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Abstract

The energy-efficient design of sensing-based spectrum sharing of a multi-input and
multi-output (MIMO) cognitive radio (CR) system with imperfect multiple antenna spectrum
sensing is investigated in this study. Optimal resource allocation strategies, including sensing
time and power allocation schemes, are studied to maximize the energy efficiency (EE) of
the secondary base station under the transmit power and interference power constraints. EE
problem is formulated as a nonlinear stochastic fractional programming of a nonconvex
optimal problem. The EE problem is transformed into its equivalent nonlinear parametric
programming and solved by one-dimension search algorithm. To reduce searching
complexity, the search range was founded by demonstration. Furthermore, simulation results
confirms that an optimal sensing time exists to maximize EE, and shows that EE is affected
by the spectrum detection factors and corresponding constraints.
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1. Introduction

Cognitive radio (CR) [1] is an important technology for efficiently increasing the

utilization of available radio spectrum. The operation for CR systems has three types: i)
opportunistic spectrum access (OSA) [2], where the secondary user (SU) can only access the
licensed bands detected as idle; ii) spectrum sharing (SS) [3], where the SU is allowed to
coexist with the primary user (PU) as long as the quality of servise (QoS) of PU is protected:;
iii) sensing-based spectrum sharing (SBSS) [4] [5], where the SU first senses the status of
the PU before choosing the appropriate transmit power according to the decision.

Multiple input and multiple output (MIMO) technology [6][7] is used in cognitive radio
to achieve high capacity, increase diversity, and reduce interference suppression. In [8],
opportunistic spectrum access in MIMO CR network was considered wherein detection
operation and transmit power were optimized for maximum throughput under transmission
power and detection probability constraints. In [9], spectrum sharing in MIMO CR network
was considered, wherein beamforming and power allocation were optimized for maximum
throughput. Interference power constraint was imposed to avoid interference to PU. The
sensing-based spectrum sharing model should also be studied in MIMO CR network. In [10],
an algorithm that finds the optimal beamforming and power allocation for maximum
throughput was proposed in sensing-based spectrum sharing. However, multiple antennas
were only employed at the SU transmitter. The work was extended to the MIMO CR network
in [11]. In [11], sensing-based spectrum sharing in MIMO CR network was studied by
exploiting the non-cooperative game to optimize the detection operation and power
allocation for the maximum opportunistic throughput. All the aforementioned studies only
considered the optimal algorithms to obtain maximum throughput.

With the tremendous increasing demand of ubiquitous multimedia communications and
energy saving, energy efficiency (EE) has become a key issue for cognitive radio networks in
recent research [12]-[16]. In [14], EE was maximized in spectrum sharing CR network, and
the PU outage probability constraint was considered to protect PU. In [15], the EE
optimization problem in CR MIMO broadcasting channels was transformed into an
equivalent one-dimension problem with a quasi-concave objective function. However, the
above studies performed the optimization problem based on the perfect channel state
information (CSI) without considering the status of PU. In [16], SU first detected the status
of PU, then solved the EE optimization problem by considering the stop-and-wait and
channel handoff schemes to avoid interference to PU in opportunistic spectrum access CR
network. Similar to a single-antenna opportunistic spectrum access case, investigating the
maximum EE problem in sensing-based spectrum sharing for MIMO CR networks is
meaningful.

In the present study, the EE problem in sensing-based spectrum sharing for MIMO CR
network is studied with imperfect spectrum sensing. The optimal resource allocation,
including sensing time and transmission power, is designed to maximize EE for secondary
base station (SBS) in downlink transmission.

The main contributions of this study are summarized as follows:

The optimal sensing time and power allocation strategy for the maximum EE in
sensing-based spectrum sharing MIMO CR system is first studied. The transmission power
and interference power constraints are imposed to protect the transmission of PU.
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1) The algorithm based on singular-value decomposition (SVD) of the channel between
the SBS and each SU are used to avoid interference between different SUs. This
approach indicates that the MIMO channel between SBS and each SU is decomposed
into independent spatial subchannels and each SU could receive the independent data
from BS.

2) Formulated as a nonlinear stochastic fractional programming, the EE problem is
transformed into the equivalent nonlinear parametric programming. The optimal
sensing time and power allocation strategies for the maximum EE should be solved
using one-dimension search algorithm. Furthermore, it is demonstrated that the
research range in the search algorithm could be found.

