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Abstract—A UAV-aided wireless power transfer and data
collection network is studied, where it is assumed that when
the harvested energy at the sensor node (SN) cannot surpass
its circuit activation threshold or the received data rate at UAV
falls below a minimal required rate threshold, the information
outage occurs. The closed-form expressions of energy outage
probability and rate outage probability are derived at first, and
then the overall outage probability and coverage performance
of the system are analyzed. Based on which, an optimization
problem is formulated to minimize the overall outage probability
by optimizing UAV’s elevation angle and the time splitting (TS)
factor. Since the problem is non-convex and has no known
solution, an alternating optimization (AO)-based algorithm with
Golden-section (GS) based linear search method is designed to
find the global optimal solution. In order to explore the maximum
coverage area of the UAV for a given tolerable outage probability,
another optimization problem is also formulated to maximize the
coverage range by optimizing UAV’s elevation angle. By using
Karush-Kuhn-Tucker (KKT) conditions, the closed-form solution
of the optimal elevation angle for maximizing the coverage area
is derived. Monte Carlo simulations verify the accuracy of the
derived closed-form expression of the overall outage probability
and the semi-closed-form expressions of the optimum UAV’s
elevation angle and TS factor. It shows that there exist a unique
optimum elevation angle and the TS factor to achieve the
minimum overall outage probability, and significant performance
gain can be obtained by using our proposed optimization scheme.
The developed theoretical results can be useful to the design of
UAV-aided wireless communication systems with wireless power
transfer.

Index Terms—UAV communication, wireless power transfer,
data collection, Rician fading, outage analysis.
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I. INTRODUCTION

A. Background

Recent advancements in Internet of Things (IoTs) and
5G/B5G have aroused numerous applications, including
weather monitoring, intelligent transportation, smart agricul-
ture, emergency search and rescue [1] - [4]. In these emerging
intelligent applications, a large number of sensor nodes (SNs)
are deployed in IoTs to collect environmental data and then
upload data to upper-layer servers for computing and decision-
making. As the SNs are usually powered by small-size bat-
teries with limited energy storage capacity, they are required
to be replaced or recharged up periodically [5]. To release the
labor cost and risk of manual battery replacement, by powering
low-power SNs in a self-sustainable way, radio-frequency (RF)
signal based wireless power transfer (WPT) has been widely
regarded as a promising solution [6]- [8], as RF-based WPT
is controllable, relatively reliable and capable of transferring
power at a distance of up to tens of meters [9].

Traditionally, dedicated RF energy transmitters (ETs) and
data collectors are usually deployed at fixed locations. To
cover low-power SNs in large-scale IoTs, it requires to deploy
massive ETs and data collectors, which yields high deploy-
ment cost, thus hindering the large-scale deployment of WPT
networks [10]. When the transmitted RF signals propagate
over wireless links, they may be significantly attenuated by
channel shadowing and fading, so both the wireless energy
transfer efficiency and the information delivery efficiency are
deteriorated [11]. As a result, the SNs located far away from
the ETs and data collectors may not be well served due to the
weak wireless links.

Recently, unmanned aerial vehicles (UAVs) have emerged
to act as aerial base station (BS) for emergency network
response, fast communication service recovery and ubiquitous
coverage, especially in remote areas with insufficient terrestrial
infrastructures [1]- [4]. UAV can also act as a mobile relay to
help forward information for SNs [12], a mobile charger to
wirelessly charge IoT SNs [13], or an aerial data collector to
gather data from IoT SNs [14]. Particularly, the line-of-sight
(LoS) channels enable UAVs to wirelessly cover SNs much
better than terrestrial communications [15], which expand the
services scope and reduce the system deployment cost of IoT
systems outdoors. Moreover, the controllable mobility enables
UAVs to fly closer to SNs for establishing strong communi-
cation links, which greatly enhances the WPT efficiency for
charging SNs, and also saves energy of SNs for uploading data
to UAVs, thus prolonging the network lifetime of IoTs.
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B. Related Work

Owing to UAVs’ merits such as on-demand operations,
flexible deployment, controllable mobility, and superior link
quality, UAV-aided wireless power networks have attracted
increasing interests [14] - [16]. In [14], the UAV was used as
a relay to assist the users in computing or further offloading
tasks to the BS for computing, where the weighted sum energy
consumption of the UAV and users was minimized. In [15],
a legitimate UAV was exploited to process computing tasks
for users in the presence of multiple eavesdropping UAVs,
where the minimum secrecy capacity was maximized. In [16],
the UAV was deployed with WPT to power SNs, where the
sum energy received by all energy receivers was maximized.
However, in these works, only the free-space path loss of
the channels was considered, which ignored the effects of
stochastic fading including the multipath fading.

As the channel between a UAV and a SN also suffers multi-
path fading caused by reflection, scattering, and diffraction
by the ground obstacles such as bumpy ground, grass, trees
and buildings, some recent works have begun to discuss
the performance of UAV-aided wireless networks in fading
channels [17]- [24]. In [17], the system outage probability was
minimized in Rayleigh fading, with UAV acting as a relay.
In [18], the coverage probability was analyzed in Rayleigh
fading, where a single UAV acted as a mobile user to connect
with a ground BS. As Rayleigh fading model is only applicable
to the cases when there is no LoS link from the transmitter to
the receiver, and the air-to-ground (A2G) channels are often
dominated by LoS links, more and more recent works started
to investigate the performance of UAV-aided communications
with Rician fading model, which comprises a deterministic
LoS component with a random multipath component, and is
suitable for characterizing A2G channels with less shadowing
but non-negligible small-scale fading. In [19], the number
of users that could be served by the UAV was maximized
in Rician fading, under the constraint of users’ minimum
rate-coverage probability requirements. In [20], the outage
probability of the UAV-aided data collection with WPT was
minimized in Rician fading, where the fixed UAV’s altitude
was assumed. In [21], the outage probability in Rician fading
was minimized, where a UAV acted as a relay to assist in-
formation transmission from BS to SNs. In [22], the coverage
area of the UAV-assisted communication was maximized, with
a given outage probability threshold in Rician fading. In [23],
the minimum average data collection rate from all SNs was
maximized, where the angled-dependent Rician fading model
was adopted. In [24], the outage probability was minimized
and the coverage region was maximized in Rician fading,
where the UAV’s altitude was optimized.

C. Motivation and Contributions

However, in aforementioned works, see e.g., [19]- [20], the
Rician factor was assumed as a constant without considering
the effect of elevation angle on the channel gain. As UAV’s
elevation angle has great impact on the A2G link quality, it has
been reported that omitting the effect of the elevation angle on

the Rician channel modeling causes the analyzing bias to prac-
tical scenarios [21]- [23]. Although in [21]- [23], the angle-
dependent Rician factor was considered, the same path loss
exponent was adopted with UAV at different altitudes, which
may be still too ideal, since it was pointed out in [25] that
the path loss exponent decreases as the UAV moves up, rather
than being a constant. Later, in [24], both the angle-dependent
Rician factor and angle-dependent path loss exponent were
adopted to analyze the UAV-aided communications via A2G
channels, while however, only the information transmission
was discussed and the WPT was not involved.

To fill this gap, this paper studies the outage and coverage
performance of UAV-aided data collection with WPT for
wireless powered network in Rician fading channels, where in
order to take the effect of UAV’s elevation angle into account,
the angle-dependent Rician factor and angle-dependent path
loss exponent are adopted. It is noticed that in [19]- [24], it
was assumed that the SN could always perform data uploading
no matter how much energy was harvested. That is, the
information transmission outage was assumed to occur only
in the information transmission stage. However, in practical
systems, only when the harvested energy surpass the circuit
activation threshold, the data transmission can be triggered at
the SNs. Thus, in our work, the overall outage probability is
discussed with considering the effect of the circuit activation
threshold on the system information outage probability.

The main contributions of this paper are summarized as
follows.

1) For the UAV-aided WPT and data collection network, the
closed-form expressions of energy-constrained outage prob-
ability and rate-constrained outage probability are derived,
where it is assumed that when the harvested energy at the SN
cannot surpass its circuit activation threshold or the received
data rate at UAV falls below a minimal rate requirement thresh-
old, the information outage occurs. And then, a overall system
information outage probability is analyzed to characterize the
system outage and coverage performance.

