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In recent years, unmanned aerial vehicle (UAV) has gained a lot of attention, mostly due to its low cost, flexile deployment, and
broad applications in many fields such as military, agriculture, and environment. In this paper, an UAV-based cognitive radio
(CR) network with a wireless powered primary user (PU) is investigated, where the UAVs act as the secondary users (SUs).
We assume that one transmission time slot is divided into two phases. In the first phase, UAVs transmit information to base
station (BS), while the PU harvests energy from the radio frequency (RF) signals, and the second phase is exclusively occupied
by PUs for primary transmission. It is assumed that the PU prices the interference energy incurred from the UAVs for the
reason that UAVs need to access PU’s licensed spectrum for their transmission. In this paper, we aim at maximizing utilities of
UAVs and utility of PU simultaneously. To analyze the interaction between the UAVs and PU, Stackelberg game was adopted
where the UAVs act as followers and the PU acts as a leader. An alternating iterative algorithm is proposed to achieve the
Stackelberg equilibrium (SE), i.e., transmission power of PU and UAVs, time allocation, and price that PU charge UAVs.
According to the simulation results, the proposed scheme can achieve optimal utility in the view of power saving for UAVs
while meeting the requirements of the PU which demonstrate the effectiveness of the proposed scheme.

1. Introduction

With the rapid development of mobile communication tech-
nology, communication systems (5G and beyond 5G) with
high data rate, wide coverage, large bandwidth, and opti-
mized user experiences are more attractive for people [1,
2]. Moreover, artificial intelligence (AI) creates opportuni-
ties to accelerate the development of 5G networks [3–5].
AI, 5G technologies, and the Internet of Things (IoT)
[6–11] are advancing at a rapid pace, enabling a wide range
of new applications. As an important application scenario of
5G mobile communication technology, unmanned aerial
vehicles (UAVs), also known as “drones,” have attracted
more and more attention from international academic cycles
and industry [12–15]. Compared with the traditional ground
communication, UAV-based wireless communication sys-

tems have the advantages of flexible deploy, low cost, and
additional design degrees of freedom, which can be applied
to aerial surveillance, goods delivery, precision agriculture,
civil infrastructure inspection, and so on [16].

Although UAV has enormous potential for application,
it still faces many problems and challenges [17–21]. Consid-
ering the complexity of the development stages and the com-
ponent integration complexity, challenges of developing
UAV applications from the information technology project
management point of view were investigated in [17]. The
authors of [18] analyzed the difficulties and challenges for
cooperation of multiple networked UAVs. The tradeoffs
and challenges in UAV-enabled wireless networks are inves-
tigated. More specifically, the key UAV challenges such as
3D deployment, channel modeling, performance analysis,
and energy efficiency (EE) were explored in [19]. The

Hindawi
Wireless Communications and Mobile Computing
Volume 2023, Article ID 8405990, 13 pages
https://doi.org/10.1155/2023/8405990

https://orcid.org/0000-0001-8453-6336
https://orcid.org/0000-0001-6633-7907
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2023/8405990


challenges of UAVs in smart cities, such as safety, privacy,
and ethical uses, were investigated in [20]. Moreover, spec-
trum policy challenges of UAVs were analyzed in [21].

Among these challenges abovementioned, one of the
important challenges is the spectrum scarcity issue in UAV
networks [22]. Existing UAV-based communications rely
mostly on the unlicensed spectrum or sharing the licensed
spectrum, which suffer severe interference from a variety of
other wireless networks (e.g., Wi-Fi, Bluetooth, and
WiMAX) or the cellular networks. On the other hand,
UAV communications also inevitably result in interference
to other communication systems, which seriously degrades
the system performance. Hence, how to solve these problems
has become an important issue in the development of UAV
communications.

Cognitive radio (CR) technology [23], which is regarded
as a promising solution to combat the spectrum scarcity, has
been considered to integrate with the UAV communications
[24]. CR network is considered as an intelligent network, in
which the secondary users (SUs) are able to sense the spec-
trum of primary users (PUs) and opportunistically access
the spectrum resource, which significantly improves the
spectrum utilization and communication quality. Overlay
and underlay are two typical spectrum sharing modes in
CR [25]. In the former mode, SUs sense the spectrum
resource and access the idle spectrum, and in the latter
mode, SUs and PUs are allowed to transmit simultaneously
as long as the interference level at the PUs’ side remains
acceptable. Therefore, UAV communications can greatly
benefit from the integration with CR in spectrum utilization,
delay reduction, and energy consumption reduction.

