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A cognitive radio (CR) network with energy harvesting (EH) is considered to improve both spectrum efficiency and
energy efficiency. A hidden Markov model (HMM) is used to characterize the imperfect spectrum sensing process. In order
to maximize the whole satisfaction degree (WSD) of the cognitive radio network, a tradeoff between the average throughput
of the secondary user (SU) and the interference to the primary user (PU) is analyzed. We formulate the satisfaction degree
optimization problem as a mixed integer nonlinear programming (MINLP) problem. The satisfaction degree optimization
problem is solved by using differential evolution (DE) algorithm. The proposed optimization problem allows the network
to adaptively achieve the optimal solution based on its required quality of service (Qos). Numerical results are given to
verify our analysis.
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1. Introduction

Currently, almost all the appropriate spectrum bands have
been allocated to various wireless applications. The limited
supply of the spectrum is becoming a bottleneck for the fast
growing demands of wireless data services. Improving the
spectrum efficiency is a promising solution to alleviate such a
problem. However, the current fixed spectrum access strategy
has little potential in improving the spectrum efficiency. Mo-
tivated by this fact, cognitive radio (CR) has been proposed in
Refs. [1]– [3]. The key characteristic of CR is the ability to
sense the surrounding radio environment. A lot of sensing al-
gorithms have been proposed.[4–7] In CR systems, secondary
users (SUs) are permitted to access the bands of a primary user
(PU) as long as the interference caused to the PU is accept-
able. Along with the spectrum efficiency, another important
area for technological advances in wireless communications
is energy efficiency. It is reported that the applications and
operations of information and communications technologies
are estimated to contribute about 3% of global greenhouse gas
emissions, and there is still an increase in the proportion.[8]

Wireless devices equipped with the energy harvesting (EH) de-
vice can harvest energy from ambient sources, such as wind,
solar, vibration, thermal, and even ambient radio power, which
make the devices not only environmentally friendly but also
self-sustaining.

As aforementioned, spectrum efficiency and energy effi-
ciency are two key indicators of wireless systems. Combina-

tion of CR and EH is promising to the future wireless system
design, which has recently drawn significant research atten-
tion. An overview of the radio frequency EH powered CR
networks and the discussion of challenges that have arisen for
dynamic spectrum access in these networks were provided in
Ref. [9]. The theoretically achievable throughput of the SU
with EH was analyzed in Ref. [10] and an optimal spectrum
sensing policy that maximizes the expected total throughput
subject to an energy causality constraint and a collision con-
straint was studied in Ref. [11]. In Refs. [12]– [15], the au-
thors assumed that the SU is powered by EH and operates
in a harvesting-sensing-transmitting fashion. The maximum
throughput was achieved by optimizing the durations of sav-
ing, sensing, transmitting,[12,13] fusion rule,[14] and SU’s opti-
mal cooperation strategy.[15] In Refs. [16]– [20], the partially
observable Markov decision process (POMDP) was adopted to
formulate and analyze the spectrum access problem with finite
battery capacity of the SU in EH CR network. The design ob-
jective was to maximize the throughput of an SU. In Ref. [21],
the authors determined the optimal pairing of the sensing du-
ration and the energy detector’s sensing threshold in order to
maximize the average throughput of the SU network under the
energy causality and collision constraint. A novel polarization
and EH-based framework for achieving size-cost effective co-
operative cognitive radio network was presented in Ref. [8].
The authors in Ref. [22] analyzed the spatial throughput of a
mobile ad hoc network powered by EH using a stochastic ge-
ometry model.
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All the above works focused on the optimal operation at
the beginning of each time slot (harvesting or transmitting with
an optimal transmit power during a slot). However, according
to works in Refs. [23]–[25], activities of PUs are not random
and the duration of a PU’s activity usually lasts a number of
time slots. Therefore, performing optimization at each slot not
only wastes energy, but also loses opportunities for the SU to
transmit signal (the SU can use the time devoted to perform-
ing optimization to transmit data). In this paper, we consider
a time-slotted CR network with an EH secondary transmitter
(ST). A hidden Markov model (HMM) is used to describe the
imperfect spectrum sensing process. The goal of this paper is
to design the sensing energy, trigger energy (the amount of the
energy needed for the SU to switch into the active mode, i.e.,
senses the channel of the PU and decides whether to transmit
or not), and the consecutive transmission slots number in or-
der to maximize CR network’s satisfaction degree based on the
sigmoid function, subject to the energy causality and collision
constraints. Increasing the sensing energy results in a waste of
transmission energy, but can increase the probability of access-
ing the channel of the PU. Large trigger energy can increase
the transmission energy, which comes at the cost of more slots
needed for EH. For the consecutive transmission slots num-
ber, increasing the consecutive transmission slots number may
increase the portion of the energy to transmit, but more inter-
ference causing to the PU may be imposed. Therefore, it is
important to take the tradeoff among the sensing energy, trig-
ger energy, and the consecutive transmission slots number into
consideration.

