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Optimal Multi-Channel Cooperative Sensing in
Cognitive Radio Networks

Rongfei Fan and Hai Jiang, Member, IEEE

Abstract—In this paper, optimal multi-channel cooperative
sensing strategies in cognitive radio networks are investigated.
A cognitive radio network with multiple potential channels is
considered. Secondary users cooperatively sense the channels and
send the sensing results to a coordinator, in which energy detec-
tion with a soft decision rule is employed to estimate whether
there are primary activities in the channels. An optimization
problem is formulated, which maximizes the throughput of sec-
ondary users while keeping detection probability for each channel
above a pre-defined threshold. In particular, two sensing modes
are investigated: slotted-time sensing mode and continuous-time
sensing mode. With a slotted-time sensing mode, the sensing
time of each secondary user consists of a number of mini-
slots, each of which can be used to sense one channel. The
initial optimization problem is shown to be a nonconvex mixed-
integer problem. A polynomial-complexity algorithm is proposed
to solve the problem optimally. With a continuous-time sensing
mode, the sensing time of each secondary user for a channel
can be any arbitrary continuous value. The initial nonconvex
problem is converted into a convex bilevel problem, which can
be successfully solved by existing methods. Numerical results
are presented to demonstrate the effectiveness of our proposed
algorithms.

Index Terms—Cognitive radio, spectrum sensing, throughput
maximization.

I. INTRODUCTION

UE to the rapid growth of wireless communications in

recent years, so far almost all the appropriate spectrum
has been allocated for various wireless applications in different
regions. So a spectrum scarcity problem is expected for the de-
velopment of new wireless applications in the near future. On
the other hand, severe under-utilization of licensed spectrum
at a time or a location has been observed by measurements of
wireless spectrum usage [1] [2]. This has motivated the idea of
opportunistic spectrum access, which means that unlicensed
(secondary) users can utilize the spectrum when and where
the licensed (primary) users are not using it. As an emerging
technique to realize this idea, cognitive radio has received
much attention recently, in which the secondary users are
able to sense the spectrum, analyze the spectrum statistics,
and adjust their transmissions according to the time-varying
environment [3].
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Before accessing the spectrum, secondary users need to
check (by spectrum sensing) whether primary users are active.
If primary users are using the spectrum, the secondary users
should defer their transmissions. The performance of the spec-
trum sensing can be measured by two parameters: detection
probability (i.e., the probability that, if there are primary ac-
tivities, the secondary users can detect them successfully) and
false alarm probability (i.e., the probability that, if there are
no primary activities, the secondary users falsely estimate that
primary users are active) [4]. Apparently, a higher detection
probability can give primary users more protection, while a
higher false alarm probability will lead to more waste of the
spectral opportunities. To improve the accuracy of spectrum
sensing in a fading environment, cooperative spectrum sensing
[51[6][7] can be adopted. Multiple secondary users sense the
spectrum independently, and send the results to a fusion center,
which will make the final estimation on whether there are
primary activities in the channel.

For spectrum sensing, a slotted time frame structure is
widely used [8]—[11]. In each time slot, the first portion is used
for spectrum sensing, and the second portion is used for packet
transmission (if the channel is detected idle). A longer sensing
time in a time slot will lead to a higher detection probability
and a lower false alarm probability, which are desired. But
it also results in less time in actual information transmission
(assuming the duration of each time slot is fixed). Therefore, a
tradeoff exists in the sensing time setting. The optimal tradeoff
in sensing time setting is investigated in [12][13] so as to
optimally utilize the transmission opportunities in a single
channel. Different from the work for a single channel, in this
paper, we investigate the sensing time setting for a multi-user
multi-channel case with cooperative sensing. The sensing time
setting determines the length of the sensing time in a slot and
how the total sensing time (of the multiple users) in a slot
is distributed among all the channels. Optimization problems
are formulated to maximize the throughput of secondary users.
We prove that, although the initial optimization problems are
nonconvex and are with NP-hard complexity to be solved
directly, they can be successfully converted into convex mixed-
integer subproblems or a convex bilevel problem, which are
ready to be solved by existing methods.

The rest of the paper is organized as follows. The system
model is given in Section II. The problem of optimal sensing
time setting is formulated and solved in Section III when the
sensing time for each channel is a number of mini-slots, and
in Section IV when the sensing time for each channel is a
continuous variable. Numerical results are presented in Section
V. Finally concluding remarks are given in Section VI.

1536-1276/10$25.00 © 2010 IEEE

Authorized licensed use limited to: UNIVERSITY OF ALBERTA. Downloaded on March 11,2010 at 20:42:50 EST from IEEE Xplore. Restrictions apply.



FAN and JIANG: OPTIMAL MULTI-CHANNEL COOPERATIVE SENSING IN COGNITIVE RADIO NETWORKS

II. SYSTEM MODEL

We consider a cognitive radio network with N frequency
bands (termed channels in the sequel) and M secondary users.
In each channel, a primary user exists (which may not be
active all the time). There is a coordinator in the cognitive
radio network, which is responsible to collect sensing results
from the secondary users, and estimate the busy/idle status of
each channel. The coordinator also assigns a secondary user to
each channel for information transmission. If the coordinator
estimates a channel, say channel n, to be idle, it notifies
the secondary user assigned in the channel to transmit. The
transmission power is P, and the transmission rate is given
by log(1+ SN R:?), where SN R:® means the signal-to-noise
ratio (SNR) from the secondary user to its receiver at channel
n.

