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Abstract—Aerial unmanned vehicles (UAVs) play a significant role in improving the connectivity and coverage of terrestrial

communication networks. However, UAV-assisted air-to-ground (A2G) data transmissions usually encounter several fundamental

challenges, such as terminal mobility, random nature in channel fading and contention, resource constraints, and application-specific

transmission requirements. To tackle these challenges, we formulate a bi-level optimization problem that jointly considers the control

of the UAV mobility and transmission power and the scheduling of A2G data transmissions. The objective is to optimize energy

consumption and maximize A2G transmission reliability. Particularly, we first theoretically characterize the A2G transmission reliability

from a probabilistic perspective concerning the effects of channel fading, channel access contention, and application requirements.

We then derive a closed-form expression for the optimal expected transmission reliability. Using the closed-form reliability, we transform

the bi-level optimization into a mathematically-tractable optimal control problem and propose an efficient iterative algorithm to solve it.

Simulation results show that our approach provides a comprehensive improvement in terms of both energy utilization and A2G

transmission reliability, in particular, with a reduction of more than 12.1% in energy consumption and an increase of 7.53% in reliability

on average, compared to several baselines.

Index Terms—Air-to-ground communication, data transmission scheduling, trajectory design, unmanned aerial vehicle

Ç

1 INTRODUCTION

THE successful deployment of aerial-ground cooperative
networks (AGCNs) relies on high-performance aerial

platforms such as aerial unmanned vehicles (UAVs). In par-
ticular, UAV-assisted air-to-ground (A2G) transmissions
are crucial for AGCN applications, such as remote sensing,
aerial Internet of Things (IoT), and aerial computing. UAV-
assisted A2G data transmissions need to adapt to highly
dynamic topologies, account for inherent randomness in
the physical-layer channel, and meet application-specific

deadline and integrity requirements. However, several sig-
nificant challenges are to be addressed for the practical real-
ization of UAV-assisted A2G data transmissions. These
challenges arise from the complicated constraints on both
the kinematics and energy resource of a UAV, application-
layer transmission requirements, stochastic channel fading,
and stochastic multi-user access contention. More critically,
the AGCN network should provide A2G transmission reli-
ability guarantees in terms of satisfaction of application
deadline and data integrity requirements.

Energy efficiency is one of the most important optimiza-
tion goals in UAV-assisted communication and networking
systems. Thus, it has been widely investigated in the recent
literature. Currently, many researchers are engaged in
designing various energy-efficient UAV-assisted networks
by jointly optimizing UAV trajectory and some other deci-
sion-making factors such as transmission power and bit
allocation [1], [2], [3], [4]. In addition to the energy efficiency
of the network, the reliability of data transmission links is
another significant design goal. To be specific, the commu-
nication reliability can be usually represented by the possi-
bility that a node can complete data transmissions by a
required deadline [5]. That is, the application data should
be fully transmitted from a source to a destination to guar-
antee the integrity of application representation in the appli-
cation layer. Fragmented data cannot be effectively used by
upper-layer applications. Due to the dynamic and stochastic
nature of A2G channels, the issue of unreliable data trans-
missions (incurring data fragmentation) tends to be even
more severe in UAV-assisted networks. In this regard, the
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reliability-oriented A2G transmission optimization poses a
great challenge to the practical realization of a UAV-assisted
network.

Despite the presence of many high-quality research works
in the context of joint UAV trajectory and resource optimiza-
tion, limited efforts have been dedicated to the joint optimiza-
tion of kinematic control and reliability-guaranteed
communication of the UAV. Besides, since the A2G channel
not only involves a stochastic fading process but also
depends on the time-varying relative distance between a
UAV and a ground node, the probability that a UAV suc-
ceeds in transmitting all the required data to the ground
node within a restricted time duration is inherently coupled
with the channel fading characteristics and theUAVmobility
control. The exogenous factors, including the total data load
and the given transmission period, also affect the success
probability of A2G data transmission completion. However,
due to the above factors, it remains unexplored that how to
characterize the UAV-assisted A2G transmission reliability
from a probabilistic perspective and how to join the reliability
factor and the energy efficiency into an optimization frame-
work for a UAV-assisted network.