The remainder of this paper is organized as follows. The
system model is presented in Section 2. In Section 3, an op-
timization problem is formulated to obtain the optimal satis-
faction degree of the CR network. Simulation results and dis-
cussion are given in Section 4. In Section 5, we conclude the
paper.

2. System model
2.1. CR network model

Consider a CR network consists of a pair of primary trans-
mitters (PTs) and receivers u, v, and a pair of secondary com-
munication nodes s, d, as depicted in Fig. 1.

u

B

s

hu↪v

hu↪d

hs↪v

hs↪dEh

Esa

v

d

Fig. 1. CR network model.

The CR network is assumed to operate in a time-slotted
fashion and the SU slots are synchronized to the PU slots. Let
T denote the slot length and hs,v,hs,d ,hu,v,hu,d denote the path
losses from s to v, from s to d, from u to v, and from u to d,
which are given as

hi, j =
κ

dµ

i, j
, i ∈ {s,u} , j ∈ {v,d} , (1)

where di, j is the distance between nodes i and j. κ and µ

denote the pass loss constant and path loss exponent, respec-
tively. Each receiver is affected by an additive white Gaussian
noise (AWGN) with zero mean and variance σ2

n .

2.2. Spectrum sensing model

The spectrum sensing process is modeled as an HMM, as
shown in Fig. 2. The status of the PU follows a discrete-time
Markov process with state space X = {x1,x2}, where x1 = 0,
x2 = 1. These states are hidden since they are not directly
observable (due to the influence of the AWGN and the path
losses). Hypotheses H0

∆
= {qt = x0} and H1

∆
= {qt = x1} de-

note the absence of a PU transmission in slot t and the exis-
tence of the PU, respectively. The prior probabilities of the two
states are P(H0) and P(H1). Let 𝐴 denote the state transition
probability matrix: 𝐴 =

{
ai j
}

, ai j = P(qt+1 = j |qt = i ) >
0, i, j ∈ X . For convenience, we assume P(H0) and P(H1) are
equal to the steady-state probabilities of H0 and H1, which are
given as

P(H0) =
a10

1+a10−a00
, (2)

P(H1) =
a01

1+a10−a00
. (3)

Pd = P(H1 |H1 ) and Pf = P(H1 |H0 ) denote the detection
and false alarm probabilities, respectively. The SU senses
the channel of the PU and obtains its observation sequence:
O = {ot}M

t=1, where ot is the SU’s local decision at slot t. The
observation state space is Y = {y1,y2}, where y1 = 0,y2 = 1.