2) In order to further enhance the system performance, an
optimization problem is formulated to minimize the overall
outage probability via optimizing UAV’s elevation angle and
time splitting (TS) factor, subject to the maximum and mini-
mum elevation angle constraints and the TS factor constraint.
Since the derived closed-form expression of the overall outage
probability is non-convex, an alternating optimization (AO)-
based algorithm with Golden-section (GS) based linear search
method is proposed to find the joint global optimal solution.

3) As the UAV has different coverage regions when it
hovers at different altitudes, another optimization problem is
also formulated to maximize the coverage range by optimizing
UAV’s altitude, while the outage probability within the cov-
erage region being lower than a given tolerable threshold. As
the coverage radius is a pseudo-concave function of elevation
angle, the optimum UAV’s elevation angle is derived by
Karush-Kuhn-Tucker (KKT) conditions.

4) Monte Carlo simulations verify the accuracy of the de-
rived closed-form expression of the system outage probability
and the semi-closed-form expressions of the optimum UAV’s
elevation angle and TS factor. It is observed that there exist a
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Fig. 1: UAV-aided wireless power transfer and data collection
network.

unique optimum UAV’s elevation angle and TS factor, which
can achieve the minimum system outage probability. And it is
also shown that significant performance gain can be obtained
by using the joint optimization scheme. Besides, the larger
the tolerable outage probability threshold is, the larger the
coverage radius of UAVs communication is, and the smaller
the UAV’s elevation angle is.

The remainder of this paper is organized as follows. In
section II, a UAV-aided wireless power transfer and data col-
lection network is introduced. In section III, the system outage
probability is analyzed. In section IV, an optimization problem
of minimizing outage probability is formulated and solution
method is presented. In section V, the maximum coverage area
of the UAV is derived. In section VI, simulation results are
provided. In section VII, the conclusion is addressed.

II. SYSTEM MODEL

A. Network Model

As shown in Fig. 1, a UAV-aided wireless power transfer
and data collection network is considered, where multiple SNs
are deployed to monitor the environment. As the SNs are
energy-limited, which do not have enough energy to perform
computing and communication operations, a rotary-wing UAV
is employed to wirelessly charge them and then schedules
the SNs to upload their sensed data to the UAV, where the
time-division multiple access (TDMA) protocol is employed
to avoid the inter-user interference caused by data uploading
among multiple SNs. That is, only one SN is scheduled to
offload data within one time block, and the outage probability
for the scheduled SN to transmit data to the UAV will be
analyzed.

Moreover, the downlink WPT and the uplink data offloading
are performed over the same frequency band. Thus, in order to
avoid the interference between the WPT and data uploading,
the UAV firstly charges the SNs and then schedules one SN to
transmit data. Specifically, for a normalized time block with T
= 1s, the first interval of duration (1−ρ)T is assigned UAV to
charge the SN with ρ ∈ (0,1) being the time division scaling

factor, and the remaining interval of duration ρT is assigned
the SN to upload data to UAV.

A polar coordinate system is employed to describe the
horizontal positions of SNs and the UAV, where the plane
projection of the UAV is located at the pole of the polar
coordinate system, and the UAV’s coordinate is denoted as
(0, 0, hu) with the UAV hovering at an altitude hu of several
meters. The polar coordinates of the SN currently served by the
UAV is denoted as (gs, φs), where gs represents the distance
from the SN to the pole, and φs denotes the polar angle of the
SN. Besides, a disk area centered at the projection of the UAV
on the ground, denoted as O, is used to describe the coverage
area of the UAV. It is assumed that only when the SN located
within the disk area, it can be served by the UAV.

B. A2G Channel Model

As the UAV is usually dispatched to serve ground users in
the open suburban scenarios at an altitude of several meters,
the LoS links are likely to be established between the UAV
and the SNs. Therefore, the LoS-dominant channel model is
employed in this paper, which is characterized by two kinds
of channel fading, i.e., the large-scale path-loss fading and the
small-scale Rician fading. In this work, both the downlink and
the uplink channels are assumed to experience the large-scale
path loss fading and the independent and identically distributed
small-scale Rician fading, which can be modeled by

hus =
√
LusΩus, (1)

where Lus is the large-scale average channel power gain,
accounting for signal attenuation of the path loss, which is
given by

Lus = βd−αus
us , (2)

with β being channel gain parameter depending on anten-
na characteristics and average channel attenuation, dus =√

h2u + g2s being the distance between the UAV and SN, and
αus being the path loss exponent. Ωus is used to describe the
small-scale fading, which as mentioned previously, is modeled
by Rician distribution, following the weighted noncentral-χ2

distribution with two degrees of freedom and E[|Ωus|2] = 1.
Thus, the probability distribution function (PDF) of Ωus is [26]

fΩus(ϖ) = (Kus+1)e−Kus

Ω̄us
exp

(
−(Kus+1)ϖ

Ω̄us

)
I0

(
2
√

Kus(Kus+1)ϖ
Ω̄us

)
, ϖ ≥ 0,

(3)

where Kus is the Rician factor defined as the ratio of the power
in the LoS component to the power in the multipath scatters,
and I0(·) is the zero-order modified Bessel function of the
first kind. Particularly, when Kus = 0, (3) is reduced to an
exponential distribution indicating a Rayleigh fading channel;
when Kus → ∞, the channel converges to an additive white
Gaussian noise (AWGN) channel.

Moreover, in terms of (2), αus can be expressed by

αus =
LdB(dus)+βdB

10 log(dus)
, (4)

where LdB is the path loss in dB and βdB is the channel
power gain parameter at the reference distance of one meter in
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dB. It was reported that the path loss exponent αus decreases
as the UAV moves up [25]. In order to characterize the
angle-dependent path loss exponent, the A2G channel model
presented in [27] is adopted, so the path loss w.r.t the elevation
angle θs and dus in dB is given by

PL1(θs, dus) = (ηLoS − ηNLoS)PLoS(θs) + PLNLoS(dus),
(5)

where ηLoS and ηNLoS denote the excessive path losses of
the LoS propagation and the NLoS propagation from UAV
to the SN, respectively, and the LoS probability is mathe-
matical modeled by [28] PLoS(θs) = 1

1+a1e−b1(θs−a1) , and
PLNLoS(dus) = 20 log( 4πfcdus

c ) + ηNLoS, with fc being the
system frequency and c being the speed of light. By replacing
LdB(dus) with PL1(θs, dus), the angle-dependent path loss
exponent is further re-expressed by [24]

αus(θs) =
N∑

n=1

ηLoS−ηNLoS

10N log(dn)
PLoS(θs) +

N∑
n=1

PLNLoS(dus)+βdB

10N log(dn)

= a2 · PLoS(θs) + b2,
(6)

where a2 =
N∑

n=1

ηLoS−ηNLoS

10N log(dn)
and b2 =

N∑
n=1

PLNLoS(dus)+βdB

10N log(dn)
,

which are determined by environmental characteristics (e.g.,
suburban, urban, dense urban) and the system frequency, and
ηLoS, ηNLoS and PLNLoS(dus) can be obtained by real mea-
surement. From (6), it can be observed the angle-dependent
path loss exponent α(θs) includes the NLoS parameters, which
implies that our considered LoS-dominant channel model in
(2) is able to reflect both the LoS and NLoS propagation
effects of the A2G channel.

Moreover, according to [29], when the UAV communicates
with the SN at different altitudes, different Rician factors
should be adopted to efficiently characterize the A2G channel,
and Kus(θs) is modeled by an exponential function of θs, i.e.,

Kus(θs) = a3 · eb3θs , (7)

where the unit of θs in (7) is in radian, a3 and b3 are
environment and frequency dependent constant parameters
with a3 = k0 and b3 = 2

π ln(
kπ

2

k0
). k0 = Kus(0) and

kπ
2
= Kus(

π
2 ) are determined by measurements in a concrete

scenario [29]. It is a fact that a larger θs corresponds to a strong
LoS link while a smaller θs represents a severer multipath
conditions.

C. Energy Harvesting and Data Collection

In the downlink WPT phase with duration of (1− ρ)T , the
harvested energy at the SN is given by

ES = ηPu|hus|2(1− ρ)T, (8)

where η is the energy conversion efficiency of converting the
received RF signals into direct current (DC) signals for energy
harvesting, and Pu is UAV’s transmit power.

In the uplink phase with duration of ρT , the SN uploads
data to the UAV, the available transmit power of the SN to
upload data is

Ps = ηPu|hus|2
(

1−ρ
ρ

)
. (9)

Consequently, the instantaneous received SNR at the UAV is
given by

γsu = ηPu(1−ρ)
N0ρ

|hus|2|hsu|2, (10)

where N0 is the noise power, and hsu is the channel coefficient
from the SN to the UAV.