Toward this end, we investigate a UAV-assisted A2G
network in this paper, where a UAV needs to fly from an
initial position to a specified terminal point under a
sequence of autonomous acceleration control inputs. The
UAV acts as an aerial mobile sensor offloading its applica-
tion or massive sensor data to several ground base stations.
The goal of the aerial autonomous system is to minimize its
energy consumption in motion and communication mean-
while maximizing the reliability of A2G data transmissions.
To achieve this goal, we propose a joint optimization frame-
work that incorporates the UAV mobility control and data
transmission scheduling. In particular, we jointly control
the acceleration input and transmission power of the UAV
and schedule A2G data transmissions during its flight,
meanwhile satisfying the boundary conditions of the trajec-
tory and the deadline and integrity requirements of the data
transmissions. To tackle the problem, we theoretically char-
acterize the expected A2G data transmission reliability and
propose a bi-level optimization model. Additionally, we
derive a closed-form expression for the maximum expected
reliability and transform the non-convex problem into a
mathematically-tractable one. We also propose an efficient
iterative optimization. We compare our method with other
typical methods to show its effectiveness and superior per-
formance. Specifically, the main novel contributions of the
paper are as follows:

� We formulate a bi-level optimization model to mini-
mize the motion and communication energy con-
sumption of the UAV in the upper layer and
maximize the A2G transmission reliability in the
lower layer. Different from most of the recent litera-
ture, we take into account controlling the UAV’s
mobility and transmission power and scheduling its
data transmissions at the same time.

� We theoretically characterize the UAV-assisted A2G
transmission reliability from a probabilistic perspec-
tive regarding the effects of Non-Line-of-Sight (NLoS)
channel fading, stochastic channel contention, and

application-specified deadline and integrity restric-
tions. We derive a closed-form expression for the
optimal expected A2G transmission reliability and
incorporate it into an �-constraint to transform the bi-
level optimization model into a mathematically-trac-
table optimal control model. The obtained model
enables the practical design and implementation of
optimization algorithms.

� Wepropose an efficient iterative algorithm by combin-
ing a direct multi-shooting approach and a successive
convex approximation technique. We theoretically
prove the convergence and complexity of the pro-
posed algorithm. Simulation results also demonstrate
that the proposed method provides a remarkable
improvement in both energy utilization and transmis-
sion reliability.

The rest of our paper is as follows. We review related
works in Section 2. We present the overall system model
and formulate the problem in Section 3. In Section 4, we pro-
pose a joint optimization method and analyze the conver-
gence and the computational complexity of the proposed
method. Simulation results are provided to validate our
method in Section 5. Finally, Section 6 concludes the paper
and remarks our future work.

2 LITERATURE REVIEW

Recently, a wide variety of joint resource allocation and tra-
jectory optimization schemes have been developed for
enabling UAV-assisted communications and networking.
For instance, M. Li et al. aim to maximize the energy effi-
ciency of a UAV-assisted edge computing system and pres-
ent a successive convex approximation (SCA) approach to
jointly optimize the trajectory of a UAV, the transmission
power of ground users, and computation load allocation [3].
From considerable recent literature [6], [7], [8], [9], [10], [11],
[12], [13], [14], [15], [16], the SCA technique is witnessed as
a powerful tool to solve various complicated non-convex
joint optimization problems. For example, the SCA tech-
nique is combined with a problem-based decomposition
scheme to address the joint optimization of the power allo-
cation and trajectory of a UAV and the communication
scheduling of ground vehicles in [6]. [7] considers a mobile
edge computing system consisting of a UAV and a vehicle
platoon and proposes an SCA-based iterative optimization
algorithm to maximize the system computation rate. Since it
is usually difficult or even impossible to solve a general
non-convex optimization problem, many researchers pro-
pose different decomposition schemes. That is, they first
decompose joint optimization problems into several subpro-
blems, where a part of decision variables are fixed while the
rest are optimized, and then exploit SCA-based techniques
such as [8], [9], [10], [11]. In some other works such as [12],
researchers integrate wireless information and power trans-
fer (SWIFT) into UAV-enabled sensor networks and
develop geometry-based optimization algorithms to deter-
mine the suboptimal UAV trajectory. In [13], the SCA tech-
nique is combined with some combinational optimization
schemes, such as the cutting-plane method, to find the opti-
mal uploading power of ground sensors and the optimal
hovering position of a UAV. In [14], a neighborhood search
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technique applied for the well-known traveling salesman
problem (TSP) and convex optimization are combined to
jointly optimize the UAV hovering locations, communica-
tion durations, and trajectory. The goal is to minimize the
whole energy consumption of the UAV. Other successful
cases of the SCA-based joint optimization approach can also
be founded in the cellular-connected UAV networks [15],
[16]. Additionally, the SCA technique is combined with a
block alternating descent scheme to solve the problem of
joint trajectory and resource optimization in UAV-assisted
networks [17], [18]. Although there already exist a wide
variety of SCA-based schemes to tackle the joint design and
optimization problem of UAV trajectory, computing, and
communication, few studies provide deep insights into the
reliability-oriented optimization, in particular, the theoreti-
cal characterization of data transmission reliability from a
probabilistic perspective.