a

a

a

Pd

Pf

a

↩Pf

↩Pd

qt/

ot/ ot/

qt/

Fig. 2. Spectrum sensing process.
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2.3. Energy harvesting model
We assume that the ST is equipped with an energy har-

vester which harvests energy from ambient sources and stores
the energy in a rechargeable battery with the maximum battery
capacity Cmax, as shown in Fig. 1. ST can be in one of the fol-
lowing two modes at any given time: Harvesting mode (har-
vests energy from ambient sources) and active mode (senses
the channel of the PU and decides whether to transmit or not).
We use the Bernoulli model to illustrate the energy arrival pro-
cess, which is as follows: In each time slot, SU harvests energy
E with probability p. Therefore, the average energy harvest-
ing rate is Eh = pE. The Bernoulli arrival model is simple
but it still can capture the random and sporadic nature of en-
ergy arrival.[20] Similar to Ref. [22], we assume that the ST
switches into the active mode only if it has Esa (trigger energy)
units energy in the battery, where Esa ≤Cmax.

3. Problem formulation
3.1. Algorithm for HMM parameter estimation

An HMM can be denoted by λ = (𝜋,𝐴,𝐵), where π is
the initial state distribution: π = {πi}, πi = P(q1 = i) , i ∈ X ;
𝐴 is the state transition probability matrix: 𝐴 =

{
ai j
}

, ai j =

P(qt+1 = j |qt = i ) , i, j ∈X ; 𝐵 is emission probability matrix:
𝐵 =

{
b jk
}

, b jk = P(ot = k |qt = j ) , j ∈ X ,k ∈Y . In our sens-
ing scenario, πi =P(Hi) , i∈X , b jk =P

(
Hk
∣∣H j
)
, j∈X ,k∈Y .

The parameters of the HMM are determined by solving the
following optimization problem, given as[25,26]

λ̂ =
(
𝜋̂,𝐴,𝐵̂

)
= arg max

(𝜋,𝐴,𝐵)
P(𝑂|λ ) , (4)

where P(𝑂|λ ) is the probability of the observation sequence
𝑂 = {ot}M

t=1. In order to solve Eq. (4), a training phase is
needed. At the beginning of the training, the SU senses the
PU for M consecutive slots with energy detection to obtain
the decision sequence 𝑂 = {ot}M

t=1 (observation sequence or
training sequence), where ot ∈ {0,1} is the decision made by
SU at slot t. The training algorithm of HMM is an iterative
algorithm, which is given as[26]

αt (i) =

[
∑
j∈X

αt−1 ( j)a ji

]
biot , t = 1,2, . . . ,M, i ∈ X , (5)

P(𝑂|λ ) = ∑
i∈X

αM−1 (i), (6)

βt (i) = ∑
j∈X

ai jb jot+1βt+1 ( j) ,

t = M−1,M−2, . . . ,1, i ∈ X , (7)

Θt (i, j) =
αt (i)ai jb jot+1βt+1 ( j)

P(𝑂|λ )
, i, j ∈ X , (8)

Θt (i) = ∑
j∈X

Θt (i, j) , i ∈ X , (9)

πi =Θ1 (i) , i ∈ X , (10)

ai j =

M−1
∑

t=1
Θt (i, j)

M−1
∑

t=1
Θt (i)

, i, j ∈ X , (11)

b jk =

∑
ot=k,t∈{1,2,...,M−1}

Θt ( j)

M−1
∑

t=1
Θt ( j)

, j ∈ X , k ∈ Y, (12)

where αt (i) and βt (i) are forward and backward partial like-
lihoods, respectively. The iteration is initialized by setting
πi = 1/2, i ∈ X , b jk = 1/2, j ∈ X , k ∈ Y , α1 (i) = πibio1 ,
βM (i) = 1, i ∈ X . The iteration process might be stopped
if the increase of P(𝑂|λ ) is not larger than a threshold or
the number of iterations achieves the maximum number of
iteration.[26]

According to the above analysis, the complexity of the
HMM training mainly concentrates on two phases: obtain-
ing the training sequence with energy detection and the iter-
ation process. Energy detection needs Ns multiplications and
Ns−1 additions, where Ns is the number of signal samples
collected in one slot.[14] Hence, the complexity of obtaining
the training sequence is M (2Ns−1). Since the number of it-
erations is generally not large, the complexity of the iteration
process is O(M). Therefore, the complexity of HMM training
is M (2Ns−1)+O(M).