III. OUTAGE PROBABILITY ANALYSIS

For the considered UAV-aided wireless power transfer and
data collection network, the data uploading outage may occur
in both the energy harvesting phase and the data collection
phase. In the energy harvesting phase, when the harvested
energy is not enough to surpass the circuit activation threshold,
the uplink data uploading will not be started. In this case,
the information transmission outage may occur. In the data
uploading phase, when the received data rate at UAV falls
below a threshold Cth, the information outage will also occur.
Thus, the overall system outage probability is given by

Pout = P
(EH)
out + (1− P

(EH)
out )P

(Info)
out , (11)

where P
(EH)
out is used to describe the energy outage probability,

which is given by

P
(EH)
out = P (ES ≤ Eth)

= P
(
|Ωus|2 ≤ Ethdus

αus

ηPuβ(1−ρ)T

)
= 1−Q1 (x, yeh) ,

(12)

with  x =
√
2Kus, (13a)

yeh =
√

2(Kus+1)Ethdus
αus

ηPuβ(1−ρ)T , (13b)

and Q1(·) is the first order Marcum Q-function [26]. P (Info)
out

is used to describe the information outage probability, which
is given by

P
(Info)
out = P (ρ log2 (1 + γsu) ≤ Cth)

= P
(

β2ηPu(1−ρ)
N0dus

2αusρ
|Ωus|2 × |Ωsu|2 ≤ 2

Cth

ρ − 1

)
=
∫∞
0

P
[√

ηPu(1−ρ)
N0ρ

β
dus

αus |Ωus|2 ≤ 2
Cth
ρ −1
y

]
×

∂
∂y

(
P
[√

ηPu(1−ρ)
N0ρ

β
dus

αus |Ωsu|2 ≤ y

])
dy

= 1−
∫∞
0

Q1(
√
2Kus,

√
2(Kus+1)(2

Cth
ρ −1)dus

αus

yβ

√
N0ρ

ηPu(1−ρ) )

× ∂
∂y

[
1−Q1

(√
2Kus,

√
2(Kus+1)ydus

αus

β

√
N0ρ

ηPu(1−ρ)

)]
dy.

(14)
In order to provide some deep analytical insights on the system
outage performance, a tight exponential-type approximation
[30] is adopted to fit Q1(·), which is expressed by

Q1(a, b) ≈ exp(−eϕ(a)bφ(a)), (15)

where ϕ(a) and φ(a) have different expressions with different
values of a [30] and [31]. For example, when 10 ≤ a ≤ 8000,
the polynomial expressions of ϕ(a) and φ(a) can be given by
[31]

ϕ (a) ,− 3.0888×10−10a6 + 1.8362×10−7a5



5

− 3.7185×10−5a4 + 3.4103×10−3a3

− 0.1624a2 − 1.4318a+ 0.7409,

φ (a) ,5.1546×10−11a6 − 3.1961×10−8a5

+ 6.3859×10−6a4 − 5.4159×10−4a3

+ 1.9833×10−2a2 + 0.9044a+ 0.9439.

Lemma 1: With the tight exponential-type approximation
for Marcum Q-function in (15), the overall system outage
probability Pout is given by

Pout =
1 + 2Q1(x, yeh) ln (Q1(x, yinfo))K1 (−2 ln(Q1(x, yinfo))) ,

(16)
with

yinfo =

√
2(Kus+1)dus

αus

β

√
N0ρ(2

Cth
ρ −1)

ηPu(1−ρ) , (17)

and K1(·) being the first order modified Bessel function of
second kind.

Proof: The proof can be found in Appendix A.

IV. PROBLEM FORMULATION AND SOLUTION
METHODS

As the UAV can adjust its altitude to establish a better
communication link to the SN, the effect of elevation angle on
the outage probability is analyzed, which may provide some
useful insights on how to efficiently deploy UAVs. Moreover,
a smaller TS factor ρ indicates that a longer time is allocated
to the SNs for EH and the less time is remained for data
uploading, while a larger TS factor ρ indicates that the SNs
are assigned more time to upload data but may not harvest
enough energy due to the less remaining time, which implies
that there is a trade-off between EH and data uploading.
In order to achieve the best trade-off, the TS factor ρ is
required to be optimized to yield the minimum overall system
outage probability. To this end, an optimization problem is
formulated to minimize the system outage probability via
optimizing UAV’s elevation angle θs and TS factor ρ, which
is mathematically given by

PA : min
{θs,ρ}

Pout

s.t. C1 : θmin ≤ θs ≤ θmax,

C2 : 0 ≤ ρ ≤ 1,

where C1 indicates the maximum and the minimum elevation
angle constraints, and C2 means the TS factor is constrained
within the range of (0, 1).

Due to the presence of highly non-linear terms and the
coupling variables of θs and ρ in Pout, problem PA is non-
convex, which is difficult to tackle. Therefore, an AO-based
algorithm with GS-based linear search method is proposed,
which is able to find a good optimal solution. Specifically,
PA is divided into two subproblems to optimize θs and ρ
separately and iteratively, where GS-based method is used to
find the optimal solution of each subproblem.

A. Optimizing θs with given ρ

With a given ρ, the outage probability Pout is non-convex
of θs. However, it is found that Pout is pseudoconvex in θs in
the feasible region defined by C1, which is addressed in the
following Lemma.

Lemma 2: The outage probability Pout is a pseudo-convex
function of UAV’s elevation angle θs.

Proof: The proof can be found in Appendix B.
As a result, the analytical expression of the optimal θs for
minimizing Pout can be obtained.

Lemma 3: The optimal θ∗s of problem PA for minimizing
the outage probability is given by

(θ∗s , ν
∗
1 , ν

∗
2 ) =

(θs,c, 0, 0), θmin ≤ θs,c ≤ θmax,

(θmax, ν1,B , 0), θmin ≤ θmax ≤ θs,c,

(θmin, 0, ν2,B), θs,c ≤ θmin ≤ θmax,

(18)

where the critical point θs,c can be calculated in terms of√√
N0ρ(2

Cth
ρ −1)

ηPu(1−ρ)β2

[
gs

cos(θs,c)

]αus(θs,c)
[

K
′
(θs,c)

K(θs,c)+1+

α
′

us ln(
gs

cos(θs,c)
) + αus(θs,c) tan(θs,c)

]
= A+2

A2+2
K

′
(θs,c)

K(θs,c)+1 ,

(19)
with A = ( Eth

2

ηPu(1−ρ)N0ρ(2
Cth
ρ −1)

)
1
4 , and the Lagrange multi-

pliers ν1,B and ν2,B are respectively given by

ν1,B =
[
2Q1(xmax,Aymax)zmaxK0(zmax)

Q1(xmax,ymax)
∂Q1(xmax,ymax)

∂θs

+∂Q1(xmax,Aymax)
∂θs

zmaxK1(zmax)
]
.

(20)

and

ν2,B = −
[
2Q1(xmin,Aymin)xminK0(zmin)

Q1(xmin,ymin)
∂Q1(xmin,ymin)

∂θs

+∂Q1(xmin,Aymin)
∂θs

zminK1(zmin)
]
.

(21)

Proof: The proof can be found in Appendix C.
It is observed that, due to the presence of highly non-linear
terms in (19), it is not possible to obtain the explicit analytic
solution for θs,c. Thus, the GS-based linear search technique
[34] is adopted to find the critical point θs,c by numerically
solving (19). For clarity, the presented GS-based method is
summarized in Algorithm 1, where the function fθ used in
the method is defined as

fθ =

√√
N0ρ(2

Cth
ρ −1)

ηPu(1−ρ)β2

[
gs

cos(θs)

]αus
[

K
′
(θs)

K(θs)+1+

α
′

us ln(
gs

cos(θs)
) + αus tan(θs)

]
− A+2

A2+2
K

′
(θs)

K(θs)+1 .

(22)

B. Optimizing ρ with given θs

It is observed that constraint C2 is affine, which defines a
convex set S w.r.t ρ, and C2 is kept implicit because it will
be never satisfied at strict equality. Therefore, the minimal
outage probability Pout in PA over S can be obtained by letting
∂Pout

∂ρ = 0 due to the pseudo-convexity of Pout in ρ, which is
stated in Lemma 4.
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Algorithm 1 GS-based method for finding the optimal θ∗s
1: Initialize δ = 0.618, θl = 0, θu = 89.9◦, set Fθ = |fθ|, θs,l

= θl + (1-δ)(θu− θl), θs,u = θu - (1-δ)(θu− θl), compute
Fl = Fθ(θs,l) and Fu = Fθ(θs,u).