The rest of this study is organized as follows. Section 2 provides the system model of a
MIMO CR network under sensing-based spectrum sharing. In Section 3, the optimal
resource allocation strategy to maximize the EE problem is derived. The simulation results
are given in Section 4. Section 5 presents the conclusions of the study.

2. System Model

In MIMO cognitive radio system, one central secondary base station with N antennas
transmits to K independent SUs in one frequency band, as shown in Fig. 1. The frequency
band is licensed to a primary user with a single antenna. The kth SU is equipped with n,

receive antennas and the total receive antennas is defined as N, =)  _n, . The MIMO

channel matrix from the SBS to the kth SU, from the primary receiver to the SBS, and from
the primary transmitter to the kth SU are denoted asH, eC™",G, eC™ ,and g, eC"*.

SBS has the channel state information (CSI) of PU and each SU, whereas each SU has its
CSl.

The frame structure of this system consists of sensing time and transmission slot. In the
sensing time slot, the SBS uses the multiple antenna spectrum sensing to decide whether PU
works or not. In the transmission slot, the SBS then transmits independent data to each SU
based on the sensing results. The assumptions are the channel between SBS and each SU, as
well as the channel between SBS and the PU, are quasi-static. The slot structure of CR
network is synchronized with that of the primary network.

SBS

SU-K

PU-T PU-R

Fig. 1. System model for MIMO CR network
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2.1 Spectrum sensing
In the sensing slot, the SBS detects the status of PU by the multiple antenna sensing
technique. The sample rate of each antenna in the SBS is assumed as L. The observed signals
at N antennas are a complex matrix,Y =[y(),...y(L)]eC"*. When the primary user is
inactive H,or active H,, the discrete received signal at the BS can be represented as follows:
Ho ty(1) =N() (1)
H, ty(1) =G ,s(l) + N(I)
where y(I)eC"* denote the Ith received signal samples at SBS, N(I)eC™*is noise
vector satisfying independent, and identically distributed (i.i.d) circularly symmetric
complex Gaussian such as CN(, o7l and s(l) is the transmission signal of PU with
variance 7 . For simplicity, PU is assumed to be either idle or busy for the whole slot.
Under hypothesis H,and H, , the received signals at SBS has a Gaussian distribution,
H,:Y ~CNQO, &1 5
H,:Y ~CN(@, oG G}, +oil) @)

During the sensing slot, the probability density function (PDF) of the sample matrix Y
under the hypothesis H,and H, is obtained at SBS. Accordingly, the final decision on whether
PU is active will be dependent on the detection outcomes on all the N antennas. Specifically,
the SBS makes the decision based on the Logarithm of Likelihood Ratio (LLR) function:

. 2 2 H 2 2
f(Yf,(I;I(l.,ﬁo,T;z,)an) _ GZIIprYIIZ - e |G, F +1) 3)

e ((7”2+||pr [l )

LLR=In

where f(Y;H,,0?) and f(Y;H,,G,0?,067) are the PDF of the sample matrix under the
different hypothesis H,and H, .

Sampling frequency is represented by f, and ¢ is the decision threshold. The
probability of false alarm and detection can be expressed as[17]:

r(fr— &,
e, ol

DT ()

(4)
)

I'(f.r, g
G, T aiG,, Fot o)

Pa = (f.0)
2.2 Pre-processing and post-processing

The SBS transmits independent data to K independent SUs using a pre-coding matrix
P=[P,...,P ]Jat SBS and some post-processing matrix at each SU to avoid the interference

between each SU.
The kth received signal vector at the kth SU is denoted as:
K
Y = HPx, +Hy Z Px; +N, (5)
i=Li=k
where P, represents the pre-coding matrix associated with the kth SU, X=[x,...,x,]is the
transmission data vector at SBS, and N, is the noise vector on the kth channel. The
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assumption is the noise vector on each channel from SBS to each SU is an independently and
identically distributed (i.i.d.) complex Gaussian distribution with zero mean and variance o7 .
The kth SU processes the received signal y, by the received filter vectorm, . The received
filter output vector y, at the kth SU can be written as:
K
Y =mHPXx, +mH, Z Px; +mN, (6)
i=1,izk

To avoid the interference between each SU and to enable the kth SU to receive one single
independent signal x, , the following function should be satisfied:

H.P, =0,i =k, Vi kefl... K} (7
To satisfy the condition in Equation (7), the matrix is defined as:
H =[H],...H  H ... . HT (8)

Then the singular value decomposition (SVD) of H, in the CR system can be expressed
as:
F'k = Ukl_\k[\_/k(l)\_/lfO)]H 9)
where U, denotes the unitary matrixes, [V®V/?] denotes the right singular vector, V.
corresponds to non-zero singular values, V is the orthogonal basis for the null space of
H, that correspond to zero singular values.
The orthogonal basis for the null space of H, has the properties as follows.
HVO=[H],...,H_ H,,...H TV

k=10 T lgqare
=0

(10)

If the pre-coding matrix P, would contain V%, Equation (7) should be satisfied and
the interference between each SU should be avoided.

To decouple the kth block channel into parallel sub-channel, the SVD of H,V?should
be obtained as H,V® =U,A,V," .

Assuming the pre-coding matrix P, =V®V,", P, eC™™and the receive filter vector
m, = U!", the received filter output vector becomes:

V. =Ax +UI'N, (11)

where A, =diag{h,,.....h, }is a diagonal matrix of sizen, .

3. Optimal EE for SBSS Model

In this section, the system model is analyzed and the problems of energy efficient design are
formulated. In the sensing-based spectrum sharing MIMO CR system, BS adapts transmit
power matrix based on the outcome of the detection. If PU is detected to be inactive, BS will
transmit to SUs with high power matrix @ ; if PU is detected to be active, BS will transmit
to SUs with low power matrix Q® . Diagonal matrices are composed of Q@ and Q®:

QO =diag{z?,..., =}

QY = diag{=?,..., 29}
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where T =diag{R?,...,.R0} and E{ =diag{R?.....R%} are the diagonal matrices of
size n, and represent associated high power and low power matrices from BS to the kth SU.

The four scenarios for sensing the state of PU are the following.

If PU is inactive and is detected to be inactive, then SBS will transmit data to SUs with
high power matrix Q. The probability of this scenario is«, = P(H,)(1- p,), where P(H,)
denotes the probability that the licensed band is idle. The instantaneous transmission
capacity is:

h [ RS
k=1 i=1 n

If PU is inactive and is detected to be active, then the false alarm happens. SBS will

transmit to SUs with low power matrix Q® . The probability of this scenario isa, = P(H,)p; -

The instantaneous transmission capacity is:
| p(l)

ZZIog 1+ ALY Ky (13)

k=1 i=1 o,

If PU is active and is detected to be inactive, then misdetection happens. SBS will
transmit to SUs with high power matrix Q® . The probability of this scenario is
B, =@Q-P(H,))L- p,) . The instantaneous transmission capacity is:

()
ZZIog (1+| I Pz ) (14)
k=1 i=1 (Pk +O—
where ¢, =||g, | P, is the interference of PU to the kth SU and P, is transmission power
of PU.

If PU is active and is detected to be active, SBS will transmit to SUs with low power
matrix Q® . The probability of this scenario is B =(@-P(H,))p, . The instantaneous
transmission capacity is:

I k|| P(ll)
ZZIog 1+ —=—=) (15)
k=1 i=1 k + n
Then, the average throughput of SBS in MIMO cognitive radio system can be expressed
as:

R(r, R, RY) = =2 (aRyy + Ry + ARy + BRy) (16)

In the sensing slot, the energy consumption for sensing the status of PU at SBS is:
E.(r)=7PR, (17)

where P, is the power consumption of sensing.

In the transmission slot, the energy consumption for transmission at SBS is:
K N
E (z,RY, RN =T -0 > (2 +B)RY +(a + B)RY (18)
k=1 i=1
Then the EE for the sensing-based spectrum sharing MIMO cognitive radio system with
the metric "bit per joule™ is
R(T Pk(?)!P )
E.(z,RY,RY)+E(r) +E,

U (7, Pk(? ' Pk(ll )= (19)
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whereE_is the circuit power consumption derived from signal processing, battery backup,
and others.
P, denotes the maximum average transmission power of SBS. The transmission power
constraint can be expressed as:
K N
T-I-;TZZ(O‘O +ﬂ0)Pk(,(i)) +( +ﬂ1)Pk(,1i) <P (20)
k=1 i=1
When PU is active, SU makes correct and wrong detection decisions. PU may then suffer
from the interference of the CR system. The interference power constraint can be defined as:
K
=23 A IGLRED IF +4,11 G, REY [P<T (21)
k=1

whereT is the maximum tolerable interference power at the PU.
Vector G, =[9,,.....9y, ] denotes G, P, . The interference power constraint can be
rewritten as:

T-FT z ﬂogk,i Pk(,?) +ﬁ1gk,i Pk(,li) <T (22)

K N
k=1 i=1
Accordingly, the EE resource allocation problem of the sensing-based spectrum sharing

MIMO CR system can be written as:
ax )U ee (7 Pk(,(i))’ Pk(,li)) (23)

nl) 6}
T'Pk(J R

subject to: (20), (22), 0<z<T,RY>0,RY >0
The objective function is not convex with respect to the sensing timer . Therefore,

convex optimization techniques cannot be directly applied. Since 0<z<T, the optimal
sensing time can be obtained through one-dimensional exhaustive search:

0 1
T, = argmax U (z, RY.RY)

Lemma 1. FunctionU. (R, PY) is strictly quasi-concave in BY, B, respectively.
Proof: See Appendix A.

Therefore, a unique globally optimal power allocation exists for the strictly
quasi-concave functionU. (P, PY).

Problem (23) can be associated with the following function problem F(q) for fixed 7:

ax R(Z,RY,RY)-a(E.(Z,RY,RY)+E,(9) +E,) (24)

“RY RS
where geR isaparameter.
Theorem 1. (R'Y",RY") is the optimal solution of (23) associated with the maximum value
q ifand only if F(q")=F(q",RY",RY")=0.
Proof: See Appendix B.
The Lagrangian function of F(q)with respect to the transmission power (RY,R") for
given sensing time 7 is derived as:
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T-7 N .
L(Pk(,?)’ Pk(,li)*ﬂ"fu) = ?T( a,Ry + 4Ry + R, + AR -q(E, (7, Pk(,?)' Pk(,li)) +E,(?)+E,)

AZEY Y (e + )RS + (e + B)RY ~P) (25)

Ko N

k=1 i=1

T TA SR P(l
ZZﬂ gk| k| +ﬁlgk| F)
k=1

=1
where A and u are the Lagranglan multipliers. The dual objective function can be
expressed as:
g(j‘ /'I) max L(Pk(?)v Pk(1|)1/1 /J)

(0) (1)

26
T G2, ~Q(E,(2) +E.) + 4Py + 4T (26)
where
g4, 1) = TT(aOROO+a1R01+ﬂORm+/31RM) -qE,(2,R?,RY)
T-7% .
—A3 Y3 + AR + (e + AIRY
k=1 i=1
T-fx Y
—H L2 A0RT T AR

T
The Lagrange dual optimization problem is given by m|n Ne(CYDR

=~
I

1

For given sensing time 7, the joint optimization problem is convex with respect to the
transmission power PY, BY, respectively. Transmission power P and P® are independent
of each other in the joint optimization problem. Therefore, the problem can be solved by

using dual decomposition method. The joint optimization problem can be decomposed into
two optimization subproblems P1 and P2:

POZQ(W&)(() (aOROO+ﬂUR1[)) -(CI+ )(T T)ZZ(ao+ﬂo)Pk|
0 k=1 i=1 (27)
T-7

T ﬂogk,ipk(,(i))

1 i=1

_f A £ &
PLimeX = E Ry + AR - (a+ ) (T=HX Y (e + AR
k=1 i=1

1;
Pk(‘|)>0

Mx

—H

=
Il

(28)

T o o
T Z B9.iR
k=

1 i=1

By writing the Lagrangian function L., (R, 4, u, p) of the optimization subproblem P1,
the Karush-Kuhn-Tucker (KKT) conditions is given as follows.
6LP0( Pk(,?) Ay 1, p) _
apk(y?)
p=0,RY >0, (29)
pPk(’?) =0, Vk,iefl,...,,K}

where p isthe Lagrangian multiplier.
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The optimal transmission power when PU is detected to be inactive can be obtained as:

BY 1 /A
RO =[Nl - (30)