Another promising direction that currently sees much
activity is dealing with joint optimization problems of
UAV-enabled edge computing and communication with
policy optimization- or learning-based techniques, e.g.,
Deep Reinforcement Learning (DRL) that models a system
problem as a kind of sequential decision-making process
following a Markovian property [4], [19], [20], [21], [22],
[23], [24], [25], [26]. For example, L. Wang et al. combine
DRL with a block coordinate descent scheme to minimize
the overall energy consumption of ground mobile users,
in which the users’ association, resource allocation and
multiple UAVs’ trajectories are treated as joint optimiza-
tion variables [19]. A. Al-Hilo et al. exploit policy optimi-
zation techniques to maximize the overall throughput of a
UAV-assisted network, in which their joint solution for
the trajectory and power allocation of UAVs is repre-
sented by a policy [20]. In [21], S. Xu et al. combine the K-
means cluster algorithm and DRL technique to jointly
design the trajectories of multiple UAVs. DRL in the
multi-agent settings, i.e., multi-agent deep reinforcement
learning, is also employed for optimization of multiple
UAVs’ trajectories, computation offloading policies, and
power allocation [22], [23]. Even though DRL provides a
powerful technique to approximate near-optimal policies
in stochastic dynamic environments, such a paradigm
that depends on carefully-tuned deep neural networks
encounters some inherent challenges such as high training
cost and sensitivity to both hyperparameters and initial
conditions. Therefore, different DRL techniques (e.g.,
deep Q-learning, deep deterministic policy gradient
(DDPG), and advanced actor-critic algorithms like A2C
and A3C) are usually integrated into other optimization
architectures, such as mixed-integer nonlinear program-
ming [24], coverage maximization [25], dynamic spatial-
temporal configuration [4], and alternative iterative
optimization [26]. However, from the point of view of
practical applications with UAVs, there still are many
issues to be addressed for various DRL-based UAV sys-
tems, among which convergence efficiency, scalability,
and physical satisfaction significantly affect the practical
deployment of DRL in the real world.

Due to network resource constraints, concurrent data
transmissions from multiple UAVs and ground users usu-
ally incur serious channel contention. To realize resource

allocation in the multi-node competition context, many
researchers propose novel optimization approaches based
on game theory [27], [28], [29], [30]. In these works, a Nash
equilibrium strategy is treated as their system solution that
aims to achieve the global fairness in resource allocation
among ground and aerial nodes [29]. Besides, different
game-theoretical models are also developed, such as a
coalition formation game model [27], a fuzzy payoffs
game [28], and a stochastic game [29]. The game-theoretical
approaches are promising tools to tackle the large-scale
resource management problem in UAV networks, but it is
still a challenge to map a multi-variable joint optimization
problem into a game formulation.

Different from the literature mentioned above, many
works focus on the development of approximation algo-
rithms for the optimization of UAV deployment [31], [32],
[33], [34]. In [31], [32], W. Xu et al. propose a constant factor
approximation algorithm to search for the minimum num-
ber of UAVs deployed to find their data collection tours that
can guarantee the information freshness. In [32], a similar
approximation algorithm is presented to maximize the
throughput of a multi-UAV network in a disaster area.
Indeed, different variants of the constant factor approxima-
tion algorithm are applied to tackle the problem of collabo-
rative data collection and fine-grained trajectory planning
of multiple UAVs [33] and that of UAVs’ placement for
directional coverage in a three-dimension space [34]. None-
theless, the fundamental problem of multi-UAV cooperative
trajectory planning to meet the spatially-temporally distrib-
uted demands of end-users is usually intractable due to its
extremely large search space. Thus, some other works
model a directed acyclic graph of a UAV-state transition
diagram and transform the problem into a linear integer
program that can be addressed by using an approximation
algorithm [35]. [36] transforms the min-max problem into
a dynamic program problem to minimize the worst-case
deployment delay of UAVs. In this way, the optimal
deployment solution for UAVs is obtained by using a poly-
nomial-time approximation algorithm. In [37], the multi-user
multiple-input-multiple-output (MU-MIMO) technique is
considered in a UAV-enabled network, and a sensor-assisted
channel prediction algorithm and a rate adaptation algorithm
are combined to enhance the uplink throughput. In [38],
UAV-to-UAV communications are integrated with UAV-to-
network communications. The joint optimization of multi-
UAV sub-channel allocations and speeds is decomposed into
several subproblems, such that the subproblems are solved
by using an iterative optimization algorithm. However, lim-
ited research efforts have been made on theoretically charac-
terizing the UAV-assisted A2G transmission reliability,
accounting for the A2G channel and application-layer
requirement satisfaction. Few works consider optimizing the
UAV’s mobility while properly scheduling data transmis-
sions to improve energy utilization and communication reli-
ability simultaneously.