3.2. Energy harvesting

As previously mentioned, in order to switch to the ac-
tive mode, the amount of energy in the battery of the ST must
achieve Esa. Since the average energy harvesting rate is Eh, the
expected number of slots that the ST needs to harvest enough
energy is given as

E (n) =
Esa

Eh
. (13)

After Esa units energy is achieved, the ST switches to the ac-
tive mode. In active mode, the ST first uses Es energy to sense
the status of the PU and makes a decision θt ∈ {0,1} during
one slot, where θt = 0 denotes the PU being absent at slot t
and θt = 1 denotes the existence of the PU’s transmission.

Without loss of generality, we use energy detection (ED)
to execute spectrum sensing. The detection performance of
SU is determined by Pd and Pf. Correct detection can protect
the quality of service (Qos) of the PU. In order to guarantee a
certain Qos of the PU, Pd is set to be a constant, which depends
on the requirement of the PU. The Pf of ED is given by[27]

Pf = Q

(√
1+2γQ−1 (Pd)+ γ

√
τ fs

2

)
, (14)

where Q(·) is the complementary Gaussian distribution

Q(x) =
1√
2π

∫
∞

x
exp
(
− t2

2

)
dt,

fs is the sampling frequency of the SU. τ is the length of the
sensing time and γ is the received signal-to-noise ratio (SNR)
of the PU signal measured at the ST when the PU is busy,
as the energy consumption is roughly linear in the number of
samples, which is linear in τ . Similar to Ref. [20], we assume
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that τ is proportional to Es with a proportionality c. Then,
equation (14) becomes

Pf (Es) = Q

(√
1+2γQ−1 (Pd)+ γ

√
cEs fs

2

)
. (15)

If the sensing decision made by the ST is θt = 1, the ST will
not transmit and switch to the harvesting mode at the next slot
to harvest Es energy. Therefore, the expected number of slots
needed for ST to harvest Es is given as

E (n1) = [P(H1)Pd +P(H0)Pf (Es)]

(
1+

Es

Eh

)
. (16)

It is seen that the expected number of slots mainly comes from
two parts. One is required when the PU is busy and the SU
correctly detects the presence of the PU. The other is required
when the PU is idle but the SU detects the presence of the PU
by mistake.

3.3. Whole satisfaction degree of CR network
If θt = 0, the ST will transmit its data. In this paper, we

adopt a myopic strategy: The ST will exhaust all its residual
energy to transmit during N consecutive slots, where N ≥ 1.
As the status of the PU follows a Markov chain with 2 states,
the states of the PU may maintain several consecutive slots.
Let Ni denote a variable that the probability of the state xi last-
ing for more than Ni slots is less than 1− ρ , where ρ is a
predefined threshold. According to Ref. [25], Ni is given as

Ni = argmin
φ

{
φ

∑
k=1

ak−1
ii (1−aii)≥ ρ

}
, i = 0,1. (17)

The maximum of Ni is given as

Nmax = max
i∈{0,1}

{Ni} . (18)

Therefore, we have 1≤ N ≤ Nmax. The transmit power of the
ST is given as

PS =


Esa−Es

(NT − cEs)
, if

Esa−Es

(NT − cEs)
≤ Pmax,

Pmax, if
Esa−Es

(NT − cEs)
> Pmax,

(19)

where Pmax is the maximum transmit power of the ST. If there
is sill some residual energy in the battery after N slots, the
ST must release all of them to guarantee that the battery is
empty at each harvesting-sensing-transmitting period, and we
assume that the time for releasing the energy is negligible. Let
γp and γs denote the target SNR for the primary user receiver
and secondary user receiver, respectively.[22] Hence, the mini-
mum transmit power of the ST is given as