2A5

where
AQ=LAT +A)(@ + Bo)+ 1B, 9i 11 [ In2
BeY = (o + o) | ' =LA + A)(e + B)*+43,9,, 1@ + 207) [ by [ In2
A = (B ~4A06)
8 =0aT + )@ + Bo)+ 19 1on (9 +07) In2—[ag (9 +07) + Broi 1 by,
The optimal transmission power when PU is detected to be active can be obtained by the

same method as follows:
1 )
pk?:[—Bé'i);ﬁAT’)‘]* (31)
A
where
Ax(ﬂ)=[(qT + ) (e, + B)+upB 911 h "In2
B = (o + 8) |h, I AT + A)(e, + B)+uB9 M@+ 207) [ hy; [ In2
A = (B —4A050
S =0aT + (e + B)+up9, Jon (9 +o7)In2=[ey (9 + 07) + o] | by,

According to Theorem 1, obtaining the optimal (R?",RY") is equivalent to finding the
root for the equation, F(q",RY",PY")=0. For fixed 2 and u, the bi-section search method
can be used to solve the problem. The search range[q,,;,, .. ]iN the bisection search should
be identified.

Proposition 1: Assuming h, . =max{h }, vk e{L...,K},iefL...,n}, q exists in the range
[0,q.,] to make F(q,RY" RY")=0 satisfied, where g, =max{Q;,Q}

x a | hK,nk [ Bl hK,nk ¥ . o | hK,nk [ B hK,nk §
Q= =+ > nd Q = =+ >

(ao + 5, )T O, (0!0 + 5, T(p+ Un) (a]_ + ﬂ1)T O, (al + :Bl)T (p+ O, )
Proof: See Appendix C.

The optimal sensing time and power allocation strategy can be obtained by the algorithm
in Appendix D.

4. Numerical Simulations

The optimal system performance of sensing-based spectrum sharing MIMO CR network is
numerically evaluated in this section. The channel power gains are assumed to be
exponentially distributed random variables with unit mean. The noise variance is set to 1.
The frame duration is chosen to be T=100 ms, and the transmit power of PU is assumed to be
10 dB. The circuit power and the sensing power are set to be 0.4 W and 0.2 W, respectively.
In Fig. 2, the EE of secondary base station versus sensing time is presented for several
values of the probability P(Ho) that the frequency band is idle. The secondary base station
with six antennas transmits to three SUs. Each SU is equipped with two antennas. The
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probability of false alarm P, is set to 0.001. The maximum average transmit power and
interference power is assumed as P, =5dB,I" =-10dB. Fig. 2 shows the EE of base station is

a convex function of the sensing time. The optimal sensing time for the maximum EE
depends on the active status of PU. The more inactive the PU, the smaller the optimal
sensing time is. Furthermore, the EE clearly increases with the probability that PU is inactive
because of the quasi-concave relationship between the EE and the transmit power in
mathematics. In physics, when the probability of PU’s inactive P(H) is 0.9, the SBS has
much more opportunistic to use high power to transmit compared with other cases when the
probability of PU’s inactive is lower, then the EE would increase. Thus, EE increases with
sensing time, and probability P(Hg) increases before reaching the maximum point.

As shown in Fig. 3, the EE of the secondary base station versus the average transmit
power constraint P is shown for various values of the number of SU and for the different
probabilities of the false alarm P;. The secondary base station is equipped with eight
antennas, and each SU is equipped with two antennas. The probability that PU is idle is
assumed to be 0.6 (the same condition in [3],[4]), and the maximum average interference
power is assumed to be -10 dB. Fig. 3 shows that the EE increases with the number of SU
and the average transmit power constraint. EE is slightly higher when the probability of false
alarm is 0.003 than when the probability of false alarm is 0.001 under low values of the
maximum average transmit power Ps. As less transmit power is allocated during the
transmitter slot, the order of the spectrum sensing results will become smaller for the
maximum EE.

In Fig. 4, the EE of the secondary base station versus the average interference power
constraintT is presented for different values of the probabilities that the frequency band is
idle under different sensing scenarios. The sensing scenarios include two cases: (1) perfect
sensing when the SBS correctly senses the status of PU, Py4=1, P =0; (2) imperfect sensing
due to the limitation of sensing technology results in missed detection and false alarm, Py <1.
The secondary base station is equipped with six antennas, and three SUs are equipped with
two antennas. The maximum average transmit power P is set to 5 dB, and the probability of
false alarm P; is 0.001. The condition is similar to that in Fig. 2. Therefore, sensing time is
assumed to be the optimal sensing time, which is 3 ms. Owing to the reality of false alarm
and misdetection, EE in perfect sensing scenario is always higher than that in imperfect
sensing scenario. EE increases slowly when the interference power constraint threshold
becomes higher in value. This condition is reasonable because the interference power
constraint is not the main limit for the maximum EE when the interference power constraint
threshold is a higher power.