2: repeat
3: if Fl ≤ Fu then
4: θu = θs,u, θs,u = θs,l, Fu = Fl, θs,l = θl + (1-δ)(θu−

θl), Fl = Fθ(θs,l)
5: else
6: θl = θs,l, θs,l = θs,u, Fl = Fu, θs,u = θu - (1-δ)(θu−

θl), Fu = Fθ(θs,u)
7: end if
8: until |θu − θl| ≤ ε is met;
9: Output θ∗s = θu+θl

2 .

Lemma 4: The outage probability Pout in PA is pseudocon-
vex in ρ, and the optimal ρ∗ is approximately given by

( Eth

ηPu(1−ρ) )
B = G

B
2 −1

2
N0

ηPu

(
2

Cth
ρ Cth ln 2(1−ρ)−ρ(2

Cth
ρ −1)

ρ(1−ρ)

)
.

(23)
Proof: The proof can be found in Appendix D.

Similar to (19), there is no explicit analytic expression for
ρ∗. Thus, the GS-based method in Algorithm 1 also can be
adopted to find the optimal ρ∗ by numerically solving (23).

For a special case, when the energy threshold is extremely
small, the impact of energy on the system outage probability
can be neglected. As a result, the optimal TS factor ρ∗info to
problem PA is presented by the following Lemma.

Lemma 5: With Eth =
ηPuβ(1−ρ)[Q−1

1 (
√
2Kus,1)]

2(Kus+1)dus
αus , the opti-

mal ρ∗info is given by

ρ∗info = Cth ln 2

1+Cth ln 2+W(−e−Cth ln 2−1)
, (24)

where W(χ) is the Lambert W function with W(χ)eW(χ) =
χ.

Proof: The proof can be found in Appendix D.

C. Joint optimization of θs and ρ

It is noticed that Pout is pseudoconvex in θs with fixed ρ,
which is proved in Appendix B, and Pout is pseudoconvex
in ρ with fixed θs, which is proved in Appendix D. Thus,
according to the concept of bi-pseudoconvexity shown in the
definition 1 [38], Pout in PA is bi-pseudoconvex of θs and ρ
over a bi-convex set defined by the constraints C1 and C2.

Definition 1: A function f(x, y) with x ∈ X and y ∈ Y ,
defined over a bi-convex set B ⊂ X × Y , is called a bi-
pseudoconvex if upon fixing x = x̄, fx(y) = f(x̄, y) is
pseudoconvex over Y , and fixing y = ȳ, fy(x) = f(x, ȳ)
is pseudoconvex over X .

Proposition 1: The presented Algorithm 2 is able to find
the global optimal solution to problem PA.

Proof: Since the outage probability function is bi-
pseudoconvex w.r.t the elevation angle and TS factor over
a bi-convex set as analyzed previously, according to [39],
the proposed AO-based algorithm is able to find the optimal
solution.

Algorithm 2 AO-based algorithm for finding optimal θ∗s and
ρ∗ of Pout

1: Set iteration index i ← 0, and iteration tolerace ξ ≥ 0;
2: repeat
3: The GS-based linear search technique is applied to solve

(19) for obtaining the optimal θ∗s with ρ(i);
4: Update θ

(i+1)
s = θ∗s ;

5: The GS-based linear search technique is applied to solve
(23) for obtaining the optimal ρ∗ with θ

(i+1)
s ;

6: Update ρ(i+1) = ρ∗;
7: Compute P

(i+1)
out by using θs

∗ and ρ∗, i = i + 1;
8: until the stopping criterion |P (i+1)

out −P
(i)
out|

P
(i)
out

≤ ξ is met;
9: Obtain optimal solutions: θ∗s , ρ∗.

D. Complexity analysis of the proposed algorithm
The proposed Algorithm 2 runs in an iterative manner. Let

Nc be the iteration number for finding the optimal solution,
and in each iteration, the GS-based method is executed to find
the optimal elevation angle θ∗s and the optimal TS factor ρ∗

in step 3 and step 5, respectively. For the GS-based method,
only a sum, a comparison and a rounding are executed,
and the feasible region is narrowed by ratio (1 − δ), where
δ denotes the golden section ratio. As such, the iteration

number of the GS-based method is about
⌈

log
(

ε[i]
su[i]−sl[i]

)
log(δ)

⌉
,

with i = 1 indicating that the optimal θs is found in step
3, and i = 2 indicating that the optimal ρ is found in step
5, where ε[i] denotes the maximum tolerance, [sl[i], su[i]]
denotes the initial search interval with sl[i] being the lower
bound and su[i] being the upper bound, and ⌈·⌉ returns the
smallest integer greater than or equal to its numeric argument.
As a result, the overall computational complexity of the
proposed solution approach is approximately on the order of

O

(
Nc

(⌈
log

(
ε[1]

su[1]−sl[1]

)
log(δ)

⌉
+

⌈
log

(
ε[2]

su[2]−sl[2]

)
log(δ)

⌉))
.

V. MAXIMUM COVERAGE AREA

In the multi-SN scenarios, multiple SNs desire to be well
covered and served by the UAV. Since different altitudes
of the hovering UAV yields different coverage results and
efficiency, the optimal altitude of UAV is expected to be
found to maximize the coverage under the constraint of the
predefined tolerable outage probability of the SNs. That is, if
Pout(hu, Rus) ≤ Pth, the reliable A2G link can be established
between the UAV and the SN, which is within the circle area
with the radius of Rus, where Pth denotes the tolerable outage
probability threshold; Otherwise, the information transmission
outage between the SN and the UAV may occur. Thereby, for
a given altitude hu, the boundary of the UAV’s coverage area
implies that

Pout(hu, Rus) = Pth, (25)

where Rus is the coverage radius. In order to maximize the
coverage range, an optimization problem is formulated, which
is given by

PB :max
{θs}

Rus
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s.t. C1 : θmin ≤ θs ≤ θmax.

Since {
hu = dus sin(θs), (26a)
Rus = dus cos(θs), (26b)

with dus =
[

βyinfo
2

(x2+2)
√
G2

] 1
αus and G2 = N0ρ(2

Cth
ρ −1)

ηPu(1−ρ) , solving
problem PB lies in finding the analytical expression between
yinfo and x, which is stated in Lemma 6.

Lemma 6: For a given x =
√
2Kus, the relationship be-

tween yinfo and x is given by

yinfo =


y0e

(
A+2

A2+2

)
x2

4 , x ≤ xc

( A+2
A2+2 )x−

3 ln
(

x
(A+2)x+(A2+2)c

)
2(A2+2)c + c,

x ≥ xc ∧ c ̸= 0
( A+2
A2+2 )x +

3
2(A+2)x , x ≥ xc ∧ c = 0,

where xc is the intersection of the sub-functions.
Proof: The proof can be found in Appendix E.

Lemma 7: The coverage radius ln(Rus) in PB is pseudo-
concave in θs, and the optimal θ∗s is given by

(θ∗s , λ
∗
1, λ

∗
2) =

(θcovs , 0, 0), θmin ≤ θcovs ≤ θmax,

(θmax, λ1, 0), θmin ≤ θmax ≤ θcovs ,

(θmin, 0, λ2), θcovs ≤ θmin ≤ θmax,

(27)

where the critical point θcovs can be calculated based on the
following equation

2x
′
(

A+2
(A+2)x+(A2+2)c −

1
x

)
=

α
′

us ln(dus(θ
cov
s )) + αus(θ

cov
s )) tan(θcovs ),

(28)

with x
′

and α
′

us indicating the derivative functions w.r.t θs.
Proof: The proof can be found in Appendix F.

VI. SIMULATION RESULTS

In this section, some simulation results are provided to
evaluate the obtained analytical results and the presented
optimization schemes. The impact of network parameters on
the overall system outage probability are also discussed via
simulations. The simulation settings are similar to [20], [24]
and [31], and the detailed parameter settings are summarized
in Table I.