Pmin =
γsσ

2
n

hsd
. (20)

The minimum Esa should afford the ST to transmit at least one
slot, which means that Esa ≥ PminT . When the true state of the
PU is idle, according to Eqs. (19) and (20), the data rate of the
ST is given as

Ri =



0, if
Esa−Es

(NT − cEs)
< Pmin,

log2

(
1+

hsd (Esa−Es)

σ2
n (NT − csEs)

)
, if Pmin ≤

Esa−Es

(NT − cEs)
,

log2

(
1+

hsdPmax

σ2
n

)
, if

Esa−Es

(NT − cEs)
≥ Pmax.

≤ Pmax, (21)

Note that the SU’s data rate in Eq. (21) is normalized with W ,[15] where W is the bandwidth of the channel.
Since a01 > 0, the PU may change its state several times during the N consecutive transmission slots. The PU and SU will

cause interference to each other when a transmission collision appears between them. In the collision scenario, the data rate of
the SU is given as

Rc =


log2

(
1+

hsd (Esa−Es)

(NT − cEs)(σ2
n +PPhud)

)
, if

hsd (Esa−Es)

(NT − cEs)(σ2
n +PPhud)

> γs and
Esa−Es

(NT − cEs)
< Pmax,

log2

(
1+

hsdPmax

(σ2
n +PPhud)

)
, if

hsdPmax

(σ2
n +PPhud)

> γs and
Esa−Es

(NT − cEs)
≥ Pmax,

0, otherwise,

(22)

where PP is the transmit power of the PT. Meanwhile, we define the lost data rate of the PU as follows:

Rlos =


0, if

huvPP

σ2
n +hsvPS

> γp,

log2

(
1+

huvPP

σ2
n

)
, if

huvPP

σ2
n +hsvPS

< γp.

(23)
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Let X0 denote the number of idle slots during N consecu-
tive slots. As shown in Fig. 3,[25] when the current true state
of the PU is busy, the expectation of X0 is given by

E(X0)bN =


N
∑

k=1

N−1
∑

m=0
P(X0 = k)k, N > 1,

0, N = 1,
(24)

where m is the number of state changes during N slots and the
probability P(X0 = k) is given as follows:

P(X0 = k)

=



P(X0 = k) = P1 (X0 = k) ,
if m is odd,(m+1)/2≤ k ≤ N− (m+1)/2;
P(X0 = k) = P2 (X0 = k) ,
if m is even,m/2≤ k ≤ N− (m+2)/2;
0, otherwise,

(25)

where

P1 (X0 = k) =

(
k−1
(m−1)/2

)(
N− k−1
(m−1)/2

)
× aN−k

11 ak
00

(
a10a01

a11a00

)(m+1)/2

a−1
01 ,

P2 (X0 = k) =

(
k−1
(m−2)/2

)(
N− k−1
m/2

)
× aN−k

11 ak
00

(
a10a01

a11a00

)m/2

a−1
11 .

[25]

busy busy idle idle ... busy idle

idle busy idle idle ... idle busy

N

N

Fig. 3. Illustration of the states changes of the PU during N consecutive
slots.

When the current true state of the PU is idle, the expecta-
tion of X0 is given by

E(X0)iN =


N
∑

k=1

N−1
∑

m=0
P(X0 = k)k, N > 1,

1, N = 1,
(26)

where

P(X0 = k)

=



P(X0 = k) = P3 (X0 = k) ,
if m is odd,(m+1)/2≤ k ≤ N− (m+1)/2;
P(X0 = k) = P4 (X0 = k) ,
if m is even,(m+2)/2≤ k ≤ N−m/2;
P(X0 = k) = aN−1

00 ,

if m = 0;
0, otherwise,

(27)

where

P3 (X0 = k) =

(
k−1
(m−1)/2

)(
N− k−1
(m−1)/2

)
× ak

00aN−k
11

(
a10a01

a11a00

)(m+1)/2

a−1
10 ,

P4 (X0 = k) =

(
k−1
m/2

)(
N− k−1
(m−2)/2

)
× ak

00aN−k
11

(
a10a01

a11a00

)m/2

a−1
00 .