UAV communication integrated with CR has various
potential application scenarios such as commercial drones,
traffic surveillance, crop monitoring, border patrolling,
disaster management, and wildfire monitoring [26]. There
are some works that considered the UAV communications
is integrated with CR technology [27–31]. A new spectrum
sharing scenario between UAV and terrestrial wireless com-
munication systems was investigated in [27], and the average
achievable rate of the cognitive UAV communications is
maximized by jointly optimizing the UAV’s trajectory and
transmit power. The authors of [28] proposed an efficient
energy management solution to improve the performance
of the UAV and considered the effects of spectrum sensing
simultaneously. An UAV-based CR was proposed to
improve spectrum sensing performance, with the objective
of maximizing the effective throughput of the UAV by opti-
mizing the sensing radian in [29]. The authors of [30] inves-
tigated the multiaccess CR system using MIMO antennas for
PUs and SUs supported by a UAV relay. A novel spectrum
sharing-based UAV network with adjustable UAV beam-
width was proposed in [31].

Furthermore, energy management is also very important
in UAV communications in association with CR networks.
The optimal wireless information transfer and wireless
energy transfer design for an UAV-enabled CR system was
studied in [32], where both the UAV and the ground termi-
nal were battery-powered. The authors of [33] proposed an
efficient spectrum and energy management solution by inte-

grating the overlay cognitive radio technology. The deploy-
ment of UAV-based cognitive system in an area covered
by the primary network (PN) was studied in [34] with the
aim at maximizing its EE by optimizing the transmit power.
The authors of [35] studied interference reduction and
resource allocation in UAV wireless powered communica-
tion system with two UAVs and two ground nodes. A prob-
lem of maximizing the percentage of scheduled UAVs by
jointly optimizing UAV scheduling and wireless resource
allocation was analyzed in [36].

In addition, the authors of [37] aim at maximizing the
energy efficiency of the cognitive UAV-assisted traffic off-
loading in heterogeneous environments. The secrecy outage
probability (SOP) for a multitier UAV-assisted cognitive
communication network was investigated in [38]. An
UAV-assisted energy harvesting cognitive radio network
was considered in [39], where an UAV is employed as one
cognitive user, hovering in the air to perform spectrum sens-
ing and communicating with the dedicated receiver on the
ground. The throughput performance of a NOMA-based
UAV-assisted cooperative CR network was analyzed in
[40], where the UAV harvests energy from terrestrial radio
frequency (RF) signal sources. To our best knowledge, the
energy management problem of UAV-based CR network is
a new challenge, and there are very few research works con-
centrating on this aspect for UAV-enabled cognitive
networks.

Different from the existing works, in this paper, we
investigate the resource allocation problem in an UAV-
based cognitive network, in which the PU is wirelessly pow-
ered by the energy harvested from the RF signals transmitted
by the SUs. It is assumed that the PU is a low-power termi-
nal. The UAVs, who act as SUs, are used to perform the
ground surveillance and report the ground situation to the
base station (BS). Energy management will affect the system
performance, so we try to maximize the utilities of both PU
and UAVs under some practical constraints. The time slot is
divided into two phases, in which the first phase is used for
UAVs’ transmission and PU’s energy harvesting and the sec-
ond phase is used for PU transmitting. Stackelberg game is
adopted to analyze the interaction between PU and SUs
where the PU acts as the leader who determines the time
allocation, the transmission power of PU, and the interfer-
ence energy prices for UAVs, and the UAVs act as the fol-
lowers who determine the transmission power of UAVs.
The main contributions of this paper are as follows:

(i) We investigate the resource allocation problem aim-
ing at the maximization of utilities of UAVs and util-
ity of PU simultaneously

(ii) By transforming a nonlinear fractional program-
ming problem into an equivalent parametric pro-
gramming, we maximize the utilities of UAVs from
the perspective of power saving, and then both the
objectives abovementioned are optimized

The organization of this paper is as follows. In Section 2,
the system model of the UAV-based CR networks is
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described. The problem formulation based on Stackelberg
game under several constraints is analyzed in Section 3. An
alternating iterative optimization algorithm is proposed in
Section 4. Numerical results and analysis are given in Section
5. Finally, the whole paper is concluded in Section 6.

