the considered SNRs, the censored sequential
scheme’s energy consumption per sensor reduces significantly as the
SNR increases. The reason is that as the SNR increases, the optimal
ASN dramatically decreases.

Unlike the earlier scenarios, in Fig. 5 the optimal maximum en-
ergy per sensor for censored sequential sensing is lower over almost
the whole SNR range (except for v = —4 dB) for mo = 0.2. The
reason is that in this scenario the number of samples is assumed to
be N = 30 and thus, the ASN which manages the total sensing
cost becomes more important compared to the censoring rate that
controls the transmission energy at higher SNRs. Since the optimal
ASN for m9 = 0.2 is lower than the one for 7o = 0.8, the energy
consumption per sensor becomes lower, although the censoring rate
for mo = 0.8 is higher. Furthermore, it is shown that as the number
of samples increases, the censored sequential scheme gives a much
lower energy consumption than its censoring counterpart.

Finally, Fig. 8 depicts the optimal maximum energy consump-
tion per sensor versus the number of cognitive radios. The SNR is
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Fig. 8. Optimal maximum energy consumption per sensor versus
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assumed to be 0 dB, N = 10, Cs; = 1 and Cy; = 10. Furthermore,
the probability of false alarm and detection constraints are assumed
tobe a = 0.1 and 8 = 0.9 as determined by the IEEE 802.22 stan-
dard for cognitive radios [4]. It is shown that for both high and low
values of 7y censored sequential sensing outperforms censoring.

5. CONCLUSIONS

We presented two energy efficient techniques for a cognitive sensor
network. First, a censoring scheme has been discussed where each
sensor employs a censoring policy to reduce the energy consump-
tion. Then a truncated censored sequential approach has been pro-
posed based on the combination of censoring and sequential sensing
policies. We defined our problem as the minimization of the maxi-
mum energy consumption per sensor subject to a global probability
of false alarm and detection. The optimal lower threshold is shown
to be zero for the censoring scheme and so the underlying optimiza-
tion problem can be simplified to a line search problem. Further, an
explicit expression is given to find the optimal solution. We have
further derived the analytical expressions for the underlying param-
eters in the censored sequential scheme when the lower threshold is
assumed to be zero.

Different scenarios regarding SNR, number of cognitive radios,
and probability of detection constraints were simulated for low and
high values of 7. It was shown that under the practical assumption
of low-power radios, sequential censoring outperforms censoring.
Further, it was shown that the optimal ASN for low values of 7 is
lower than for high values and the same trend is also valid for the
optimal censoring rate.
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