A synchronous system is assumed, and time is divided
into fixed-length slots. In each slot, the primary user in a
channel is either active for the whole slot, or idle for the whole
slot. Each slot is further partitioned into two phases: sensing
phase and transmission phase. The duration of the sensing
phase is a design parameter. In the sensing phase, a secondary
user can sense a number of channels sequentially by energy
detection, and the sampling rate of the received signal in a
channel is p. The transmission phase is used for the secondary
users assigned to the channels to transmit, if the channels are
estimated to be idle. It is assumed that the channel gains in
each channel (from the primary user to secondary users or
between secondary users) keep fixed within the duration of a
time slot.

Let ¢ denote the time duration that secondary user m
spends in sampling channel n. So within duration ¢, user
m has pt)' samples for channel n, which follow a binary
hypothesis:

HO oy (i) = wn (i), i=1,2, .., utm 0
Hy o yp(i) = (i) Fwa(i), i=1,2,.. 6t

where HY and H) mean that the primary user in channel n
is idle and busy respectively, ¢ is the sample index, y7'(-)
is the received signal of channel n at secondary user m,
wy (+) is background noise in channel n, which is assumed to
be circular symmetric complex Gaussian (CSCG) with mean
being zero and variance being o2, and () is the signal
of primary user in channel n received at secondary user m.
Similar to [12], 7*(7) is assumed to be a zero mean CSCG
random variable. Furthermore, we also suppose 7/*(i)’s are
independent and identically distributed random variables with
variance (07)? for m = 1,2, ..., M. This assumption is valid
for a small-sized cognitive network (i.e., distance between
the secondary users is much less than the distance from the
primary user to the secondary users).

Then, the test statistic of secondary user m’s received signal
energy in channel n is calculated as

uty'
" (y) = . 2
" MWZ G 2)

The test statistic by secondary user m for channel n is sent to
the coordinator, which collects all values of 7)7*(y)’s from all
the secondary users. Then the overall test statistic for channel
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n is calculated at the coordinator as
M
Dot 1 T (y)
M ’
> ut
m=1

The overall test statistic is compared with a threshold ¢,,.
The primary user in channel n is estimated to be idle if
T (y) < &, or busy otherwise. This process is referred to as
soft decisional cooperative spectrum sensing, and the detection
probability and false alarm probability in the process are given
[12] as

M
pe (Z t?,en> = Pr (TM(y) > en|HL)
m=1

T (y) = 3)

M
Dy e tw/a+1?] @

m=1

En
= Q (; Tn
and

M
J(Ztﬁ%) =Pr (T2 (y) > ea|HY)
m=1

M
—Q (%_1) uz::ltnm 5)

respectively, where -, is the average SNR of primary user
signal received by a secondary user in channel n, defined as

2 (?2)2, and Q(-) is the Q function, defined as

Q) - T/ (-2) e

In a real system, the detection probability PZ should be no
less than 0.5 and the false alarm probability should be no
larger than 0.5. From (4) and (5), the constraints P;f > 0.5
and P/ < 0.5 are equivalent to the following inequality.

0’ <ep<o*(14+7,), n=12,..,N. (6)

The following equation rewrites the false alarm probability
as a function of the detection probability PJ.

M

P! (Z tZ‘,Pff) =
m=1

M

Q| (m+DQ (P +ymy|nd_t | @

Within this expression, the constraint PT{ < 0.5 is equivalent
to

M
pd tm>0, n=12..,N.

m=1
(®)
From (4) and (5) it can be seen that only the total time
used to sense channel n, i.e., Zm 1 tat, affects the detection
performance for channel n, regardless of how this total time
is distributed among the secondary users.

(Yn + 1)Q_1 (P;Li) +n
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Slot

Y

Sensing phase Transmission phase

A\
A
A 4

User 1 1(1(2(2]2|3|3(3
hig
0
User 2 212|2(2(3|3[3]1
User 3 1(1]1|12[2|3[3|3
Fig. 1. The slotted-time sensing mode with 3 channels and 3 secondary

users.

For the sensing in channel n, we have the following four
scenarios:

o If channel n is idle and is estimated by the coordinator

to be idle, then the secondary user assigned to channel
n will transmit in the associated transmission phase of
the slot, with the average transmission rate given by
RY = E (log(1+ %)), where hi% is the channel
coefficient from the secondary user assigned to channel
n to its receiver, and E(-) means expectation.

o If channel n is idle and is estimated by the coordinator to
be busy (i.e., a false alarm happens), the secondary user
assigned to channel n will not transmit in the associated
transmission phase of the slot.

o If channel n is busy and is estimated by the coordinator
to be busy, the secondary user assigned to channel n will
not transmit in the associated transmission phase of the
slot.

o If channel n is busy and is estimated by the coordinator
to be idle (i.e., a missed detection happens), then the
secondary user assigned to channel n will transmit in the
associated transmission phase of the slot. As the primary
user’s signal will serve as an interference to the secondary
transmission, the average transmission rate of che sec-
ondary user is given by R = E (log(l + ﬁiﬁ%))’
where PP is the transmission power of the primary user
in channel n, and h2® is the channel coefficient from the
primary user to the secondary receiver in channel n.

It can be seen that RY > R!.

In the sensing phase, a secondary user needs to sequentially
sense a number of channels, using one of the two modes:
slotted-time sensing mode and continuous-time sensing mode.

o Slotted-time sensing mode: The sensing phase in each
slot is further divided into a number, &, of mini-slots,
each with duration J. Here the value of % is a parameter to
be optimized. Each mini-slot can be used by a secondary
user to sense any channel. Fig. 1 shows an example for
N = 3 channels, M = 3 secondary users, and k = 8
mini-slots in a sensing phase. The number inside each
mini-slot means the channel to be sensed. Note that in the
example, user 2 first senses channel 2, then channel 3, and
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Slot
Sensing phase Transmission phase
User 1 1 2 3
User 2 2 3 1
User 3 3 1 2

Fig. 2. The continuous-time sensing mode with 3 channels and 3 secondary
users.

finally channel 1. Actually the sensing order of channels
1, 2 and 3 does not affect the detection performance.

o Continuous-time sensing mode: In the sensing phase,
the time to sense a channel can be any arbitrary-length
duration bounded by the total duration in the sensing
phase, while the duration of the sensing phase is also
a parameter to be optimized. Fig. 2 shows an example
for N = 3 channels and M = 3 secondary users.