Fig. 2 shows that the analytical results of the overall system
outage probability obtained in terms of Lemma 1 are in a
good conformity with the simulation results obtained by Monte
Carlo method for different UAV’s altitudes. Moreover, it is
observed that there exists an optimal UAV’s altitude h∗

u that
minimizes the outage probability. When hu increases within
the range of [hu, h

∗
u], the gain brought by decreasing path loss

exponent αus and the increasing Rician factor Kus is more
significant than the loss caused by the increased link length,
so the overall system outage probability is reduced. However,
when hu exceeds h∗

u, the loss caused by the increased link
length may be larger than the gain caused by the reduced path

TABLE I: Simulation Parameters

Parameters Notation Values
The transmit power of UAV Pu 30 dBm
The channel power gain β0 -20 dB
The system noise power N0 −110 dBm
Rician factors related parameters k0 5 dB
Rician factors related parameters kπ

2
15 dB

Path loss exponent related parameters a2 -1.5
Path loss exponent related parameters b2 3.5
UAV-ground channel parameters a1 0.136 dB
UAV-ground channel parameters b1 11.95 dB
Energy harvesting efficiency η 0.8
Time period T 1 s
Data rate threshold Cth 1 bit/s/Hz
Energy activation threshold limit Eth 10−6 Watt
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Fig. 2: Outage probability versus UAV’s altitude.

loss αus and the increased Rice factor Kus with increasing
hu, which results in deteriorating the overall system outage
probability. Besides, with UAV located at the same altitude,
the farther the SN’s location is, the larger the overall system
information outage probability is.

Fig. 3 shows the analytical results of the overall system
information outage probability versus the system TS factor.
Moreover, it can be seen that as ρ increases, the overall
information outage probability initially decreases and then in-
creases, showing the existence of an optimum ρ∗ for achieving
the minimum overall system outage probability. Besides, the
smaller the energy threshold Eth is, the smaller the overall
outage probability is, and the less time allocated for energy
harvesting, which leads to a larger ρ for data uploading.

Fig. 4 depicts the overall system outage probability versus
the UAV’s altitude and TS factor ρ in a 3-D pattern. It
can be observed that the overall system outage probability is
pseudoconvex w.r.t UAV’s altitude and TS factor, respectively,
which is consistent with Lemma 2 and Lemma 4 and there
is a unique optimum UAV’s altitude h∗

u and an optimal TS
factor ρ∗ to minimize the outage probability, which is marked
by the red point in Fig. 4.

Fig. 5(a) depicts the analytical solution of θ∗s obtained by
Lemma 2, which closely matches the exact value obtained by
the Monte Carlo method. It is shown that the larger the SN’s
location gs is, the smaller the UAV’s elevation angle is. The
reason may be that when gs is relatively small, a relatively
large UAV’s elevation angle results in the reduction of αus and
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Fig. 3: Outage probability versus TS factor ρ.
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the increment of Kus, which bring more performance gain to
the communication over A2G channels. When gs is relatively
large, the communication link length has a dominant impact
on the overall system outage probability. In this case, the per-
formance gain brought by the reduced path loss exponent αus

and the increased Rician factor Kus becomes less noticeable
than the performance loss caused by increased link length.
Fig. 5(b) depicts the optimal ρ∗ obtained by Lemma 4 versus
Eth, which closely matches the exact value obtained by Monte
Carlo method. It shows that when the energy threshold Eth

is relatively small, the TS factor ρ∗ is approximately equal to
the optimal solution obtained by Lemma 5. Moreover, with
the increment of Eth, the TS factor ρ decreases, since in this
case the SN requires more time to harvest energy to trigger
its data uploading.

Fig. 6 plots the outage probability obtained by the proposed
Algorithm 2 with different initial parameter settings. It can be
seen that Algorithm 2 has a good convergence behavior and it
is able to converge to the global optimal solution obtained by
the exhaustive search with different initial parameter settings,
which is consistent with Proposition 1.

Fig. 7 plots the overall system outage probability versus
the energy threshold Eth with four schemes, where the scheme
with fixed ρ and θs is denoted as Benchmark I, and the scheme
with ρ optimized and UAV’s elevation angle fixed is denoted
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Fig. 5: The analytical solution of θ∗s and ρ∗ versus the Monte
Carlo simulation.
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Fig. 6: Outage probability versus different initial parameters
of TS factor.

as Benchmark II, and the scheme with θs optimized and ρ
fixed is denoted as Benchmark III, and the scheme with ρ and
θs jointly optimized is denoted as AO-(our proposed), which
is achieved by the AO-based algorithm. The performance gap
between AO and Benchmark I demonstrates the gain brought
by joint optimization of TS factor and UAV’s elevation angle,
and the performance gap between AO and Benchmark II
demonstrates the gain brought by optimizing UAV’s elevation
angle, and the performance gap between AO and Benchmark
III demonstrates the gain brought by optimizing TS factor.
It shows that the joint optimization scheme fully exploits
the advantages of optimizing ρ and θs, which enables more
efficient RF-EH and WIT, achieving the minimal overall
system outage probability. Moreover, the performance gain
gap firstly increases and then decreases with the increment of
energy threshold, since there is no more gain can be obtained
when the energy threshold is relatively large.

Fig. 8 depicts the overall system outage probability versus
the UAV’s transmit power Pu obtained by the aforementioned
four schemes. It can be observed that as Pu increases, the
overall system outage probability decreases, where however
the declining rate gradually becomes slow. Moreover, our
presented AO scheme always achieve the lowest overall system
outage probability than other three benchmark ones.

Fig. 9 plots the overall system outage probability versus the
rate threshold Cth obtained by the four different schemes. It
is observed that as Cth increases, the overall system outage
probability increases, where AO scheme achieves the lowest
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outage probability than other three benchmark ones. Moreover,
when the Cth is relatively small, the system performance gain
obtained by optimizing ρ is relatively large, which results in
the overall system outage probability of Benchmark II being
better than that of Benchmark III, while however, when Cth is
relatively large, the optimization of θs has a more significant
impact on the system performance.

Fig. 10 plots the outage probability versus the UAV’s
altitude, where the results obtained by our proposed design
and two benchmarks, i.e., Benchmark I and Benchmark II are
compared. Benchmark I represents the design of the angle-
dependent path loss exponent with fixed Rician factor, and
Benchmark II represents the design of the angle-dependent Ri-
cian factor with fixed path loss exponent. It is observed that the
outage probability of the three designs first decreases and then
increases with the increment of the UAV altitude. Moreover,
our proposed design achieves the minimal outage probability,
because in our proposed design, the angle-dependent Rician
factor and the angle-dependent path loss exponent are both
taken into account, which leads to a higher UAV altitude for
fully exploiting the gains brought by decreasing path loss
exponent and increasing Rician factor in terms of reducing
the outage probability.

Fig. 11 depicts the optimal θs and ρ versus rate threshold
Cth, energy threshold Eth and UAV’s transmit power Pu.
It shows that the optimal θs decreases with the increment
of Cth and Eth, because a lower θs leads to a shorter
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0 20 40 60 80 100
UAV altitude (m)

10-3

10-2

10-1

100

O
ut

ag
e 

pr
ob

ab
ili

ty

Adaptive (K  & )

Benchmark I (fixed-K & )

Benchmark II (K  & fixed- )

Performance gap caused by  
angle-dependent path loss exponent

Performance gap caused by angle-dependent
 Rician factor
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communication link length with given SN’s location, such
that the outage probability can be minimized. Moreover, the
optimal θs increases with the increment of transmit power
Pu, because when the system resource is enough, it tends to
strive more benefit of increased Rician factor and decreased
pass loss exponent bringing by a larger θ for minimizing the
outage probability. That is, a larger Cth and Eth or a lower Pu

corresponds to a smaller θs to minimize the outage probability,
which indicates that the effect of communication link length on
the outage probability is more significant than that of Rician
factor and path loss exponent. Additionally, as Cth and Pu

increase, the optimal TS factor ρ increases, but as Eth increase,
the optimal ρ decreases.

Fig.12 shows that there exists two different θs to achieve the
same coverage radius before arriving at the optimum UAV’s
elevation angle to maximize the coverage area. Because a
smaller UAV’s elevation angle with less gain of increased
path loss exponent and reduced Rice factor may lead to a
shorter communication link. On the contrary, a larger UAV’s
elevation angle with more gain of reduced path loss exponent
and increased Rice factor may lead to a longer communication
link. Therefore, there is an optimal equilibrium point to find
the optimal elevation angle to maximize the coverage area.
Besides, when the UAV’s elevation angle and TS factor are op-
timized, the system coverage performance can be maximized
as marked by the red circle in Fig. 12.
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Fig. 12: Coverage radius versus UAV’s altitude and TS factor.