3 SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, we consider a UAV, denoted by U ,
that would like to transmit its massive sensor data to sev-
eral ground base stations (BSs) in a heavily built-up
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urban environment.1 The set of BSs is denoted by D. For
control modeling, we divide the time horizon into a
series of slots, each with a duration of Dt seconds. t 2 Zþ
is used to denote the index of time slots, where Zþ
denotes the set of positive integers, i.e., Zþ ¼ f1; 2; 3; . . .g.
To account for the transmission deadline and content
integrity of an application, we introduce two parameters
to characterize the application requirements, T and Q.
Here, T denotes the maximal number of time slots that
can be exploited by the application to send its data. That
is, the application transmission must be completed dur-
ing T time slots. Q is the total application data to be off-
loaded from the UAV to the ground BSs during the
limited time slots. The UAV needs to properly partition
the whole Q-bit data into a sequence of smaller pieces
and transmit each data piece in each time slot. Thus, a
data transmission scheduling solution is represented by
fxðtÞ; t ¼ 1; 2; . . . ; Tg where xðtÞ � 0 denotes the data bits
to be sent in slot t and each scheduling solution should
satisfy the integrity constraint, i.e.,

PT
t¼1 xðtÞ ¼ Q.

3.1 UAV Mobility Model

The time-varying position of the UAV in time slot t is repre-
sented by a three-dimension Cartesian coordinate vector
lllllllðtÞ ¼ ½lxðtÞ; lyðtÞ; lzðtÞ�T, where x, y and z denote the longitu-
dinal, latitudinal and height components, respectively. The
velocity and acceleration of the UAV are represented by vvvvvvvðtÞ
and aaaaaaaðtÞ, respectively. The bound constraints on vvvvvvvðtÞ and
aaaaaaaðtÞ are denoted by V ¼ ½vvvvvvvmin; vvvvvvvmax� and A ¼ ½aaaaaaamin; aaaaaaamax�,
respectively, where vvvvvvvmin and vvvvvvvmax are the allowable mini-
mum and maximum velocities of the UAV, and aaaaaaamin and
aaaaaaamax are the minimum and maximum accelerations. We use
a time-discrete second-order model to describe its mobility

lllllllðtþ 1Þ ¼ lllllllðtÞ þ DtvvvvvvvðtÞ þ ðDtÞ22 aaaaaaaðtÞ;
vvvvvvvðtþ 1Þ ¼ vvvvvvvðtÞ þ DtaaaaaaaðtÞ

(
; (1)

for t ¼ 1; 2; . . . ; T . In (1), we treat aaaaaaaðtÞ as the control input of
the UAV during its flight, which should be optimized to
adapt the UAV’s mobility. Additionally, the motion state of
the UAV at t can be represented by sssssssðtÞ ¼ ½lllllllðtÞ; vvvvvvvðtÞ�T. The
kinematic model of the UAV is rearranged into a state-space
form as follows

sssssssðtþ 1Þ ¼ AAAAAAAsssssssðtÞ þBBBBBBBaaaaaaaðtÞ; (2)

where AAAAAAA and BBBBBBB are the coefficient matrix of the state and of
the control, respectively,

AAAAAAA ¼ IIIIIII3�3 DtIIIIIII3�3
00000003�3 IIIIIII3�3

� �
; BBBBBBB ¼ 0:5Dt2IIIIIII3�3

DtIIIIIII3�3

� �
; (3)

where IIIIIII3�3 denotes a 3� 3 identity matrix while 00000003�3 is a
3� 3 zero matrix. In reality, the UAV usually has a specific
initial state and a terminal state as the boundary conditions
on its trajectory. Let sssssss0 and sssssssf be the initial and terminal
states, respectively. We can present the boundary con-
straints by sssssssð1Þ ¼ sssssss0 and sssssssðT þ 1Þ ¼ sssssssf . Additionally, we
can calculate the relative distance between the UAV and the
base station in close proximity by

dðtÞ ¼ min
i2D

lllllllðtÞ � lllllllBSi

�� ��
2
; (4)

where lllllllBSi
is the position of the ith base station, i 2 D.

3.2 A2GChannel and Transmission Reliability Model

Similar to [3], we consider an orthogonal access channel for
A2G transmissions and the data rate can be formulated by

pðtÞ ¼ B

N
log 2 1þ pðtÞg2A2GðtÞ

s2

� �
; (5)

where B is the total available bandwidth, pðtÞ is the trans-
mission power, and s2 is the average noise power. g2A2GðtÞ
denotes the channel gain. N denotes the total number of
users accessing the same channel at the same time.