In the following two sections, optimal sensing time settings
in the slotted-time sensing mode and continuous-time sensing
mode are investigated respectively to maximize the total
throughput of the secondary network.

III. OPTIMAL SENSING TIME SETTING IN THE
SLOTTED-TIME SENSING MODE

In the system, the sensing phase in a slot has k mini-slots.
The value of k is a parameter to be optimized. Each mini-slot
can be used by a secondary user to sense a channel. So there
are totally kM mini-slots among the M secondary users to
sense the NV channels. Let k,, > 0 denote the number of mini-
slots (among the kM mini-slots) that are used for sensing
channel n € {1,2,..., N}. Then we have

N
Z ky, = kM. 9)
n=1

Let T" denote the length of a time slot. Then the average
throughput of channel n can be expressed [12] as

Culk knsn) = 55 (Pr(MY) (1= P (kn, =) R

+Pr(HY) (1= Pi(knia)) BE) - (10)

where
Pi(knea) = Q | (S5 = — 1) G%%F (1)
and
P! (kn.en) = Q ((Z—g - 1) \/kn(su) (12)

are from (4) and (5), respectively, Pr(#H2) > 0 is the available
probability of channel n, and Pr(H.) = 1 — Pr(H)) > 0 is
the busy probability of channel n.
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Our goal is to maximize the throughput of secondary users
in all the channels, denoted C'(k, {k,}, {e,})," while keeping
the detection probability of any channel, P¢, above a pre-
specified threshold Py, (P, > 0.5) and the false alarm
probability of any channel, P/, no larger than 0.5. So the
problem can be defined as follows.

Problem P1 :
C(ka {kn}7 {En}) = £ ke
N (Pr(’HO) (1- P kn,sn )) RO
+Pr(HL) (1= Pl(kn, ) )

max
kv{kn}v{sn}

S.t. Pﬁ(kn,sn) 2 Py, n=1,2,..
0? <&, <021 +m), n_1,2,...,N
Z ky = kM

. >Ok: €T, n=1,2,..
0<k<|L], kel

N

)

Here 7 is the set of all positive integers. Note that the
constraints 02 < g, < o%(1 + 7,) are equivalent to the
constraints P¢ > 0.5 and P/ < 0.5 according to equations
(11) and (12).

A. Nonconvexity of Problem Pl

Lemma 1: Problem P1 is not a convex problem.

Proof: We use proof by contradiction. Assume that
problem P1 is a convex problem. Thus, the objective func-
tion C'(k,{k,},{en}) is a concave function with respect to
k,{k,}, and {e,}. Based on (11) and (12), we have

0?PI (kn,en) 1
Ok? 4/ 27

({2

aQP’g(knagn) _
ok,

2

(E_n B 1) e_((i%*l)\/mf

1
x) o

and

L e, BERDEED)
oz (G5 —m—1)e ’
. om___1 o 1)2;
’Vn + 1 \/_n n \/H
(14)

(5:“)3/2 (5n

o2

Among the constraints of problem P1, we have 0?2 <eg, <
02(1+,). So in the feasible region of problem P1, we have

2Pl (ky,en)
—n VIR 15
Ok 2 (15)

and
0?P(ky, )

2y <0 (16)

INote that here {kn} means the set of {k1, ko, ...
the set of {e1,¢€2,...,en}.

,kn}, and {e,, } means
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Since Pr(H}) =

2C(k7 {kn}>{5n}) B T—kb
Ok T\

1 — Pr(H?2), it can be obtained that

82Pff(k:n,5n)R1
Ok? "

— aQP’g(kT“En)Rl)
Ok "))

_62 ( 7571.)R1
Pr(HY) < Ok,
" 82P ( n 71.) 62P ( nvan)
Okn? - RO Okn? Rl

82 kn? n
—Iﬁfﬂg)<———5%—ff—232

Therefore, if

(17)

then we have
PC(k, {kn}, {en})
Ok

which contradicts the assumption that C'(k,{k,},{en}) is
a concave function with respect to variable k,,. Note that,
from (15) and (16), it can be seen that the right-hand side
of (17) is within (0, 1). Therefore, there exists Pr(#?) such
that inequality (17) holds.

This completes the proof. |

Besides being nonconvex, problem P1 is also a mixed-
integer problem, which is usually NP-hard to be solved
directly [14]. In order to solve problem P1, we resort to
transformation of the problem into subproblems with low
complexity, as follows.

In the expression of the objective function C'(k, {k,}, {en})
in problem P1, it can be seen that variable k appears only in
the term T_T’“S. So problem P1 can be transformed to

max C(k) = T5K0 . U~ (k)
s.t. O<k§L§J,keI

>0 (18)

19)

where U* (k) is the optimal objective value of the following
problem with a specific k value:

Problem P2  (with a specific k£ value)
max Uk}, {en}) =
e ({N b Aent)
5> (Pr(H0) (1= Pf (k. 20)) Y
n=1
+ Pr(HL) (1= Pikn,20) B} )
s.t. PHkn,e0) > Py, n=1,2,....N
02<e, <o*(1+,), n=1,2,...N
N
> kn=kM
n=1
kn >0k, €Z, n=1,2,... N
kel

Problem P2 is actually a subproblem of problem P1. In the
following, we first discuss the properties of problem P2 and
provide an optimal solution to it in Section III-B, and then
provide an optimal algorithm to solve problem P1 in Section
III-C based on the optimal solution of problem P2.