2. System Model

As shown in Figure 1, we consider an uplink transmission
scenario. The UAV-based CR network is composed of a
BS, a PU, and N SUs, where the UAVs act as the SUs who
report the ground information to BS. It is assumed that the
PU is wirelessly powered by RF signals harvested from
UAVs’ transmission. We assume that all UAVs are travelling
or hovering a uniform height of H m, and their onboard
energy capacity can afford an operation cycle of one hour,
which can be divided into several time slots. In each slot,
the time is normalized to 1, and the whole communication
process is divided into two phases. The first phase with dura-
tion τ0 is used for UAVs’ transmission and energy harvest-
ing of PU. In the second phase, PU transmits information
to BS with duration τ1ðτ1 = 1 − τ0Þ.

Let h0, hn, and wn denote the channel power gains from
PU to BS, from UAV n to BS, and from UAV n to PU,
respectively, where n ∈ f1, 2,⋯,Ng. Assume that these chan-
nel power gains are all independent and identically distrib-
uted (i.i.d.) random variables. The additive white Gaussian
noise (AWGN) is with zero mean, and variance σ2 is consid-
ered at the receivers.

2.1. Channel Model.Without loss of generality, the Cartesian
coordinate system is adopted to determine the 3D location
of UAVs. Note that xðnÞ and yðnÞ denote the time-varying
x- and y-coordinates, respectively. The locations of the
UAV n can be denoted asðx½n�, y½n�,HÞ. And the locations
of the BS and PU are assumed to be ðx0, y0, 0Þ and ðx1, y1,
0Þ, respectively.

For convenience, it is assumed that the paths from UAVs
to BS or PU are referred to as the line of sight (LoS) link
where the free space path model is adopted [41], and the
Doppler effect is perfectly compensated. Accordingly, the
channel power gain between UAV n and BS is given by

hn = β0d
−2
ub n½ �, ð1Þ

and the channel power gain between UAV n and PU is writ-
ten as

wn = β0d
−2
up n½ �: ð2Þ

β0 denotes the channel power gain at the reference dis-
tance d0 = 1 m. dub½n� and dup½n� denote the distances from
UAV n to BS and PU, respectively, which can be obtained by

dub n½ � =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
H2 + x n½ � − x0ð Þ2 + y n½ � − y0ð Þ2

q
, ð3Þ

dup n½ � =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
H2 + x n½ � − x1ð Þ2 + y n½ � − y1ð Þ2

q
: ð4Þ

2.2. Transmission Model. In this UAV-based CR networks,
the transmission model between the UAV n and BS is given
by

Ln =
ffiffiffiffiffi
hn

p
sn + φn, ð5Þ

where sn is the information transmitted from UAV n to BS
and φn is the noise. Considering that the UAVs only trans-
mit during the time τ0, the corresponding transmission rate
is as follows:

Rn
U = τ0 log2 1 + Pnhn

σ2

� �
, ð6Þ

where Pn denotes the transmit power of UAV n to BS and σ2

denotes the noise power.
Similarly, the transmission model between the PU and

BS is given by

LP =
ffiffiffiffiffi
h0

p
s0 + φ0, ð7Þ

where s0 is the information transmitted from PU to BS and
φ0 is the noise. Considering that the PU only transmits dur-
ing the time τ1, the corresponding transmission rate is as fol-
lows:

RP = τ1 log2 1 + PPh0
σ2

� �
, ð8Þ

where PP denotes the transmit power of PU.
It is assumed that the PU can harvest energy from RF

signals of UAVs, and the harvested energy during time τ0
can be given by

EP = ετ0 〠
N

n=1
Pnwn, ð9Þ

where EP denotes the total harvested energy of PU and ε
denotes the energy harvesting efficiency.

For PU, after the energy harvesting during τ0, it will
transmit information. Note that the energy consumed by
PU during τ1 should not exceed the harvested energy during
τ0. Therefore, the following constraint must hold:

PPτ1 ≤ EP: ð10Þ

3. Problem Formulation

Based on above analysis, Stackelberg game is adopted to
study the interaction between UAVs and the PU, and the
corresponding utilities are given below.