Fig. 13 depicts the maximum coverage area of the UAV with
different tolerable outage probability threshold Pth. It can be
observed that a smaller tolerable outage probability threshold
Pth leads to a more stringent reliability link constraint, which
reduces the coverage radius of the UAVs communication.
Moreover, the larger the tolerable outage probability threshold
Pth is, the larger the coverage radius is, and the smaller
the UAV’s elevation angle is. Because the impact of the
communication link length on the outage probability becomes
greater with the increment of coverage radius, and a smaller
UAV’s elevation angle can slightly compensate for the severe
losses caused by the increased link length and yield a larger
coverage radius.

Fig. 14(a) depicts the UAV’s maximum coverage radius ver-
sus rate threshold Cth. It shows that the larger the Cth is, the
smaller the achievable coverage radius is, which implies that
the scope of high-quality communication services provided by
the UAV is limited. It is noticed that in Fig.14(b), as the Cth

increases, the optimal elevation angle θs for maximizing the
coverage radius decreases. The reason may be that when the
communication quality requirement is stringent, to ensure that
the outage probability is lower than a tolerable threshold, a
smaller elevation angle is necessary to reduce the link length
and maximize the coverage radius, which is consistent with
Fig.11. Moreover, a larger coverage radius can be obtained
with a smaller Cth, which corresponds to a larger θs. As
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the performance gain brought by increased Rician factor and
decreased path loss exponent with a larger θs can be relatively
fully exploited and compensate for the loss caused by the
increased link length, which is able to ensure the outage
probability lower than the tolerable threshold.

VII. CONCLUSION

This paper studied the TDMA-aware UAV-aided wireless
power transfer and data collection network, where one SN
was scheduled to be served by the UAV in one transmission
block. An optimization problem was formulated to minimize
the overall outage probability between the scheduled SN and
the UAV by optimizing UAV’s elevation angle and the TS
factor. Since the problem is non-convex and has no known
solution, an AO-based algorithm with GS-based linear search
method was proposed to find the global optimal solution.
Besides, in order to explore the maximum coverage area of
the UAV for a given tolerable outage probability, another
optimization problem was also formulated to maximize the
coverage range by optimizing UAV’s elevation angle. By using
KKT conditions, the closed-form solution of the optimal ele-
vation angle was derived. Monte Carlo simulations verify the
accuracy of the derived closed-form expression of the overall
outage probability and the semi-closed-form expressions of the
optimum UAV’s elevation angle and TS factor. It indicates that
there exist a unique optimum UAV’s elevation angle and the
TS factor to achieve the minimum system outage probability,
and significant performance gain can be obtained by using
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our proposed optimization scheme. The developed theoretical
results can be useful to the design of UAV-aided wireless
communication systems with WPT. Besides, the trajectory
design of the UAV across multiple time slots with the outage
probability and coverage probability constraints is really an
interesting and open issue, which will be investigated in future.

APPENDIX A
THE PROOF OF LEMMA 1

Firstly, by letting x =
√
2Kus, G =

2(Kus+1)dus
αus

β

√
N0ρ

ηPu(1−ρ) and B = φ(x)
2 , and using the

approximation in (15) one has

P
(Info)
out = 1−

∫ ∞

0

exp(−eϕ(x)(G(2
Cth
ρ −1)
y )B)×

∂

∂y

[
1− exp

(
−eϕ(x)(Gy)B

)]
dy

= 1−
∫ ∞

0

exp(−eϕ(x)(G(2
Cth
ρ −1)
y )B)×

exp
(
−eϕ(x)(Gy)B

)
(eϕ(x)BGByB−1)dy

= 1− eϕ(x)GB

∫ ∞

0

exp(−eϕ(x)GB( (2
Cth
ρ −1)B

yB + yB))dyB

= 1− 2eϕ(x)GB(2
Cth
ρ − 1)

B
2

K1

(
2eϕ(x)GB(2

Cth
ρ − 1)

B
2

)
= 1− 2eϕ(x)yinfo

φ(x)K1

(
2eϕ(x)yinfo

φ(x)
)
, (29)

where yinfo =

√
2(Kus+1)dus

αus

β

√
N0ρ(2

Cth
ρ −1)

ηPu(1−ρ) . With the

approximation in (15) reused, one has − ln(Q1(x, y)) ≈
eϕ(x)yφ(x) and P

(Info)
out is reexpressed by

P
(Info)
out = 1 + 2 ln (Q1(x, yinfo))K1 (−2 ln(Q1(x, yinfo))) .

And then, the system outage probability Pout is expressed by

Pout = P
(EH)
out + (1− P

(EH)
out )P

(Info)
out

= 1 + 2Q1(x, yeh) ln (Q1(x, yinfo))K1 (−2 ln(Q1(x, yinfo))) .

Thus, the proof is completed.

APPENDIX B
THE PROOF OF LEMMA 2

Here the pseudoconvexity of Pout in θs is proved. Firstly,
the definition of pseudoconvex function is stated as follows.

A differentiable function f : Rn → R, defined on a convex
set S, is called pseudoconvex if ∀x, y ∈ S with x ̸= y
and ▽f(x)T (y − x) ≥ 0 ⇒ f(y) ≥ f(x) [32]. And, a
pseudoconvex function f has a similar property as in convex
functions, which states that, if ∃ a critical point, i.e., ▽f(x̄)
= 0, then x̄ is a global minimum point. As unimodality of a
single variable function is equivalent to its pseudoconvexity,
and then if a function is unimodal in θs over the convex set,
it is also a pseudoconvex function of θs [33].

Next we aim to find the critical point of Pout by solving
∂Pout

∂θs
= 0. By introducing a intermediate variable A to

represses the relationship between yeh and yinfo, we have

yeh =

(
Eth

2

ηPu(1−ρ)N0ρ(2
Cth
ρ −1)

) 1
4

yinfo = A yinfo.

With a little abuse of notations, by defining u = Q1 (x, yinfo)
and z = −2 ln(u) and Pout is reexpressed by

Pout = 1−Q1(x,Ayinfo)zK1 (z) .

Following multivariable chain rule differentiation, the negative
first derivative of Pout is given by

− ∂Pout

∂θs
=

Q1(x,Ayinfo)
∂[zK1(z)]

∂z
∂[z]
∂u

∂[u]
∂θs

+ ∂Q1(x,Ayinfo)
∂θs

zK1(z).

Following [31], one has{
Kv−1(z) = − v

zKv(z)−K
′

v(z), (30a)
∂[zK1(z)]

∂z = K1(z) + zK1

′
(z) = −zK0(z). (30b)

Thus, by letting ∂Pout

∂θs
= 0, with lim

z→∞
K1(z)
K0(z)

= 1 we have

2Q1(x,Ayinfo)zK0(z)
Q1(x,yinfo)

∂Q1(x,yinfo)
∂θs

+ ∂Q1(x,Ayinfo)
∂θs

zK1(z) = 0,

− 2Q1(x,Ayinfo)
∂Q1(x,yinfo)

∂θs
= Q1 (x, yinfo)

∂Q1(x,Ayinfo)
∂θs

.
(31)

From [24] and [36], one sees that

Q1(x, y) = e−
x2+y2

2 I0(xy), (32a)
∂Q1(x,y)

∂θs
= ∂Q1(x,y)

∂x
∂x
∂θs

+ ∂Q1(x,y)
∂y

∂y
∂θs

, (32b)

∂Q1(x,y)
∂x = ye−

x2+y2

2 I1(xy), (32c)
∂Q1(x,y)

∂y = −ye−
x2+y2

2 I0(xy). (32d)

By substituting (32a), (32b), (32c) and (32d) into (31), one
has

− 2I0(xAyinfo)
(
I1(xyinfo)

∂x
∂θs
− I0(xyinfo)

∂yinfo

∂θs

)
= I0(xyinfo)

(
AI1(xAyinfo)

∂x
∂θs
−A2I0(xAyinfo)

∂yinfo

∂θs

)
⇒ (A2 + 2)I0(xAyinfo)I0(xyinfo)

∂yinfo

∂θs
=

(AI1(xAyinfo)I0(xyinfo) + 2I1(xyinfo)I0(xAyinfo))
∂x
∂θs

⇒ ∂yinfo

∂θs
=
(

A
A2+2

I1(xAyinfo)
I0(xAyinfo)

+ 2
A2+2

I1(xyinfo)
I0(xyinfo)

)
∂x
∂θs

, (33a)

With x =
√

2K(θs), one has ∂x
∂θs

= K
′
(θs)
x , where K

′
(·)

indicates the derivative function of K(·). Moreover, according
to the definition of yinfo in (17) we have

2 ln(yinfo) =

ln(Kus + 1) + αus ln(
gs

cos(θs)
) + ln

(
2

√
N0ρ(2

Cth
ρ −1)

ηPu(1−ρ)β2

)
,

(34)
where dus =

gs
cos(θs)

. The derivative of yinfo w.r.t θs yields

∂yinfo

∂θs
= yinfo

2

[
K

′
(θs)

K(θs)+1 + α
′

us ln(
gs

cos(θs)
) + αus tan(θs)

]
.