B. Properties and Optimal Solution of Problem P2

Lemma 2: With the condition P, > 0.5, the objective
function U ({k,}, {en}) in problem P2 achieves the maximal
value when P9 (k,,e,) = P, n=1,2,...,N.

Authorized licensed use limited to: UNIVERSITY OF ALBERTA. Downloaded on March 11,2010 at 20:42:50 EST from IEEE Xplore. Restrictions apply.



1132

Proof: Denote

Up(kn,en) = Pr(Ho)(1— Pl(kn,en)) R

+Pr(HL) (1 — P(kn,en)) Ry (20)

N
and therefore we have U ({ky,},{en}) = > Un(kn,en).

From equations (11) and (12), it cannT)é seen that both
(1 — P}:(kn,en)) and (1 — Pr‘f(kn,sn)) in Uy, (ky,e,) grow
with the increase of &,. On the other hand, the term
(1 — P4(ky,en)) should be bounded by 1 — Pyy,. Therefore,
U (kn, €n) achieves its maximal value when (1—P2(k;,, ,,))
reaches its upper bound (1 — Pip), which happens when
Pg(kn,é"n) = IDth.

This completes the proof.

Define

N
= > Pr(HY) (1 = Pf(kn, PY = Pp)) R), (21)

n=1

where P/ (k,,, P%) is from (7), i.e.,
P (kn, ) = Q (9 + DQ™H (P + 7 /iikad ) . 22)

Based on Lemma 2, we substitute Pff with P;;, in the
objective function U ({k,}, {e,}) in problem P2, and we have

U({kn}: {en}lpy

S({kn})

kn,en)=Prp,

= S({kn}) +ZPI )1 = PR},
in which the second term on the right-hand side of the equality
is a fixed value.

Consider the constraints in problem P2. From equation (11),
the constraint &,, < o2(1 +1,) in problem P2 corresponds to
the constraint P¢ > 0.5, which can be guaranteed by setting
Pd Py, > 0.5. From equation (12), the constraint €,, > o?
in problem P2 corresponds to the constraint P,f < 0.5, which
can be expressed similarly to equation (8) as

(Yo + D)Q ™Y (Pip) + Y/ ptknd >0, n=1,2,..,N (23)
and is equivalent to
~(Ya + DQ(Pin)
knz( (v t/(le ( th)) Cn=1,2,..,N. (4
HYn
7(’Yn+1)Q71

2
Then by defining z, = R NI (P"”‘)) —‘ (where [-] is

the ceiling function) and ¢, = k, — z, (n = 1,2,...,N),
and rewriting S({k,}) in the form of S({g,}), problem P2 is
equivalent to the following problem.

Problem P3  (with a specific k£ value)
max S{an}) =
qn
N
> Pr(H))(1 = Pl(qn, P} = Pu)) Ry,
N ! N
s.t. Zq:kM—Zzn
n=1 n=1
@ >0,¢,+1€Z, n=1,2,...N
kel
(25)
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in which

=Q((r +1)Q7"
Note that to make the constraints in problem P3 feasible, k
N
Z Zn

should satisfy k > ":A}

(Ijth) + (Qn + Zn)(sﬂrYn)~ (26)

The following lemma is 1n order.
Lemma 3: The function S({g,}) in problem P3 is an in-
creasing concave function with respect to ¢, (n =1,2,..., N)
N

N
within the region > ¢, = kM — >z, ¢, > 0 (n =

n=1 n=1
1,2,...,N).
Proof: The first order derivative of S({¢,}) over g, is
95({an})
( )
o 0 0 aQ ('Yn+1)Q71(Pth)+ 5(Qn+2n)ﬂ7n
- = Pr(Hn)Rn ’ Oan )
_ Pr(HO)R 7((“{n+1)Q71(Pth);\/5(Qn+zn)ﬂ7n) 15
TV @n+zn) 17
> 0.
27

So S({¢n}) is an increasing function with respect to gy,.
We define s, (¢n) = Pr(H%)(1 — P (gn, P4 = Puy)) RO,

N
Therefore, S({qn}) = >_ $n(¢n). The second order deriva-

tive of s,(gn) over qnn is given in (28) on the next page.
Note that the inequality in the derivation in (28) is based on
(v + 1)Q Y (Pin) + /6(qn + 2n)yn) = 0, which is from
(23) based on the fact that P < 0.5.

Define g £ (g%, %, ..., q%) and g°
that

(qla q27 . 7q?\f) SUCh

q2>0,¢%>0,1<n<N;
N

N N

For any A € [0, 1], it is easy to see that ¢ 2 Ag+(1-N)g®
satisfies

¢, >0,1<n<N; > qf=kM-

n=1

(30)

N
>
n=1

N N
So in the region Y ¢, = EM — Y zp,q, > 0 (n =
n=1 n=1

1,...,N), we have

I
WE

S({an}) sn(qy)

3
Il
-

- Ngh)

I
WE

sn(Agp, + (1

3
Il
-

WE

N
Asn(qy) + Z(l - A)Sn(QZ)

= AS{anh) + (1 -MS({an})
which means that the functlon S({gn}) is concave within the

region an—kM Zzn,qn>0(n—1 4 N).

n=1

3
Il

3L
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925, (qm) _ Pr(HORY 7<<m+1>@*1<Pth>;\/6(qn+znmm2 o
8qn - 4/ 27

 ((mADRQ ™ (P )+ an F i)
e 2

: (qnlfzn),yg : ((Vn + 1)Q_1(Pth) + 5(Qn + Zn)ﬂ’Vn))

(28)

This completes the proof.
|

From Lemma 3, problem P3 becomes a convex mixed-
integer problem. Generally a mixed-integer problem is NP-
hard [14]. However, for problem P3, thanks to the separability
and concavity of the objective function and the linear con-
straints with variable coefficients all being 1’s, an incremental
algorithm [15, page 384] can be used to solve problem P3
with polynomial complexity O(kM log N + N ), which can
converge to the global optimal point as proved in reference
[16, pages 53-54].