We assume that the PU sets the interference prices for
UAVs and the utility of PU can be formulated as follows:

UP = ξτ1 log2 1 + PPh0
σ2

� �
+ τ0 〠

N

n=1
Pnwnπn, ð11Þ
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where ξ is the unit rate utility factor for PU and πn denote
the interference power price of UAV n.

And the utility of UAV n can be formulated by

Un
U = ατ0 log2 1 + Pnhn/σ2À ÁÀ Á

‐τ0πnPnwn

Pn + PC
, ð12Þ

where α is the unit rate utility factor for UAVs and PC
denotes the additional circuit power consumption during
transmission, which is independent of data transmission
power. The optimization problem is formulated as

OP1ð Þ: max
Pnf g

Un
U

s:t: Pn ≥ 0:
ð13Þ

Note that the utility of UAV n takes into account the
power consumption to prolong the service time of UAVs.

For PU, the objective is to maximize its utility by opti-
mizing transmit power PP, time allocation τ0 and τ1, and
interference power price πn in each slot. The problem is for-
mulated as

OP2ð Þ: max
PP ,πn ,τ0,τ1f g

UP

s:t:PPτ1 ≤ EP

τ0 + τ1 = 1
πn ≥ 0, PP ≥ 0, τ0 ≥ 0, τ1 ≥ 0:

ð14Þ

OP1 and OP2 together form a leader-follower game. The
objective of this game is to find the SE point(s) from which
neither the leader nor the followers have incentives to devi-

ate. The SE point(s) can be obtained by solving the optimal
transmission parameters abovementioned.

4. Resource Allocation Algorithm

In this game, the SE of OP1 and OP2 can be found by solv-
ing OP1 with given PP, πn, τ0, and τ1 and then solving OP2
with the obtained solution of OP1 [42].

4.1. Analysis of the Follower-Level Game. It is noteworthy
that the OP1 is a nonlinear fractional programming prob-
lem, which is difficult to solve directly. To tackle this prob-
lem, an equivalent parametric programming model is
deduced from OP1 by consulting the theory of [43], and
the mathematical description can be briefly given as follows.
We denote the optimal parameter q∗ as

q∗ =max N Pnð Þ
D Pnð Þ , ð15Þ

where

N Pnð Þ = ατ0 log2 1 + Pnhn
σ2

� �
− τ0πnPnwn, ð16Þ

D Pnð Þ = Pn + PC: ð17Þ

Let FðqÞ =NðPnÞ − qDðPnÞ, which is a linear function of
q. Therefore, solving the OP1 is equal to find the zero root of
FðqÞ = 0 [43]. Then, the OP1 can be transformed into OP3

Base station

Primary user

UAV N

UAV 1

․․․

UAV to base station
UAV to primary user

Figure 1: An illustrative example of the cognitive radio network with secondary UAVs.
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as follows:

OP3ð Þ: max
Pnf g

Un
T =Un

U − q Pn + PCð Þ

s:t: Pn ≥ 0:
ð18Þ

It can be easily observed that the objective function of
OP3 is convex and the optimal solution P∗

n can be obtained
by setting the first derivative of Un

T to zero as

αhn
ln 2 σ2 + Pnhnð Þ − πnwn − q = 0, ∀n, ð19Þ

from which we can derive the close-form solutions for Pn as
follows:

Pn =
α

ln 2
1

πnwn + q
−
σ2

hn

� �+
, ð20Þ

with ð⋅Þ+ ≜max ð⋅ ,0Þ.
Based on the obtained best responses of the UAVs

obtained in Equation (20), we investigate the OP2 with an
alternating iterative method.

4.2. Analysis of the Leader-Level Game. Firstly, we solve the
OP2 with given PP and πn; then, the optimal time allocation
with τ0 and τ1 can be obtained. Let τ0 = 1‐τ1 and the OP2
can be rewritten as

OP2:1ð Þ: max
τ1f g

τ1ξ log2 1 + PPh0
σ2

� �
+ 1 − τ1ð Þ〠

N

n=1
Pnwnπn

s:t: PPτ1 ≤ EP:

ð21Þ

It can be obviously found that the objective function and
the constraint are linear with respect to τ1 and the optimal
solution can be obtained by

τ1 =
ε∑N

n=1Pnwn

ε∑N
n=1Pnwn + PP

 !+

: ð22Þ

Therefore, the optimal τ0 can be derived easily as

τ0 =
PP

ε∑N
n=1Pnwn + PP

 !+

: ð23Þ

Secondly, we solve OP2 with given τ0, τ1, and πn; then,
the optimal transmit power of PU with PP can be obtained.
We rewrite the OP2 as follows.