[25]

Therefore, the expected number of idle slots in the N
transmission slots is given as

∆ = P(H0)(1−Pf (Es))

[
E(X0)iN−

cEs

T

]
+ P(H1)(1−Pd)E(X0)bN . (28)

The throughput of the SU in N transmission slots is given as

fth = ∆T Ri +(N−∆)T Rc. (29)

The ST needs to spend several slots to harvest enough energy
before transmission, which results in loss of opportunities for
data transmission. The performance of the SU’s transmission
cannot be evaluated by only using the throughput achieved in
N transmission slots, i.e., the energy harvesting process must
be considered. Hence, taking into account the energy harvest-
ing process, we define the average throughput of the SU as

fSU =
fth

[N +E (n1)+E (n)]T
. (30)

It can be seen that equation (30) is very different from that
in the fixed powered scenario. Meanwhile, the interference
caused to the PU is defined as

fin = (NT −∆)Rlos. (31)

Our goal is to maximize fSU and minimize fin at the same
time. From the perspective of PU, the smaller the interference
caused by SU is, the better the performance of PU is. Alterna-
tively, from the perspective of SU, the goal of SU is to achieve
a transmit rate as high as possible. Thus, it is not appropriate
to just simply construct an objective function as fSU− fin be-
fore all the terms are normalized. Motivated by Ref. [25], we
use the sigmoid function to normalize the terms fSU and fin as

f̂SU =
1

1+exp(− fSU)
, (32)

f̂in =−
1

1+ exp(− fin)
. (33)

f̂SU and f̂in are called the satisfaction degrees of SU and PU,
respectively. Obviously, f̂SU is an increasing function of fSU

while f̂in is a negative value decreasing function of fin. It
means that the satisfaction degree of SU increases with fSU
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and the satisfaction degree of PU decreases with fin, which
matches our intuition.

We use the weighted sum of Eqs. (32) and (33) to de-
note the whole satisfaction degree (WSD) of the CR network,
which is given as follows:

f̂ (Esa,Es,N) = ω1 f̂SU +ω2 f̂in,
0≤ ω1 ≤ 1,
0≤ ω2 ≤ 1,
ω1 +ω2 = 1,

(34)

where ω1 and ω2 are the weight coefficients, which reflect the
requirement of the CR network. For example, if the SU’s av-
erage throughput is more important than Qos of PU, ω1 can be
set as a large value, and vice versa.

3.4. WSD optimization

The optimization problem to find the optimal set
(Esa,Es,N) that maximizes the WSD under the energy causal-
ity and Qos constraints can be formulated as

max
Esa,Es,N

f̂ (Esa,Es,N) = ω1 f̂SU +ω2 f̂in

s.t. Es ∈ [0,T/c] ,

1≤ N ≤ Nmax,

Esa ∈ [PminT,Cmax] ,

∑
i

ωi = 1,0 < ωi < 1, i = 1,2. (35)

Obviously, Esa and Es are continuous variables while N is an
integer variable. Therefore, the problem in Eq. (35) is a mixed-
integer nonlinear programming (MINLP) problem, which is a
hot topic that attracts tremendous interest. In this paper, the
well-known differential evolution (DE) algorithm[28,29] is ap-
plied to solve the optimization problem given in Eq. (35). Be-
fore using the DE algorithm, we first define g(Esa,Es,N) =

− f̂ (Esa,Es,N) and replace (Esa,Es,N) with (x,y,z). Further-
more, we use (xlow,ylow,zlow) and

(
xup,yup,zup

)
denote the

lower and upper limit of (x,y,z). The pseudocode of the DE
algorithm is given in Algorithm 1.