According to the recent literature [39], [40], [41], Non-
Line-of-Sight (NLoS) propagation usually dominates the
channel in a heavily built-up urban area where there are
many obstacles, such as high-rise buildings and trees, that
can scatter the radio signal. In these situations, the channel
fading can be well described by the Rayleigh distribution. In
this study, we focus on the heavily built-up urban environ-
ment as the UAV deployment scenario and thus exploit the
Rayleigh distribution to characterize the channel fading.2

1. It is remarked that we consider only a single UAV in the network
scenario as in many of the related works mentioned in Section 2. How-
ever, it is also an appealing and potential direction to take into account
multiple UAVs for aerial-ground cooperative networks. Some high-
quality works in this direction can be found in [22], [31], [33], [38]. The
trajectory optimization of multiple UAVs in [22], [31], [33], [38] mainly
follows a centralized optimization paradigm, which may result in high
computational complexity. Indeed, some new challenging problems
will also arise in multi-UAV networks, such as distributed cooperation
of multiple UAVs and distributed trajectory optimization in the
absence of central control infrastructure. Specifically, it is challenging
to coordinate the behavior of multiple UAVs in terms of distributed
control and optimization under a set of physical constraints. Hence,
how to tackle this challenge under a joint optimization framework is
left as a significant future direction to extend our work.

2. We remark that it is also possible to establish a Line-of-Sight (LoS)
propagation channel between the UAV and the ground node by prop-
erly adjusting the UAV altitude in reality. In such LoS propagation situ-
ation, we can use the Rician distribution model to characterize the
stochastic channel fading, and thus the A2G transmission reliability
can still be extended to incorporate the stochastic characteristics of LoS
channel by using a weighted probabilistic modeling approach [1], [15],
[42], [43]. In addition, since the state-space mobility model given in (2)
provides the position and velocity of the UAV, the relative altitude and
the elevation angle of the UAV can also be calculated by using the UAV
position information, which can be further exploited to evaluate the
occurrence probabilities of both LoS and NLoS channels like [1], [15],
[42], [43]. That is, the different cases of LoS and NLoS channels will not
alter our methodology here. However, as shown in References [41],
[44], [45], the Rayleigh fading model is suitable for the low-altitude
crowded region. Here, we mainly consider the situation of low-altitude
UAV mobility, which is also a common case in reality when the flight
height of the UAV is restricted due to the limitation of its aerodynamic
capacity and energy resource. Besides, as in the current literature [1],
[2], [3], [10], [11], [14], [16], [17], [46], the UAV trajectory is usually fixed
at a constant altitude and the UAV trajectory optimization is operated
in the 2-dimension plane. The underlying reason is that fixing the flight
height of the UAV can avoid unnecessary energy consumption in alti-
tude motion. Hence, we resort to the Rayleigh model to capture the
influence of the heavily built-up urban environment on the low-altitude
UAV signal propagation. We need to point out that it is worth consider-
ing probabilistic links of both LoS and NLoS channels as in [15], [42]. It
remains an open question how to analytically represent the A2G com-
munication reliability with probabilistic LoS and NLoS fading compo-
nents. We consider this issue an important research direction to extend
our reliability model in the future.
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The random channel gain g2A2GðtÞ follows an exponential dis-
tribution with the parameter dbðtÞ where b is the path loss
exponent. Therefore, the probability that xðtÞ-bit data can be
successfully transmitted by the UAV at time slot t can be for-
mulated by [5]

Prob pðtÞ � xðtÞ
Dt

� �
¼ exp � 2

xðtÞN
BDt � 1

qðtÞ dbðtÞ
8<:

9=;; (6)

where qðtÞ ¼ pðtÞ=s2 denotes the normalized tranmission
power. Let the upper and the lower bounds on the power
be pmin and pmax, respectively. The bound constraint for qðtÞ
is then qðtÞ 2 P ¼ ½pmin=s

2; pmax=s
2�. Now, we further define

the A2G transmission reliability as the possibility that the
UAV can successfully send the overall Q-bit data over T
time slots, i.e., the success probability of transmission com-
pletion,

R qqqqqqq; aaaaaaa; xxxxxxx;Nð Þ ¼
YTA2G

t¼1
exp � 2

xðtÞN
BDt � 1

qðtÞ dbðtÞ
8<:

9=;; (7)

where for brevity we let the power control, the mobility
control and the data transmission scheduling solutions
be qqqqqqq ¼ ½qð1Þ; qð2Þ; . . . ; qðT Þ�T, aaaaaaa ¼ ½aaaaaaað1Þ; aaaaaaað2Þ; . . . ; aaaaaaaðT Þ�T and
xxxxxxx ¼ ½xð1Þ; xð2Þ; . . . ; xðT Þ�T, respectively.