(35)
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Assuming that xyinfo is large enough, the following approxi-
mation is obtained [37],

I1(xy)
I0(xy)

= 1− 1
2xy −

1
8(xy)2 +O[(xy)

−3
] ∼= 1. (36)

And then, we have

∂yinfo

∂θs
=
(

A
A2+2 (1−

1
2xAyinfo

) + 2
A2+2 (1−

1
2xyinfo

)
)

K
′
(θs)
x

≈ A+2
A2+2

K
′
(θs)
x .

(37)
Finally, by bringing (35) and (37) into (33a), the critical point
of Pout in θs can be found in the following implicit equation√√

N0ρ(2
Cth
ρ −1)

ηPu(1−ρ)β2

[
gs

cos(θs)

]αus
[

K
′
(θs)

K(θs)+1+

α
′

us ln(
gs

cos(θs)
) + αus tan(θs)

]
=
(

A+2
A2+2

)
K

′
(θs)

K(θs)+1 .

(38)

By denoting the solution to (38) as θcs, one have that
∂Pout

∂θs
|(θs=θc

s)
= 0. The feasible set of θs is [0, π/2]. When

θs = π/2, gs
cos(θs)

and tan(θs) go infinity, it leads to that the
left side of (38) is larger than the right side and ∂Pout

∂θs
|(θs=π

2 ) ≥
0. When θs = 0, tan(θs) approaches 0 and α

′

us is a small nega-
tive number, which leads to ∂Pout

∂θs
|(θs=0) ≤ ∂Pout

∂θs
|(θs=θc

s)
≤ 0.

Besides, f1 = gs
cos(θs)

, f2 = tan(θs) and f3 = α
′

us are
increasing functions of θs. In this case, although f4 = αus

is a decreasing function of θs, the decrement rate of f4 is
much smaller than 1 as the denominator of f4 is larger than
1, f1 and f2 increase from a relatively small value to ∞
as θs increases within [0, π

2 ], so the decrement rate of f4
is much slower than the increment rates of f1 and f2. As
a result, the left side of (38) is an increasing function of θs. If
θs ≥ θs,c, then ∂Pout

∂θs
≥ 0; otherwise, ∂Pout

∂θs
≤ 0, which proves

the pseudoconvexity of Pout. Additionally, the simulation
results in Fig. 2 also implies that the outage probability is
a pseudoconvex function of hu.

APPENDIX C
THE PROOF OF LEMMA 3

The objective function in PA to be minimized is pseudo-
convex in θs, constraint C1 is affine, the optimal θ∗s can be
obtained by solving KKT conditions. With ν1 and ν2 being
the Lagrange multipliers for constraints C1, the Lagrangian
function of PA is given by

ζθ(ν1, ν2, θs) = Pout + ν1(θs − θmax) + ν2(θmin − θs).

The following KKT conditions are solved to find KKT points
(θ∗s , ν

∗
1 , ν

∗
2 ), 

ν∗1 , ν∗2 ≥ 0, (39a)
ν1(θs − θmax) = 0, (39b)
ν2(θmin − θs) = 0, (39c)
∂ζθ
∂θs

= 0. (39d)

When ν1 = 0 and ν2 = 0, the critical point θs,c can be found in
the implicit equation of (38). When θs,c ≥ θmax, one have that
θ∗s = θmax. And with xmax = x(θmax), ymax = yinfo(θmax),

zmax = z(θmax), we have ν1,B = −∂Pout(θmax)
∂θs

, which is
given by

ν1,B =
[
2Q1(xmax,Aymax)zmaxK0(zmax)

Q1(xmax,ymax)
∂Q1(xmax,ymax)

∂θs

+∂Q1(xmax,Aymax)
∂θs

zmaxK1(zmax)
]
.

(40)

When θs,c ≤ θmin, one has θ∗s = θmin. As a result, we have
ν2,B = ∂Pout(θmin)

∂θs
, which is given by

ν2,B = −
[
2Q1(xmin,Aymin)xminK0(zmin)

Q1(xmin,ymin)
∂Q1(xmin,ymin)

∂θs

+∂Q1(xmin,Aymin)
∂θs

zminK1(zmin)
]
.

(41)

As Pout is pseudoconvex in θs, there is a unique critical point
θs,c, which satisfies that

∂Pout

∂θs

{
≤ 0, if θs ≤ θs,c
≥ 0, if θs,c ≤ θs

which matches the non-negativity of the Lagrange multipliers
ν1,B and ν2,B .

APPENDIX D
THE PROOF OF LEMMA 4 AND LEMMA 5

Here, we prove the pseudo-convexity of the outage prob-
ability Pout in ρ with given θs. Firstly, with Q1(a, b) ≈
exp

(
−eϕ(a)bφ(a)

)
, one has

P
(EH)
out = 1− exp(−eϕ(x)XB), (42a)

P
(Info)
out = 1− G1G

B
2
2 K1(G1G

B
2
2 ), (42b)

Pout = 1− exp(−eϕ(x)XB)G1G
B
2
2 K1(G1G

B
2
2 ), (42c)

where B = φ(x)
2 , X =

(
2(Kus+1)Ethdus

αus

ηPuβ(1−ρ)T

)
, G1 =

2eϕ(x)
(

2(Kus+1)dus
αus

β

)B
and G2 = N0ρ(2

Cth
ρ −1)

ηPu(1−ρ) . By letting

G = G1G
B
2
2 , the derivative of Pout w.r.t ρ is derived by

− ∂Pout

∂ρ =

∂ exp(−eϕ(x)XB)
∂ρ GK1 (G) +

∂[GK1(G)]
∂G

∂[G]
∂ρ exp(−eϕ(x)XB)

= exp(−eϕ(x)XB)(−eϕ(x)BXB−1 ∂X
∂ρ )GK1 (G)+

[K1(G) + GK1

′
(G)]B2 G1G

B
2 −1

2
∂[G2]
∂ρ exp(−eϕ(x)XB).

(43)
Let ∂Pout

∂ρ = 0, we have

(−eϕ(x)BXB−1 ∂X
∂ρ )GK1 (G) = GK0(G)

B
2 G1G

B
2 −1

2
∂[G2]
∂ρ

⇒ −K1(G)
K0(G)

XB−1 ∂X
∂ρ =

(
2(Kus+1)dus

αus

β

)B
G

B
2 −1

2
∂[G2]
∂ρ

(44)
With lim

z→∞
K1(z)
K0(z)

= 1, we have

( Eth

ηPu(1−ρ) )
B = G

B
2 −1

2
N0

ηPu

(
2

Cth
ρ Cth ln 2(1−ρ)−ρ(2

Cth
ρ −1)

ρ(1−ρ)

)
,

(45)
where the solution of (45) is denoted as ρc. It is noticed
that ρ(1− ρ)( Eth

ηPu(1−ρ) )
B is an increasing function of ρ, and
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G
B
2 −1

2 (Cth ln 2(1− ρ)− ρ)
(
(2

Cth
ρ − 1)

)
+ Cth ln 2(1 − ρ)

decreases with ρ. If ρ ≥ ρc, then ∂Pout

∂ρ ≥ 0, otherwise
if ρ ≤ ρc, then ∂Pout

∂ρ ≤ 0. As unimodality of a single
variable function is equivalent to its pseudoconvexity, the
pseudoconvexity of Pout in ρ has been proved. At the same,
the simulation in Fig. 3 also implies that the outage probability
is a pseudoconvex function of ρ.