The operator b(x,y,z)c in Algorithm 1 is defined as
(x,y, INT [z]), where INT [z] refers to the nearest integer to
z.[28] The mutation factor F is set as[29]

F = F0 · exp
(

1− Gmax

Gmax +1−G

)
, (36)

where F0 is a constant in the ranges from 0 to 1.

Algorithm 1: The DE algorithm for the satisfaction degree optimization

Set G = 0,opt = 0;

Randomly select Np vectors
(
x0

i ,y
0
i ,z

0
i
)
, i = 1,2, . . . ,Np, which

cover the entire search space uniformly;

1: While G≤ Gmax or

∣∣∣∣∣ min
i∈{1,2,...,Np}

{
g
(
xG

i ,y
G
i ,z

G
i
)}
−opt

∣∣∣∣∣≥ ξ do

2: G = G+1;

3: for i=1: Np;
4: Randomly select r1,r2,r3 ∈

{
1,2, . . . ,Np

}
−{i};

5: (xt
i ,y

t
i ,z

t
i) =

(
xG

r1
,yG

r1
,zG

r1

)
+
⌊

F ·
[(

xG
r3
,yG

r3
,zG

r3

)
−
(
xG

r2
,yG

r2
,zG

r2

)]⌋
;

6: if Any elements of (xt
i ,y

t
i ,z

t
i) are not within its feasible region

7: Randomly select ρi ∈ [0,1];

8: (xt
i ,y

t
i ,z

t
i) = (xlow,ylow,zlow)+

⌊
ρi ·
[(

xup,yup,zup
)
− (xlow,ylow,zlow)

]⌋
;

9: endif
10: Randomly select k1,k2,k3 ∈ [0,1];

11: if k1 >Cr

12: xt
i = xG

i ;

13: endif
14: if k2 >Cr;

15: yt
i = yG

i ;

16: endif
17: if k3 >Cr;

18: zt
i = zG

i ;

19: endif
20:

(
xG+1

i ,yG+1
i ,zG+1

i
)
= argmin

[
g(xt

i ,y
t
i ,z

t
i) ,g

(
xG

i ,y
G
i ,z

G
i
)]

;

21: end for
22: opt = min

i∈{1,2,...,Np}

{
g
(
xG+1

i ,yG+1
i ,zG+1

i
)}

;

23: end while
24: (x∗,y∗,z∗) = argmin

i∈{1,2,...,Np}

{
g
(
xG+1

i ,yG+1
i ,zG+1

i
)}
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4. Numerical results
In this section, we present numerical results for our pro-

posed algorithm. Table 1 lists the simulation parameters.

Table 1. Simulation parameters.

Parameter Variable

γ –15 dB

Pd {0.7,0.8,0.9}
PP [1,10] dB

Pmax [5,15] dB

Eh [2,10]

Cmax 10

σ2
n –25 dB

ρ 0.99

𝐴

[
0.6 0.4

0.7 0.3

]
γp 5 dB

γs {5,7,9} dB

ωi, i = 1,2 [0.1,0.9]

κ 2

µ 2(
du,v,du,d,ds,v,ds,d

)
(30,50,40,20)m

c 1(
F0,Cr,Gmax,ξ ,Np

) (
0.5,0.9,200,10−10,30

)
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Fig. 4. The WSD versus the weight coefficients and the target probability
of detection: Eh = 7, PP = 7 dB.