The procedure of the incremental algorithm for problem P3,
referred to as Algorithm 1, is as follows.

Algorithm 1 Incremental Algorithm for Problem P3.

N
1. If kM — Y z, < 0, problem P3 is infeasible for the
n=1
given k, return. Otherwise set g, =0,n=1,2, ..., N.

2. If Z Gn < kM — Z Zn, find n* = argmax (sn(qn +
1<n<N
1) - sn(qn)), and proceed to Step 3; Otherwise, proceed
to Step 4.
3: @n+ = @n~ + 1, proceed to Step 2.
4: Output {gp,n=1,2,..., N}.

Since problems P2 and P3 are equivalent, the optimal
objective value of problem P2 (with a specific k value),
i.e., U*(k), can be obtained by setting k, = g, + 2, and

Pkn.e) = P = 1,2, ... N.
Lemma 4: U*(k) has two properties: (1) U*(k) is an in-
creasing function; 2) U*(k)—U*(k—1) > U*(k+1)—U*(k)
N
Z Zn
for k> | *5—| kel

The proof of Lemma 4 is given in the Appendix.

C. Optimal Solution to Problem Pl

In Section III-B, we have provided an optimal solution to
problem P2, which is a subproblem of problem P1. Now, we
can proceed to solve problem P1. With the solution of problem
P2, denoted U* (k) for a specific k, problem P1 is equivalent

to
max C(k) = T2 . U~ (k)

> 7 (32)
st | = <k< | T kel

We have the following lemma for the objective function of
this problem.
Lemma 5: C(k +
N
71.;1 o T
T | <k<l|l5)l,kel

1) = Ck) < C(k) — C(k — 1), for

Proof:
[C(k+1) - C(k)] - [C(k) = C(k = 1)]

(R O
- {(1 - ?) U* (k) — (1 - w> U (k- 1)}
= (1= %)@t - ) -

(U*(k) = U*(k — 1))] + %(U*(k —1) = U*(k +1)).

From Lemma 4, U*(k+ 1) — U*(k) < U*(k) — U*(k — 1),

and U*(k — 1) < U*(k + 1). Thus we have
[Ck+1)—C(k)]—-[C(k)-C(k-1)]<0.
This completes the proof. |

From Lemma 5, we see that as k grows, the increase of
C(k), denoted D(k) = C(k) — C(k — 1), becomes smaller.
Then, the optimal point of k, denoted k*, satisfies

D(K*) >0 > D(k* + 1).

In the search for k*, for a round (with a specific k
value), the results in previous rounds are still useful, and
can be used to reduce the computation complexity in the
current round. And the total complexity is upper bounded by
O (|%|MlogN + N).

(33)

IV. OPTIMAL SENSING TIME SETTING IN THE
CONTINUOUS-TIME SENSING MODE

In this section, we consider the continuous-time sensing
mode. The duration of the sensing phase in a slot is denoted 7.
So the total sensing time among all the secondary users is M 7.
The total sensing time assigned to channel n € {1,2,..., N} is
7,. Note that 7 and 7,,’s are all continuous variables. Similar
to problem P1, we have the following problem formulation.

Problem P4 :

max C.=1-5%
T {rnb{en} (N )
(X (Pr(HR) (1 = Pf () B
+ Pr(M} ><1—P:f<rn,sn>)R;))
s.t. PHt,,e0) > Py, n=1,2,..,N
o? <6n_0(1+’yn), n=12..,N
ZTn:T
O<T§T
T7m>0, n=1,2,...N

in which P/(7,,,e,) and P%(7,,¢,) are given in (5) and (4),
respectively.
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Similar to Lemma 1, it can be proved that problem P4 is not
a convex problem. In order to solve it, we transform problem

P4 to:
max C.(r)=(1- %) -Ux(7)

34
st. 0<7<T. 34

where U} (7) is the optimal objective value of the following
problem with a specific 7 value:

Problem P5  (with a specific 7 value)
max U.({mn},{en}) =
e (*Ev b Aen})
5> (Pr(HO) (1= P (ra0)) RS
n=1
+ Pr(ML) (1= Pl(r,20)) B2
s.t. PH(7n,e0) > Py, n=1,2,... N
2<5 <a( +9), n=1,2,...N
Z Tn =

Tn>0 n=12..,N.

Similar to the proof of Lemma 2, it can be proved that
function U.({7,},{en}) achieves the maximal value when

Pg(Tn,é‘n) = Pth~
Define
N
Se({7a}) = Y Pr(H)) (1 = Pl (70, P = Pin)) RS, (35)

3
Il
-

where Pf (7, P,
Pr{ (Tn,Pg)

S
N>

is from (7), i.e.,

=Q ((n + 1)Q (P + vu/BiTn) -

We substitute P2(7,,,e,,) with Py, in the objective function
Uc({m},{en}) in problem P5, and we have

Uc({Tn}a{gn})‘P (Tn,en)=Pin
= S.({m}) —|—ZPr

(36)

)(1 = Pip)RY

in which the second term on the right-hand side of the equality
is a fixed value.