OP2:2ð Þ: max
PPf g

ξ 1‐τ0ð Þ log2 1 + PPh0
σ2

� �
s:t:PPτ1 ≤ EP:

ð24Þ

Since problem OP2:2 of optimizing PP is convex, it can

be solved by the dual decomposition method [44]. The
Lagrangian dual function corresponding to Equation (24)
can be formulated as

g λð Þ =max
PPf g

L PPf g, λð Þ = ξ 1 − τ0ð Þ log2 1 + PPh0
σ2

� �

+ λ ετ0 〠
n

n=1
Pnwn − PP 1‐τ0ð Þ

 !
,

ð25Þ

where λ is the introduced Lagrange dual multipliers (LDM);
then, the dual optimization problem can be formulated as

min
λf g

g λð Þ

s:t:λ ≥ 0:
ð26Þ

Applying Karush-Kuhn-Tucker (KKT) condition [45] by
taking the first derivation of LðfPPg, λÞ with respect to PP ,
we have

PP =
ξ

λ ln 2 −
σ2

h0

� �+
, ð27Þ

and subgradient method is adopted to update λ which can
guarantee to converge to the global optimal solution. The
LDM λ is updated as follows:

λl+1 = λl − θlλ ετ0 〠
n

n=1
Pnwn − PP 1 − τ0ð Þ

 ! !+

, ð28Þ

where l denotes the iteration index and θlλ is the proper pos-
itive step-size sequence. After the convergence of the LDM,
the optimal solution P∗

P can be obtained by substituting λ∗

into Equation (27).
Thirdly, we solve OP2 with given τ0, τ1, and PP; then, the

optimal interference price with πn can be obtained. Accord-
ingly, we rewrite the OP2 as follows.

OP2:3ð Þ: max
πnf g

τ0 〠
n

n=1
Pnwnπn: ð29Þ

Let Uπ denote the objective function of OP2:3; then, the
optimal interference price πn can be obtained through solv-
ing the following equation:

∂Uπ

∂πn
= τ0wn

∂Pn

∂πn
πn + Pn

� �
= 0, ð30Þ

which can be simplified and transformed into

πn = −
Pn

∂Pn/∂πn
: ð31Þ

In order to obtain the πn, the PU needs to know the

5Wireless Communications and Mobile Computing



exact and prompt feedback information regarding the Pn
and ∂Pn/∂πn; then, the interference price π can be updated
according to the formula below:

π = S πð Þ, ð32Þ

where π = ½π1,⋯,πN � and

S πð Þ = S π1ð Þ,⋯,S πNð Þ½ � ð33Þ

denotes interference price competition constraint for PU.
Therefore, the update process of price πn can be modeled
by an iterative formula as follows:

π t + 1ð Þ = S π tð Þð Þ: ð34Þ

Based on the Stackelberg game analysis and the updating
formulas of these parameters, the PU can obtain the optimal
interference price and transmit power and time allocation.
Then, the UAVs would transmit with the optimal transmit
power.

Note that the abovementioned problem-solving is based
on the assumption that the parameter q is a constant. How-
ever, our ultimate aim is to find the solution of FðqÞ = 0.
Because the FðqÞ is strictly monotonic decreasing with
respect to q, the optimal solution can be obtained if and only
if when FðqÞ = 0. A bisection method can be adopted to
search the optimal solution q∗. In summary, the proposed
resource allocation algorithm is shown in Algorithm 1.