Additionally, we take into account the random character-
istics of the concurrent channel access. In other words, the
number of channel users, N , is indeed a random variable,
which can be modeled by using a Poisson point process
like [47]. Let the average channel access number be �n. The
probability ofN users sharing the same channel can be

fNðnÞ ¼ �nn

n!
expð��nÞ: (8)

Based on (8), we can further have the expected reliability as

�RUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ ¼
Xnmax

n¼1
fNðnÞR qqqqqqq; aaaaaaa; xxxxxxx;N ¼ nð Þ; (9)

where nmax denotes the allowed maximum number of chan-
nel access users. It is remarked that the allowed maximum
number of channel access users, nmax, is indeed a system
parameter, which can be pre-specified according to the
channel capacity. The channel access users can be mobile
users on the ground who are allowed to share the same
channel with the flying UAV.

3.3 Energy Consumption Model

The energy consumed by the UAV is mainly dominated by
two parts, one of which is the motion energy consumption
and the other is the communication energy consumption.
According to [3], the motion energy consumption can be
approximated by

EmotðtÞ ¼ u1 vvvvvvvðtÞk k3þ u2

vvvvvvvðtÞk k 1þ aaaaaaaðtÞk k2
g2

 !
; (10)

in which u1 and u2 are two constants about the aerodynam-
ics profile of the UAV. g represents the acceleration of grav-
ity, which is 9:8m=s2. In addition, the communication
energy consumption is EtransðtÞ ¼ pðtÞDt. Thus, the overall
energy consumption of the UAV over the time slots is

EUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ ¼
XTA2G

t¼1
EmotðtÞ þ EtransðtÞ½ �: (11)

3.4 Joint Optimization Model

In general, the acceleration control and transmission power
of the UAV explicitly determine the overall energy con-
sumption in mobility and communication. The data trans-
mission scheduling of the UAV determines the success
probability of data transmissions and should be adapted
according to the temporal-spatial position information and
transmission power of the UAV. Besides, the acceleration
control and transmission power of the UAV can also affect
the A2G transmission reliability since the channel quality is
heavily dependent on the UAV’s mobility and transmission
power. Therefore, energy utilization should allow for a
communication reliability guarantee. We incorporate the
A2G transmission reliability-oriented optimization into the
optimization of UAV energy utilization. To jointly control
the UAV mobility and transmission power meanwhile
guaranteeing the A2G transmission reliability, we propose
a bi-level optimal control model as follows

min
qqqqqqq;aaaaaaa;xxxxxxx

EUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ (12a)

max
qqqqqqq;aaaaaaa;xxxxxxx

�RUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ (12b)

s.t.
XT
t¼1

xðtÞ ¼ Q; xðtÞ � 0; t ¼ 1; . . . ; T ; (12c)

sssssssðtþ 1Þ ¼ AAAAAAAsssssssðtÞ þBBBBBBBaaaaaaaðtÞ; t ¼ 1; . . . ; T ; (12d)

qðtÞ 2 P; aaaaaaaðtÞ 2 A; vvvvvvvðtÞ 2 V; t ¼ 1; . . . ; T ; (12e)

sssssssð1Þ ¼ sssssss0; sssssssðT þ 1Þ ¼ sssssssf : (12f)

In (12), the upper-level objective (12a) is to minimize the
overall energy consumption while the lower-level (12b)
aims to maximize the expected A2G transmission reliability.
(12c) represents the constraint on the data transmission
deadline and integrity. (12d) characterizes the kinematics of
the UAV. (12e) and (12f) denote the bound and the terminal
constraints, respectively. In general, it is difficult or even
impossible to solve the bi-level model directly. Thus, in the
following, we will further transform the bi-level model into
a mathematically-tractable one and propose an efficient
solving algorithm.