In Fig. 5, optimal sensing time versus the probability that the frequency band is idle is
presented for various values of the probabilities of false alarm P; The condition is similar to
that in Fig. 4. The optimal sensing time decreases when PU is more inactive. As the
probability of false alarm increases, optimal sensing time also decreases. This finding
indicates the more rigorous the detection, the smaller the transmission rate will be.
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In Fig. 6, the EE of the secondary base station versus the interference power constraint
threshold T is presented for various values of the probability P(H,) that the frequency band
is idle under the sensing-based spectrum sharing, conventional spectrum sharing and
opportunistic spectrum access model. The optimal sensing time is 3 ms and the probability of
false alarm P is set to 0.001. The maximum average transmit power is assumed as P, =5dB .

The secondary base station equipped with eight antennas, which transmit data to four SUs.
Each SU is equipped with two antennas. EE under the three conditions increases with the
interference constraint and the transmission constraint, respectively. However, EE does not
increase when the interference power constraint threshold I' becomes larger because the
interference power constraint would not be the dominating constraint for the EE when it
becomes larger. For the same probability P(Hg), the EE of the secondary base station in the
sensing-based spectrum sharing is always higher than those of the conventional spectrum
sharing and the opportunistic spectrum access. This finding is attributed to the facts that the
secondary base station in sensing-based spectrum sharing model could adjust transmission
power according to the detection results. When probability P(H,) is 0.6, the EE in OSA
model is very small because there is less opportunity to access the licensed spectrum.
However, when the probability P(H,) is 0.9, the EE of the secondary base station in the
SBSS model is slightly larger than that in OSA model and much larger than that in SS model.
This finding is attributed to the facts that when the probability P(Ho) is higher, the case in the
SBSS model is almost same as that in the OSA model.
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Conclusion

The optimization problem of sensing time and power allocation for maximizing the EE of
the secondary base station in sensing-based spectrum sharing MIMO CR networks is
investigated in this study. The multiple antenna spectrum sensing technology is employed to
detect the status of PU accurately. The corresponding pre-coding matrix at the secondary
base station has been used to avoid inner interference among SUs. The transmission power
constraint and the interference power constraint limit the transmission power of the
secondary base station and protect the quality of service of PUs. The EE problem is
formulated as a nonlinear stochastic fractional programming, which is a honconvex optimal
problem. The EE problem is transformed into the equivalent nonlinear parametric
programming and solved by the one-dimension search algorithm. To reduce search
complexity, the search range was founded by demonstration. Simulation results revealed the
EE can be enhanced via spectrum sensing and corresponding constraints adjstment.

APPENDIX A

Denote the upper contour sets of U (R,PY) as:
S, ={PY 20,RY 20|U (PRY,PY) > p}
According to [1], U (RY,RY)is strictly quasi-concave in R, BY, respectively, if and

only if S is strictly convex for any real number p .

When p <0, no points exist on the contourU (P, RY)=p. When p=0, only PY =0
and R =0is on the contourU,. (RY,RY) = p. When p<0, S, is equivalent to:

s, ={R® >0,RY 20| p(E,(z,R?,PY) +E,(r) +E,) ~R(z,PR?,RY) < 0}

Proving that p(E, (z, BY,RY) +E(r) + E,) —R(z,RY,BY) is strictly convex inPY,PY, is

easy. Hence, S, is strictly convex andU. (R, RY) is strictly quasi-concave in B, R% .

APPENDIX B
If (P, B ) is the optimal solution of (3) associated with the maximum valueq”, then:
. R PP R
CEGRY PRI HE (D) +E,

q

This equation implies that
R(Z,PY",RY)—q'(E,(2,RY", PO +E () +E,) =0
R(Z,RY,RY)-q (E,(7,RY,PY)+E () +E,) <0

Then conclude F(q", PR, RE") =0.

IfF(a") = F(a",RY",RY") =0, then F(q",RY, RY) < F(q", R, RY").