Similar to the discussion in Section III, the constraint ,, <
02(1 + ~y,) in problem P5 is satisfied when P = Py, > 0.5,
and the constraint €, > o2 is equivalent to the following
inequality

(Y +1)Q™

which means

T > (_('Vn + 1)Q_1

1(Pth)+7n\//“'n 207 n= 172a"'aN (37)

,N.

2
(Pth)) Cn=1,2,.. (38)

VHYn
- 2
Denote z& = g%wl(ﬂh)) . Then problem P5 is
equivalent to the following problem.
Problem P6  (with a specific 7 value)
max Sc({mn}) =
{mn}
Z (PT(HO)(l—Py{(Tn7P *Pth))R )
Nn:l
s.t. N m=1M
n=1
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It can be easily proved that in the feasible region of problem
P6 (in which PT{ < 0.5 is guaranteed), the objective function
of problem P6 is a concave function, and therefore, problem
P6 is a convex problem.

Let S¥(7) denote the optimal objective value of problem
P6 with a specific 7 value.

Lemma 6: Function S} (7) is an increasing concave func-
N
>z
n=1

M
Proof: We first prove it is an increasing function.

Define a function

53(Tn)

tion for 7 >

=Pr(H2)(1 — P (10, P} = Py)) RS, 70 > 25

(39)
It is easy to prove that function s¢(7,) is an increasing

function.
X (‘

Zn Z

HMZ

c
n
n=1

For any two variables 7t > and 75 > - , assume
that 77 < 7%, For 7 = 71, the optimal solutlon to problem
P6 is denoted {7, }, with the optimal objective value being
S*(r1). For 7 = 7+, the optimal solution to problem P6 is
denoted {7}, with the optimal objective value being S*(7+).
Let 7j = 71 M — SN 17t Since ST 7 = 7T M, we have

TN =THM —

(TTM — TJT\,) = (7':c - TT)M + 7';([ > T;;/v.

. . . . : ,
S1nceT s%(Ta) is an increasing function, we have s (1) >

5% (7x ), and further we have
N—1 N—1
si(r)) + )< D s N (Tw)-

= (40)
On the other hand, {7'1T, ...,7'}1,71,7]’\,} is also a feasible
solution for problem P6 with 7 = 7+, Recall that S(7%) is
the optimal objective value of problem P6 when 7 = 7. So
we have
N-1

S TN)
i=1

(41)

From (40) and (41), we have S?(71) < S#(7+), which means
that S} (7) is an increasing function.

Next we prove that S*(7) is a concave function. Denote a
vector v= (71,72, ..., TN ), and two functions

N
Hew)=Y (Pr(Hg)(l — Pl (7, Pl = Pth))Rg) (42)

n=1

and
H,(z) = H,, 4
(z) Jnax H, (v) (43)
N

where C(z) = {(11,72,...,TN)| D Th = @, 7 > 25, n =

., N}. Tt is obvious that Iftc(lu) is a concave function

with respect to v when 7, > 25, n=1,2,..., N.
For any two values z1,x2 > 0, and any € > 0, there exist
vy € C(x1) and vo € C(x2) such that Hy.(v1) > He(x1) — ¢
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and H,.(v2) > H.(x2) — €. For any 6 € [0, 1], we have
H.(0x1 + (1 —0)xz) = VGC(OmrlﬂE(}ifé’)rg) H(v)
> Hio(Ovy + (1 —0)v2)
> 0H.(v1) + (1 — 0)Hyo(v2)
>0H.(x1)+ (1 —0)H.(x2) — €.
(44)
This inequality holds for any small € > 0. So we have

Ho (0 + (1— 0)as) > 0Ho (1) + (1 — 0)Ho(z2)  (45)

which means H.(x) is a concave function. And therefore,
S¥(t) = H.(TM) is also a concave function [17, page 84] .
This completes the proof. [ |
With the optimal objective value of problem P53, i.e., U} (7),
p}rvoblem P4 is equivalent to the problem in (34) with constraint
"Z::Jéf . < 7 < T.2 And the objective function C,(7) of the
problem in (34) has the following property.

N,
> Zn

n=1

Lemma 7: C.(7) is a concave function when 7 >
Proof: The second-order derivative of C.(7) is given by

B2C. (1)  d®Si(7) (1 7') Y (_1) dSE(7)

dr

(46)

dr? dr? T T

Since function S (7) is increasing and concave (from Lemma
6), we have 222 < ( and ST - () Therefore, L= <
> dr dr2 > dr?
0, which means that function C.(7) is a concave function. B
From Lemma 7, it can be seen that, problem P4 is
transformed to a bilevel optimization problem [15], where
the upper level problem (i.e., the problem in (34), which
optimizes 7) and lower level problem (i.e., problem P5 or P6,
which optimizes {7,,}) are both convex problems. The bilevel
problem can be solved by existing methods.

V. PERFORMANCE EVALUATION

In this section, numerical results are presented to verify the
effectiveness of our proposed algorithms. Similar to [12], the
system setup is as follows. The sampling rate is = 6 MHz;
the slot duration is 7= 100 ms; the threshold of detection
probability is Py, = 0.9; and SN R;° between secondary users
are all assumed to have a mean 20 dB. Both SN RP® (the SNR
from the primary user to a secondary user on channel n) and
SNR3? are assumed to be exponentially distributed.