Fig. 1. A typical UAV-assisted A2G transmission network.
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4 JOINT OPTIMIZATION METHOD

4.1 Model Transformation

Let the feasible region for data transmission scheduling be
X ¼ fxxxxxxx : xxxxxxxT1111111 ¼ Q; xxxxxxx � 0g where 1111111 denotes a column vector
whose elements are all 1. When aaaaaaa and qqqqqqq are treated as exoge-
nous parameters for the lower-level optimization model
maximizing the reliability objective �RUAVðqqqqqqq; aaaaaaa; xxxxxxxÞ with
respect to xxxxxxx, we derive the following results

Theorem 1. Given qqqqqqq and aaaaaaa, suppose that there exists an interior
feasible optimal point xxxxxxx�ðqqqqqqq; aaaaaaaÞ 2 intðXÞ such that

xxxxxxx�ðqqqqqqq; aaaaaaaÞ 2 argmax
xxxxxxx

�RUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ

s:t:
XT
t¼1

xðtÞ ¼ Q;

xðtÞ � 0; t ¼ 1; . . . ; T: (13)

The optimal expected A2G transmission reliability under
xxxxxxx�ðqqqqqqq; aaaaaaaÞ can be expressed as follows

�R�UAV qqqqqqq; aaaaaaað Þ

¼
Xnmax

n¼1
fNðnÞexp

PT
t¼1 d

bðtÞ � T2
nQ

TBDt
QT

t¼1 d
bðtÞ

� �1
T

qðtÞ

8><>:
9>=>;: (14)

Proof. In fact, given qqqqqqq and aaaaaaa, to solve an optimal data sched-
uling solution xxxxxxx�ðqqqqqqq; aaaaaaaÞ from (13) is equivalent to solving
the following minimization problem for all n

min
xxxxxxx

F ðxxxxxxxÞ ¼
XT
t¼1

dbðtÞ2xðtÞnBDt

s.t. xxxxxxx 2 intðXÞ: (15)

From (15), we get the Lagrangian function with a set of
Lagrangian multipliers ������� ¼ colf�t 2 R�0; t ¼ 1; 2; . . . ; Tg
and m 2 R as follows

Lðxxxxxxx; �������;mÞ ¼ F ðxxxxxxxÞ �
XT
t¼1

�txðtÞ � m
XT
t¼1

xðtÞ �Q

 !
: (16)

According to the well-known Karush-Kuhn-Tucker
(KKT) conditions, the feasible optimal point xxxxxxx�ðqqqqqqq; aaaaaaaÞ
must satisfy the following first-order optimal condition
(i.e., the gradient condition) and the complementary
slackness

rxðtÞF ðxxxxxxx�ðqqqqqqq; aaaaaaaÞÞ � �t � m ¼ 0;
�tx

�ðtÞ ¼ 0

�
; (17)

for t ¼ 1; 2; . . . ; T , where x�ðtÞ is the tth entity of xxxxxxx�ðqqqqqqq; aaaaaaaÞ.
Recalling xxxxxxx�ðqqqqqqq; aaaaaaaÞ 2 intðXÞ, i.e., x�ðtÞ > 0, and �t � 0 for
all t, it can be seen that �t must satisfy �t ¼ 0 for all t.
Hence, we can further derive from the gradient condition

m ¼ rxðtÞF ðxxxxxxx�ðqqqqqqq; aaaaaaaÞÞ ¼ dbðtÞ2x�ðtÞkk ln 2
x�ðtÞ ¼ 1

k
log 2ðmÞ � log 2 dbðtÞð Þ � log 2 k ln 2ð Þð Þ

(
; (18)

for all t, where k ¼ n=ðBDtÞ. Substituting (18) into the
equality constraint

PT
t¼1 x

�ðtÞ ¼ Q can yield

x�ðtÞ ¼ BDt

n

PT
t¼1 log 2 dbðtÞ

T
� log 2 dbðtÞ

 !
þ Q

T
; (19)

for all t. Finally, substituting (19) into the objective (9) can
immediately obtain (14). Hence, the theorem is proven. tu
Besides, a higher transmission power qðtÞ can improve

the reliability as indicated by (6). Thus, it is further observed
that �R�UAVðqqqqqqq; aaaaaaaÞ � �R�UAVðqqqqqqqmax; aaaaaaaÞ � �R�UAVðqqqqqqqmax; eaaaaaaaÞwhere qqqqqqqmax

denotes the upper bound of the transmission power solu-
tion qqqqqqq and eaaaaaaa is a feasible optimal control obtained by

eaaaaaaa 2 max
aaaaaaa

�R�UAV qqqqqqqmax; aaaaaaað Þ
s.t. sssssssðtþ 1Þ ¼ AAAAAAAsssssssðtÞ þBBBBBBBaaaaaaaðtÞ; t ¼ 1; . . . ; T ;

aaaaaaaðtÞ 2 A; vvvvvvvðtÞ 2 V; t ¼ 1; . . . ; T ;

sssssssð1Þ ¼ sssssss0; sssssssðT þ 1Þ ¼ sssssssf : (20)