4.3. Existence and Uniqueness of SE for the Proposed Game.
For the proposed game, the SE is defined as:

Definition 1. Let P∗
n be the solutions for OP1 and P∗

P , π∗
n , τ∗0

and τ∗1 ð1 − τ∗0 Þ be the solutions for OP2. Then, the point ð
P∗
n , P∗

P , π∗
n , τ∗0 Þ is a SE point if for any ðPn, PP , πn, τ0Þ with

Pn ≥ 0, PP ≥ 0, πn ≥ 0, and 0 ≤ τ0 ≤ 1, the following condi-
tions are satisfied:

Un
U P∗

n , π∗
n , τ∗0ð Þ ≥Un

U Pn, π∗
n , τ∗0ð Þ∀n, ð35Þ

UP π∗
n , P∗

P , τ∗0 , P∗
nð Þ ≥UP πn, P∗

P , τ∗0 , P∗
nð Þ∀n, ð36Þ

UP π∗
n , P∗

P , τ∗0 , P∗
nð Þ ≥UP π∗

n , PP , τ∗0 , P∗
nð Þ∀n, ð37Þ

UP π∗
n , P∗

P , τ∗0 , P∗
nð Þ ≥UP π∗

n , P∗
P , τ0, P∗

nð Þ∀n: ð38Þ

Theorem 2. The Stackelberg equilibrium (SE) could always
exist in the proposed Stackelberg game.

Proof of Theorem 2. According to the game theory for wire-
less engineers, it could be found that if a game model sat-
isfies both of the following criteria, there exists a Nash
equilibrium (NE).

(i) Strategy space is a nonempty and bounded compact
convex subset of Euclidean space

(ii) The utility function is a kind of quasiconcave (quasi-
convex) function with respect to the parameters of
strategy space

Given the PU’s transmission power PP , interference
power price πn, and energy harvesting time τ0, it is obvious
that the strategy space fPng meets the first condition for the
existence of NE because fPng is a nonempty, bounded, and
closed set, as well as a compact convex set. Besides, the util-
ity function Un

TðPnÞ is continuous and concave with respect
to Pn.

Based on [46], there exists at least one NE in the follower
subgame. NEðPnÞ denotes the best response of the UAV (fol-
lower) with given transmission strategy of PU. The SE can
be equivalently defined as

UP π∗
n , P∗

P , τ∗0 , NE P∗
nð Þð Þ ≥UP πn, PP , τ0, NE Pnð Þð Þ: ð39Þ

Therefore, the SE always exists in the proposed game.

Theorem 3. There exists a unique SE for the proposed Stack-
elberg game.

Proof of Theorem 3. The first-order partial derivative of Un
T

with respect to Pn can be found in Equation (19), and the
corresponding second-order partial derivative of Un

T is as
follows:

∂2Un
T

∂P2
n

= −
αh2n

ln 2 σ2 + Pnhnð Þ2
< 0: ð40Þ

Thus, the UAV’s utility function Un
TðPnÞ is a concave

function of Pn given the PU’s transmission strategy. There-
fore, there exists a unique best response NEðP∗

nÞ for the
UAV n.

Based on the above analysis, there exists a unique SE in
the proposed game.

5. Numerical Results

In this section, some numerical results are presented to ver-
ify the performance of the proposed resource allocation
scheme in cognitive UAV networks. For the convenience
of solving this problem, we consider a scenario with two
UAVs and one PU. It is assumed that the channel power
gains h0, h and w are Rayleigh distributed random variances
with means -6 dB. σ2 is assumed to be 0.1.

To evaluate the performance of the proposed scheme, we
present the simulation results of both the UAV’s utility and
the PU’s utility with different system parameters. For the
purpose of comparison, two reference schemes are provided.
The former one is named as scheme 2 which assumes that
the time is equally allocated as τ0 = τ1 = 0:5, while the latter
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one is named scheme 3 without considering the power con-
sumption in utilities of UAVs.

Figures 2 and 3 illustrate the utility of the UAV 1 and
utility of the PU changing with different unit rate utility fac-
tor α for UAVs under different schemes, respectively. As it is
shown in the figures, both the utility of UAV 1 and utility of
the PU increase with rising α which indicate that a higher
unit rate utility factor benefits both the UAVs and PU. It is
also shown that the proposed scheme outperforms the
scheme 2 and scheme 3 from the perspective of power saving

for UAVs. Besides, it is shown that the scheme 3 outper-
forms the proposed scheme and scheme 2 in terms of PU’s
utility. These results indicate that the core of decision-
making is a tradeoff between PU and UAVs.