A. Verification of Our Algorithms

The slotted-time sensing mode is tested first. Consider N =
2 channels, with the available probability as Pr(H{) = 0.8
and Pr(H3) = 0.6, and mean SNR from primary user to both
secondary users as y; = —15 dB in channel 1 and v = —20
dB in channel 2. There are M = 2 secondary users. The mini-
slot duration is 6 = 0.1 ms. To get the value of C(k) (given
in (19)) at each k, we use two methods: through exhaustive
search of the k,’s and ¢,’s, and through our Algorithm 1.
The results are demonstrated in Fig. 3. It is obvious that the
N
PR

2Note that when 0 < 7 < %, other constraints in the original
problem, P4, cannot be satisfied simultaneously.
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Exhaustive Search
5l ¢ Algorithm 1

45
0 20 40 60 80

k

100 120 140 160

Fig. 3. C(k) versus k.

x10*
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141
12+

—Ei—yn=—20dB

101 : —o—1v,=-150dB|
sl —o—1,=-10dB| |

Number of Iterations

0O 2 4 6 8 10 12 14 16 18 20

M

Fig. 4. Number of iterations versus M (N = 10, § = 0.01 ms).

results match well with each other. And the concave-shaped
C(k) is also consistent with the conclusion in Lemma 5. All
these verify the correctness of our algorithm.

For continuous-time sensing mode, similar observations are
noticed, and the results are omitted here.

B. Complexity of Algorithm 1

Next, we illustrate the complexity of Algorithm 1 for
slotted-time sensing mode, when the mini-slot duration is 0.01
ms. The number of iterations to reach the optimal solution
is taken as the measure of complexity. Fig. 4 shows the
complexity when the number of channels, NV, is fixed as
10, while Fig. 5 shows the complexity when the number of
secondary users, M, is fixed as 10.

C. Comparison between the Slotted-time Sensing Mode and
Continuous-time Sensing Mode

To compare the performance between slotted-time sensing
mode and continuous-time sensing mode, consider N = 5
channels. These 5 channels have available probabilities as
0.8, 0.7, 0.6, 0.5, and 0.4, with , being -19 dB, -18 dB,
-17 dB, -16 dB, and -15 dB, respectively. By running our
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Fig. 5. Number of iterations versus N (M = 10, § = 0.01 ms).

60
R —B5—N=5
3 |
.%50< —&— N=9
= —&— N=19
£ 451
fmg
<
a0t
£
[5}
Z 35}
©
£
8 301 .
o
25¢ 1]
20¢
2 4 6 8 10 12 14 16 18 20

M

Fig. 6. Optimal network throughput versus M and N.

algorithms for the continuous-time sensing mode, and slotted-
time sensing mode with different mini-slot duration § =0.01
ms, 0.05 ms, 0.1 ms, 0.5 ms, or 1 ms, the obtained optimal
network throughput is 17.4 in all cases.

In comparison of slotted-time sensing mode and continuous-
time sensing mode, it is difficult to tell which one is better.
Generally, it is easier to implement the slotted-time sensing
mode in a real system. On the other hand, the complexity
in solving the problem with continuous-time sensing mode is
lower than that with the slotted-time sensing mode.

Since both sensing modes can reach almost the same
optimal network throughput, in the following, we evaluate the
performance of slotted-time sensing mode only.

D. Impact of the Number of Channels and the Number of
Users

In the system setup, there are N =5, 9, or 19 channels.
Channel n (1 < n < N) has a free probability Pr(H%) =
1—0.05%n, and the average channel gain from the primary user
to a secondary user is 7, = (—20+n—1) dB. Fig. 6 shows the
optimal network throughput (obtained from our algorithm) as a
function of the number, M, of secondary users, with different
N values. It can be seen that when the number of channels or
the number of secondary users increases, the optimal network

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 9, NO. 3, MARCH 2010

throughput also increases. Interestingly, with a fixed NV value,
when the value of M further increases beyond a certain value,
the optimal network throughput seems to keep almost constant.
The reason is as follows. When M increases, the total sensing
time for the channels also increases, which means that a
smaller false alarm probability for each channel is expected.
When M is large enough, the false alarm probability for each
channel is almost zero. Recall that the optimal objective func-
tion of problem P1 is achieved when the detection probability
is exactly the threshold P, (from Lemma 2). Therefore, when
the false alarm probability of each channel is almost zero, the
optimal objective function in problem P1 can be approximated
as SN (Pr(HO)RY + Pr(HL) (1 — Py) R}L), which is a
constant. Note that in the approximation, we omit the factor
T}k‘s, since the sensing duration is only a small portion of
the total duration 7.

VI. CONCLUSIONS

In this paper, we have explored the optimal multi-channel
cooperative spectrum sensing strategies in cognitive radio net-
works. We have studied the problem of how to determine the
total sensing time and how to distribute the total sensing time
to different channels in cooperative soft-decision spectrum
sensing. For the slotted-time sensing mode, we have trans-
formed the initial nonconvex mixed-integer problem into con-
vex mixed-integer subproblems, and provided a polynomial-
complexity algorithm to achieve the optimal solution of the
initial problem. For the continuous-time sensing mode, we
have successfully transformed the initial nonconvex optimiza-
tion problem into a convex bilevel optimization problem. This
research should provide helpful insights into the sensing time
configuration in cognitive radio networks.

In this research, it is assumed that a secondary user can
send its test statistic to the coordinator. An interesting research
topic is to investigate the case when a secondary user sends a
quantized version of its test statistic to the coordinator or sends
its detection decision on the presence or absence of primary
activities (i.e., 1-bit information is sent to the coordinator). It is
also interesting to study the problem from a game theoretical
point of view, in which each secondary user is assumed to be
selfish but rational.