Figure 4 shows the effect of the weight coefficients on
the WSD with Eh = 7 and PP = 7 dB. It can be seen that the
WSD increases as ω1 increases and becomes positive when
ω1 > 0.37. This can be explained as follows. From Eqs. (32)
and (33), we can see that f̂SU is positive and f̂in is negative.
Equation (34) indicates that the WSD is dominated by f̂SU

when ω1 is high, which means that the main goal of the net-
work is to improve the average throughput of SU. Another
phenomenon in Fig. 4 is that the WSD slightly decreases with
the target detection probability Pd. This is because higher de-
tection probability brings better PU’s Qos protection, which
comes at the cost of loss in access opportunities for SU. Fig-
ure 5 illustrates the effect of weight coefficients on the num-
ber of consecutive transmission slots. It can be seen that N

increases with ω1 when ω1 ≥ 0.5, which can be easily un-
derstood since the network mainly care about the satisfaction
degree of SU at higher ω1.

In Fig. 6, the WSD is shown with different energy har-
vesting rates. We can see that the WSD increases with the
energy harvesting rate. It is noteworthy that as the energy
harvesting rate increases, the WSD grows with a slow-down
tendency, which indicates that blindly improving the energy
harvesting rate is not always desirable since its contribution to
the improvement of the WSD is limited in the large harvesting
rate region. The reason for the phenomenon of Pd is similar to
that in Fig. 4.
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Fig. 5. The number of consecutive transmission slots versus the weight
coefficients and the target probability of detection: Eh = 7, PP = 7 dB.
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Fig. 6. The WSD versus the energy harvesting rate and the target proba-
bility of detection: ω1 = 0.7, PP = 7 dB.

The effect of the transmit power of PU to the WSD is
shown in Fig. 7 with ω1 = 0.7, Eh = 7, and Pd = 0.9. As shown
in the figure, the WSD decreases with PP. This is reasonable
because higher PP leads to more interference to SU, which re-
sults in a lower f̂SU. On the contrary, a higher PP enhances the
PU’s capacity in resisting the interference caused by SU, i.e.,
the term f̂in increases with PP. However, the ω1 is set to be 0.7,
the tendency of WSD is mainly determined by the satisfaction
degree of SU. Therefore, the WSD decreases with higher PP.
Besides, we can also see that the WSD decreases with γs. This
is because that the SU’s transmission is more likely to break
off when γs is high, which results in lower WSD. Moreover, it
is notable that the WSDs are very close when γs = 5 dB and

128401-7
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γs = 7 dB at PP = 1 dB and PP = 2 dB, implying that different
γs have similar effect on the WSD in the low γs and PP region.
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W
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Fig. 7. The WSD versus the transmit power of PT and the target SNR for
the secondary receiver: ω1 = 0.7, Eh = 7, Pd = 0.9.
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Fig. 8. The WSD versus the maximum transmit power of ST and the target
SNR for the secondary receiver: ω1 = 0.7, Eh = 7, Pd = 0.9.

Figure 8 shows the WSD versus the maximum transmit
power of ST at the target SNR for SU with ω1 = 0.7, Eh = 7,
and Pd = 0.9. As shown in the figure that the WSD increases
with Pmax, which is because higher Pmax leads to a larger opti-
mal transmit power and thus leads to a larger WSD. Moreover,
it can been seen that a lower γs leads to a higher WSD in low
Pmax region and the WSD at different γs eventually converges
to the same value when Pmax is high. This can be explained as
follows. When γs is low, a lower γs makes SU easier to suc-
cessfully transmit, which leads to a higher WSD. When Pmax

is high enough, the SNR corresponding to the optimal transmit
power is higher than γs.

5. Conclusions
In this paper, a CR network with EH is considered. The

satisfaction degrees of SU and PU are analyzed. An HMM

is used to model the sensing process. The WSD is given as
a weighted sum of the two aforementioned terms, which is a
function of the trigger energy, the sensing energy, and the con-
secutive transmission slots number. The WSD optimization
is formulated as an MINLP problem and the optimal solution
is obtained by DE algorithm. Simulation results confirm the
analysis and show that our proposed algorithm can satisfy dif-
ferent requirements of the CR network by adjusting the weight
coefficients.
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