Similarly, Figures 4 and 5 illustrate the utility of the UAV
1 and utility of the PU versus different unit rate utility factor
ξ for PU under different schemes, respectively. It is shown
that both the utilities of UAV 1 and PU increase with rising
ξ. It is also shown that the proposed scheme outperforms the
scheme 2 and scheme 3 from the perspective of power saving

Initialization:
h, w, h0, σ, ξ, ε, δ, PC , a, τ0ð0Þ, πð0Þ, PPð0Þ, Pð0Þ, a and b(error limitation δ > 0, a, b satisfying FðaÞ > 0 and FðbÞ > 0; q = ða

+ bÞ/2;
Iteration:

1): whilejFðqÞj > δdo
2): k =1;
3): Calculate the updated parameters by using Equations (20), (23), (27), and (31);
4): whilejPðkÞ − Pðk − 1Þj > δ or jπðkÞ − πðk − 1Þj > δ or jτ0ðkÞ − τ0ðk − 1Þj > δ or jPPðkÞ − PPðk − 1Þj > δdo
5): update PðkÞ, PPðkÞ, πðkÞ, τ0ðkÞ accordingly;
6): k = k +1;
7): end while
8): ifFðaÞ ⋅ FðbÞ ≥ 0 then
9): a = q;
10): else
11): b = q;
12): end if

13): q = ða + bÞ/2;
14): end while

Algorithm 1: Resource allocation scheme.
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Figure 2: Utility of UAV 1 versus unit rate utility factor α for UAVs under different schemes.
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for UAVs. Besides, it is shown that the scheme 3 outper-
forms the proposed scheme and scheme 2 in terms of PU’s
utility.

In Figures 6 and 7, the performance of the UAV 1 and
PU with different energy harvesting efficiency ε under differ-

ent schemes is illustrated, respectively. It is shown that the
utility of PU goes up when the energy harvesting efficiency
ε increases, whereas the utility of UAV 1 decreases as the ε
increases. This indicates that a higher ε degrades the perfor-
mance of the UAVs, while it improves the performance of
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Figure 3: Utility of PU versus unit rate utility factor α for UAVs under different schemes.
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Figure 4: Utility of UAV 1 versus unit rate utility factor ξ for PU under different schemes.
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the PU. This is because that more time is allocated to PU to
achieve a higher utility of PU. It is also shown that the pro-
posed scheme outperforms the scheme 2 and scheme 3 for
UAVs. Besides, it is shown that the scheme 3 outperforms
the proposed scheme and scheme 2 in terms of PU’s utility.

Figures 8 and 9 show the utility of UAV 1 and the util-
ity of PU versus the flying altitude of UAV 1, respectively.
Assume that the x- and y-coordinates are fixed for both
UAVs and PU. It is shown that both the utilities decrease
when the flying altitude of UAV 1 increases. This is
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Figure 5: Utility of PU versus unit rate utility factor ξ for PU under different schemes.
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Figure 6: Utility of UAV 1 versus energy harvesting efficiency ε under different schemes.
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because that a higher flying altitude of UAV 1 decreases
the channel power gains, which results in the performance
degradation.

Because the utility of the proposed scheme takes the
power saving into account for UAVs, the system perfor-
mance is a tradeoff between PU and UAVs. Considering
the endurance has already been the bottleneck for UAVs,

the proposed scheme can extend the service time of UAVs
while meeting the requirement of the PU.

6. Conclusions

In this paper, we investigate an UAV-based CR network
with a wireless powered PU where the UAVs act as the
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Figure 7: Utility of PU versus energy harvesting efficiency ε under different schemes.
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SUs. The PU can harvest energy from the UAVs and accu-
mulate it for transmission. Then, we propose a price-based
resource allocation scheme in cognitive UAV networks to
maximize the utilities of the UAVs and the PU. Stackelberg
game is adopted to analyze the interaction between the
UAVs and PU, where the UAVs act as the follower and
the PU acts as the leader. The whole optimization problem
can be solved by an alternating iterative algorithm to achieve
the Stackelberg equilibrium (SE). Different from the tradi-
tional strategies, the proposed scheme can achieve optimal
utility in the view of power saving for UAVs while meeting
the requirements of the PU. The simulation results validate
that the proposed scheme properly balances the tradeoff
between the PU and UAV performances.
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