In our problem formulation, the constraint P/ < 0.5 may
lead to some performance loss. For instance, for a specific
channel (say channel n), consider the case that the channel
gains from the primary user to secondary users and from the
secondary transmitter assigned in channel n to its receiver are
significantly lower than the channel gains in other channels.
Then channel n will dominate the sensing time, but the return
of secondary throughout in this channel is very low. A possible
solution is to sense only a subset of the NV channels. However,
the selection of the subset depends on the channel SNR values
and the channel available probabilities. How to find an optimal
subset of channels is an interesting research topic for further
investigation.

APPENDIX: PROOF OF LEMMA 4
Proof: In Algorithm 1, Step 2 and Step 3 are repeated

N N
by (kM - > zn> times, referred to as (kM - > zn>

n=1 n=1
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rounds. After round ¢ is completed, we denote the value of g,

as qg), n =1,2,..., N. Then Algorithm 1 can be represented

equivalently in an alternative way:

Algorithm 2 Equivalence to Algorithm 1.

N
1 fkM— " z, <0, problem P3 is infeasible for the given
n=1
k, return. Otherwise initialize qT(LO) =0n=12,...N
and set round inde])éi 1= 0.

2: while i < kM — > z, do

% Setie i+l
4. forn=1,2,...N do
5: If n = argmax [sn( (-1 +1) (qy(f 1))},
1<n<N
then q( D~ 7(5 b + 1; otherwise, q,(L) = q(l b,
(kM — Z Zn)
6: Output < ¢ "' ,n=1,2..,.N

We denote the channel selected in round ¢ as ¢(4):

c(i) = argmax [sn (q,(f’l) + 1) — s, (qv(f 1))}

1<n<N
If we record the value of U({kn},{en})|pa(k, c.)=P., 35

qn=kn—2n

UI\S{kn}W{En})‘Pg(kn,sn):Pth =

> (Pr(H0) (1 = P (qn, Pin)) Ry, + Pr(#H},)(1 — Pin)R},)

e (47)
N

EM — 3 zn) values, de-

n=1

after each round, totally we have

N
noted H(1),H(2),..., H (kM -3 zn), respectively. Here
n=1

PJ(gn, Pip,) is given in (26).

Recall that Algorithm 1 leads to an optimal solution of
problem P2. So the optimal objective value of problem P2
(with a specific k), i.e., U*(k), is given by

)

n=1

U*(k) = H (k:M - (48)

In (47), the second term in the summation on the right-hand
side of the equality is a fixed value. So we have
H(G)—H(i—1)

Pr (Hgm) (1 —F f() (q%’ P “’)) R
—Pr (1) (1= Pl (a5 Pn) ) B

_ ©) (@)
= (@) (qc(i)) — Se(d) (qc(i) - 1) :

We first prove property (1): U* (k) is an increasing function.
Similar to (27) and (28), it can be proved that s,(g,) is
an increasing and concave function with respect to g,,. So we

have
(4) (4)
Se(i) (%(i)) — Se(i) (qc(i) - 1) >0

H{(i)

(49)

and thus

—H@{@—1)>0, i>1.
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This means H (i) is an increasing function. Further, based on
(48), we have

U*(k) — U*(k — 1)
=H (kM - ni zn) —H <(k: —1)M - nil zn>
> 0.

This means that U* (k) is an increasing function.
Now we proceed to prove property (2) of U*(k). We first

compare [H(i) — H(i — 1)] with [H(i + 1) — H(:)]. The
difference is given by
0 ~H = )] =i+ 1) = HO)
_ (4)
~ o () e (a5 -)]
i+ (i41)
- |:SC('H‘1) ( £(z+1)) Sc(i+1) ( (i+1) 1):| - (50
We have two scenarios as follows.
o If c(i) = c(i + 1) = j: We have q(Hl) ( ) 4 1. From
(50), we have
[H(i) — H(i = 1)] = [H(i+ 1) — H(i)]

[ 6) - (6 -1)
=[5 (07 +1) =5 ()]
(;) 0

where (a) follows from the fact that s,,(gy,,) is a concave
function with respect to ¢,.
i) =

o If c(i) # (i + 1) In
arg max | S, (qy(f_l) + 1) — Sp (qg_l)) } This means
1<n<N
that
(i-1) (i—1)
Scm( (i) +1) Se(i) (qc(i) )
(i-1) (i—1)
Degivr) T 1) Se(i+1) (qc(i+1)) - (5D
(i—1)

2 Sc(i+1) (
Since qﬁ()) =4y Tt 1, we have

Se(i) ( (z( )1) + 1) Se(i) (qiéi_)l))
= s () =50 (ah =1) - 2

Since quﬁi) =q ?Z+1) +1= q(l(lji) + 1, we have
(i—1)

(i—1)
Se(i+1) (qc(i+1) + 1) ~ Se(it1) (qc(i+1))
_ (i+1) (i+1)
= Sc(i+1) (qc(i+1)) — Sc(i+1) (qc(i+1) - 1) . (53)
From (50) - (53), it can be seen that

[HG@) —H(@—-1)]—-[H@E+1) -

round 7,

H(i)] > 0.

Therefore, in either of the above scenarios, we always have

[H(i)—H(@i—1)]—[HGE+1)— H(®@#)] >0, i>1
and it follows that
H(i)—H(i—1)> H(i+M)—H(@+M-1), i>1. (54)
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Then, we have
U*(k)—U*(k-1)

— (kM—n]ijlzn> .y <(k— M- S zn>
_ ZkM?n; o H(i) — H(i — 1))
i=(k=1)M= 3 zn+1

N
from (54)  (k+1)M— 3" zn
> n=1

= N
i=kM— > zp+1
n=1

—U*(k+1)—U*(k).

This completes the proof.
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