Then:
RERDVRY) o RGRORD

E (&, Ry RY)+E(H)+E, " E(ZRY,RY))FE()HE,
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Thus (R, PY7) is the optimal solution of (3) with the maximum valueq”.

APPENDIX C

If g=0, F(q,R?,RY)>0; ifq>0, there may be existF(q,R,RY) <0. Furthermore, if a
point q exists satisfying the following inequality,
K N
Ry + Ry + BiRy, + ARy, _qTZZ(ao +ﬁ0)Pk(,?) +(o +ﬂ1)Pk(,1i) <0
k=1 i=1

Meanwhile, the above inequality could decompose two subproblems as follows:

| K.i | P(O) | ki | k((l)) (0)
zzao IOg (1+ )+/B0 |092(1+—) qT(ao+ﬂo)Pk| <0
k=1 i=1 (p+on

| ki | I:)k(,li) |hk,i |2 I::L(,li) o)
zzal Ing(1+—2)+ﬂ1 |092(1+—2) - qT(al +ﬁ1) Pk,i <0

k=1 i=1 O, p+0o,

Assuming thath, , =max{h },Vke{l,...,K},ie{l...,n}, the first subproblem must be
established if the following equality is satisfied.

h (0) h 2 pO@
ao |0g2(1+| K, ng |2 k,i ) ﬂo |ng(l+| K, ng | 2k,l )
n ¢’+O-n
o T © <q
T(e +ﬂo)Pk(,i T(e +ﬂ0)Pk,i
Then, the minimum value g can be obtained as follows:
|he., I RY |he,, [ RY
o log, (1+—=5—=) Bylog,(1+—"——-">)
o, §D+O'n

max © + ©
R T(a, + By)R; T(ay + By)R;

(0)

b, [ RS %
K,ng k,i
2

| n | F)i
) Aolog, @+ )

n

a, log, (1+

lim 5 + 5
R -0 T(ao +,30)Pk(i) T(ao +ﬂo)Pk(i)
lim aDlhKnl ﬂolhKnkl
Y- T (e + ﬂo)(o' +[hg e | pk(?)) T(a, + B) o+ ‘7 +| hy N | Pk(,?)
G [N, I + Bo I, I
T(e +ﬂo)o'r? T(ay + Bo)@+ O-nz)
For the second subproblem, the minimum value can be obtained by
o I hK,nk IZ + ﬁl | hK,nk |2

T(ey+B)o, Tl +p)e+o7)

Loalh P By, P
Qo: 0 K, ny + 0 K, ny

using the same method. If g, =max{Q,,Q} , where

and Q* — al | hK,nk |2 + ﬂl | K, ny |2
(o, +ﬂ0)TO'nZ (A +ﬂo)T(¢+U§) ' (o +ﬂ1)T6nz (o +B)T(p+0 )
F(RY,RY)<0 must be satisfied. Thus, a point q qe[0,q,,] must exist, satisfying

F(g",RY",PY") =0.

the equality
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APPENDIX D

Algorithm. The optimal sensing time and power allocation strategy in MIMO CR system

For #=0:T

1. Findh,, =max{h }, computeQ,,Q ,d,, =max{Q,,Q}.

2. Initialization g, :aTer,a:O,bzqmax, =1

3. Repeat
. Initialization 4, ,k =1.
Il. Repeat
i. Initialization g ,1=1.
ii. Calculate P, R%.

>

A K 3
iii. Calculate the subgradient g(x*)|, byr -1 = —23'> B9PY +8.9,,RY
k=1

i=1
Ny

~ K
iv. Update 4 by i —v(r -1 fz ﬁogk.Pk‘.)+ﬂ19k.Pk“.))
k=1

v. Stopwhen| g, —x < 9.
1. Calculate the subgradient §(4, #*) for the given u by

— % ZZ(ao +B)PY +(ey + B)PY

k=1 i=1

M

IV.  Update A by A —o(P, —+=% iZ(ao +5,)RY + (e + BIRY) .
k=1

V. Stop when| 4, , -4 < 9.

4. Calculate F(q;,RY",REY") I F(q;,RY",PY")>0, a= aT”) ;

IfF(q;,RY" RY")<0,b= aTer else, stop.

5. Update qM:a—er

6. Stopwhen [|F(q;,,, R R) - F(a; BRI 1< 9
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