For the special case that energy threshold is small enough,
the energy-constrained outage probability can be ignored, i.e.,

P
(EH)
out = 1−Q1

(√
2Kus,

√
2(Kus+1)Ethdus

αus

ηPuβ(1−ρ)T

)
= 0,

where the energy threshold obtained by solving P
(EH)
out = 0

is Eth =
ηPuβ0(1−ρ)[Q−1

1 (
√
2Kus,1)]

2(Kus+1)dus
αus . And then, the optimal

TS factor ρ∗info for minimizing the rate-constrained outage

probability is obtained by solving ∂P
(Info)
out

∂ρ = 0, i.e.,

∂P
(Info)
out

∂ρ = ∂[GK1(G)]
∂G

∂[G]
∂ρ = 0, (46a)[

K1(G) + GK1

′
(G)
]

B
2 G1G

B
2 −1

2
∂[G2]
∂ρ = 0, (46b)

2
Cth
ρ Cth ln 2(1−ρ)−ρ(2

Cth
ρ −1)

[
B
2 G1G

B
2

−1

2 ]−1[GK0(G)]−1ρ(1−ρ)2
= 0. (46c)

The solution of (46c) is

ρinfo =
Cth ln 2

1 + Cth ln 2 +W (−e−Cth ln 2−1)
, (47)

where W(χ) is the Lambert W function with W(χ)eW(χ) =
χ. Thus, the proof for Lemma 5 is completed.

APPENDIX E
THE PROOF OF LEMMA 6

On the coverage boundary of the UAV, the outage probabil-
ity satisfies that Pout = Pth, and its derivative w.r.t x yields

− ∂Pout

∂x

= Q1(x,Ayinfo)
∂[zK1(z)]

∂z
∂[z]
∂u

∂[u]
∂x + ∂Q1(x,Ayinfo)

∂x zK1(z).

By letting ∂Pout

∂x = 0, with lim
z→∞

K1(z)
K0(z)

= 1 and ∂Q1(x,y)
∂x =

∂Q1(x,y)
∂x + ∂Q1(x,y)

∂y
∂y
∂x , we have

∂yinfo

∂x =
(

A
A2+2

I1(xAyinfo)
I0(xAyinfo)

+ 2
A2+2

I1(xyinfo)
I0(xyinfo)

)
, (48)

where the derivation process is similar to the proof for Lemma
2 in Appendix B. Based on [37], for small x, we have

In(xy) ≈ (xy2 )n, n = {0, 1}, (49)

Then (48) is rewritten as ∂yinfo

∂x =
(

A+2
A2+2

)
xyinfo

2 , which is the
first order differential equation with the solution of

yinfo = y0e

(
A+2

A2+2

)
x2

4 , (50)

where y0 is the value of yinfo at x = 0. And y0 can be obtained
from the following equation

1 + 2Q1(0,Ay0) ln (Q1(0, y0))K1 (−2 ln(Q1(0, y0))) = Pth.
(51)

From [26], one sees that Q1(0, y0) = e−
y0

2

2 , and then (51) is
simplified to

e−
(Ay0)2

2 y0
2K1

(
y0

2
)
= 1− Pth. (52)

When x is large, according to (36), the (48) is rewritten as

∂yinfo

∂x = A
A2+2 (1−

1
2xAyinfo

) + 2
A2+2 (1−

1
2xyinfo

) ≈ A+2
A2+2 .

(53)
Thus, one has

yinfo =
(

A+2
A2+2

)
x + c1. (54)

By bring (54) into (53), one has

∂yinfo

∂x = A+2
A2+2 −

3(A+2)
2(A2+2)c1

(
1

(A+2)x −
1

(A+2)x+(A2+2)c1

)
,

Therefore, taking the integral of the above equation obtains

yinfo = ( A+2
A2+2 )x−

3
2(A2+2)c1

[
ln
(

x
(A+2)x+(A2+2)c1

)]
+ c2.

(55)
It is noted that as x → ∞, from (55) we have that yinfo =
( A+2
A2+2 )x+c2. Combing with (54), one can obtain c1 = c2 , c.

When c = 0, we re-compute yinfo by bringing yinfo =(
A+2
A2+2

)
x into (53). Thus, we have ∂yinfo

∂x = A+2
A2+2−

3
2(A+2)x2 ,

which has the solution of

yinfo = ( A+2
A2+2 )x +

3
2(A+2)x . (56)

Consequently, the relationship between yinfo and x is summa-
rized as

yinfo =


y0e

(
A+2

A2+2

)
x2

4 , x ≤ xc

( A+2
A2+2 )x−

3 ln
(

x
(A+2)x+(A2+2)c

)
2(A2+2)c + c,

x ≥ xc ∧ c ̸= 0
( A+2
A2+2 )x +

3
2(A+2)x , x ≥ xc ∧ c = 0

where xc is the intersection of the sub-functions. For
x ≫ 1, which results in x ≥ xc, it can be seen that
3 ln

(
x

(A+2)x+(A2+2)c

)
2(A2+2)c and 3

2(A+2)x can be neglected, and then
we have

yinfo ≈ ( A+2
A2+2 )x + c. (57)

In order to determine c, one can find that x → ∞ results in
yinfo = ( A+2

A2+2 )x + c→∞, and y ≫ y − ( A+2
A2+2 )x. By using

the asymptotic relationship between the generalized Marcum
Q-function and the Gaussian Q-function [35], one can have
that Q1(x, y) ≈ Q(y − ( A+2

A2+2 )x) ≈ Q(c), then we have

1 + 2Q(c) log(Q(c))K1(−2 log(Q(c))) = Pth. (58)

Thereby, c can be obtained by solving (58).

APPENDIX F
THE PROOF OF LEMMA 7

By using the relationship between x and yinfo shown in
Lemma 6, we aim to find the critical point of Rus by solving
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∂Rus

∂θs
= 0, and the derivative of ln(Rus) is given by

∂ ln(Rus(θs))
∂θs

=
∂ ln

[(
βyinfo

2

(x2+2)
√

G2

) 1
αus

cos(θs)

]
∂θs

= ∂
∂θs

 ln

(
β√
G2

)
+2 ln

(
(
A+2
A2+2)x+c

)
−ln(x2+2)

αus

− tan(θs)

=
2x

′( A+2

(A+2)x+(A2+2)c
− x

x2+2

)
αus−α

′
usαus ln(dus)

α2
us

− tan(θs).

By letting ∂ ln(Rus(θs))
∂θs

= 0, the optimal θs to maximize the
coverage radius can be found in the following equation

2x
′
(

A+2
(A+2)x+(A2+2)c −

x
x2+2

)
= αus tan(θs) + α

′

us(θs) ln(dus(θs)).
(59)

where the solution of (59) is denoted as θs,c, i.e.,
∂ ln(Rus)

∂θs
|(θs=θs,c) = 0. The feasible set of θs is [0, π/2]. When

θs = π/2, tan(θs) goes infinity, which leads to that the right
side of (59) is larger than left side and ∂ ln(Rus)

∂θs
≤ 0. And then

when θs = 0, the right side of (59) takes the minimum value,
which leads to ∂ ln(Rus)

∂θs
|(θs=0) ≥ ∂ ln(Rus)

∂θs
|(θs=θs,c) ≥ 0.

It is noticed that the right side of (59) is an increasing
function and the left side of (59) is a decreasing function,
therefore, one have that if θs ≥ θs,c, then ∂ ln(Rus)

∂θs
≤ 0;

otherwise, if θs ≤ θs,c, then ∂ ln(Rus)
∂θs

≥ 0, which proves the
pseudoconcavity of ln(Rus) in θs.

With λ1 and λ2 being the Lagrange multipliers for the maxi-
mum and minimum elevation angle constraints, the Lagrangian
function of problem PB is given by

ζB(λ1, λ2, θs) = ln(Rus)− λ1(θs − θmax)− λ2(θmin − θs).

The following KKT conditions are solved to find KKT points
(θ∗s , λ

∗
1, λ

∗
2), 

λ∗
1, λ∗

2 ≥ 0, (60a)
λ1(θs − θmax) = 0, (60b)
λ2(θmin − θs) = 0, (60c)
∂ζB
∂θ∗s

= 0. (60d)

When λ1 = 0 and λ2 = 0, the critical point θs,c to maximize
the coverage radius can be obtained by solving ∂ ln(Rus)

θs
= 0,

which is given in (59). When θs,c ≥ θmax, one have that θ∗s =
θmax and λ1 = ∂ln((Rus(θmax))

∂θs
. When θs,c ≤ θmin, one have

that θ∗s = θmin. and λ2 = −∂ln(Rus(θmin))
∂θs

. As ln(Rus) is a
pseudoconcave function in θs, there is a unique critical point
θs,c, which satisfies that

∂ln(Rus)
∂θs

{
≥ 0, if θs ≤ θs,c
≤ 0, if θs,c ≤ θs

which matches the non-negativity of the Lagrange multipliers
λ1 and λ2. The proof of Lemma 7 is completed.
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