We treat �R�UAVðqqqqqqqmax; eaaaaaaaÞ as an upper bound on the expected
A2G transmission reliability objective. Motivated by the
�-constraint method, we can transform the bi-level optimi-
zation model (12) into the following optimal control model
in which the expected A2G transmission reliability is
bounded by ð1� �Þ �R�UAVðqqqqqqqmax;eaaaaaaaÞwhere � 2 ½0; 1� is a param-
eter used to control the satisfaction of the trajectory-depen-
dent reliability

min
qqqqqqq;aaaaaaa;xxxxxxx

EUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ
s.t. xxxxxxxT1111111 ¼ Q; xxxxxxx � 0;

�RUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ � ð1� �Þ �R�UAV qqqqqqqmax;eaaaaaaað Þ;
sssssssðtþ 1Þ ¼ AAAAAAAsssssssðtÞ þBBBBBBBaaaaaaaðtÞ; t ¼ 1; . . . ; T ;

qðtÞ 2 P; aaaaaaaðtÞ 2 A; vvvvvvvðtÞ 2 V; t ¼ 1; . . . ; T ;

sssssssð1Þ ¼ sssssss0; sssssssðT þ 1Þ ¼ sssssssf : (21)

From (21), we further have the following results:

Lemma 1. A feasible solution of the �-constraint model (21) is
weakly Pareto-optimal and this feasible solution is Pareto-opti-
mal if and only if it is a unique feasible solution.

Proof. The results follow the theorems presented in [48] (see
Chapter 3.2 of [48]) and can be proven by mathematical
contradiction and the concept of Pareto optimality. tu
We remark that Lemma 1 ensures the Pareto-optimality

of a feasible solution to the proposed model (21) above.
However, due to the complexity of the model that has a
non-convex optimization objective function and a non-con-
vex nonlinear constraint, it is challenging to obtain a feasible
solution of the model by using standard convex optimiza-
tion techniques directly. Moreover, it is usually difficult or
even impossible to search a global optimizer of a non-con-
vex nonlinear optimization problem, and thus many recent
works exploit a successive convex approximation technique
to obtain a local optimal solution [3], [9], [12], [16]. In the fol-
lowing, building upon the �-constraint method above, we
proceed to develop a novel solving algorithm to search a
feasible local optima efficiently.
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4.2 Solving Algorithm Design

The obtained optimal control model (21) only involves one
optimization objective and thus allows us to design an effi-
cient solving algorithm. To deal with the mixed linear and
nonlinear constraints and the strongly non-convex objective
function in (21), we propose an iterative numerical optimiza-
tion algorithm by combining a direct multi-shooting method
and a successive quadratic programming (SQP) technique.
Specifically, the kinematic states of the UAV at different time
slots, fsssssssðtÞ; t ¼ 2; 3; . . . ; T þ 1g, are also treated as decision
variables and incorporated into the optimization process.
We introduce an augmented optimization variable set aswwwwwww ¼
colfqqqqqqq; aaaaaaa; xxxxxxx; sssssssg where sssssss ¼ colfsssssssðtÞ; t ¼ 2; 3; . . . ; T þ 1g and lift
the problem to a higher dimension that is sparsely structured
and usually improves convergence. We denote the global
optimization objective in (21) by EUAVðwwwwwwwÞ ¼ EUAVðqqqqqqq; aaaaaaa; xxxxxxxÞ.
Furthermore, we define a column vector GGGGGGGðwwwwwwwÞ consisting of
all the equality constraints in (21) as

GGGGGGGðwwwwwwwÞ ¼ col

xxxxxxxT1111111�Q;

sssssssð1Þ � sssssss0;

sssssssðT þ 1Þ � sssssssf ;

sssssssðtþ 1Þ �AAAAAAAsssssssðtÞ þBBBBBBBaaaaaaaðtÞ; t ¼ 1; . . . ; T

8>>><>>>:
9>>>=>>>;; (22)

and a column vector IIIIIIIðwwwwwwwÞ lumping all the inequality con-
straints in (21) as

IIIIIIIðwwwwwwwÞ ¼ col

�RUAV qqqqqqq; aaaaaaa; xxxxxxxð Þ � ð1� �Þ �R�UAV qqqqqqqmax; eaaaaaaað Þ;
uuuuuuu� uuuuuuumin;

uuuuuuumax � uuuuuuu;

xxxxxxx

8>>><>>>:
9>>>=>>>;; (23)

where let vvvvvvv ¼ colfvvvvvvvðtÞ; t ¼ 1; 2; . . . ; Tg and uuuuuuu ¼ colfqqqqqqq; aaaaaaa; vvvvvvvg
for simplicity. uuuuuuumin and uuuuuuumax are the lower and the upper
bounds on uuuuuuu, respectively, which can be constructed by
combining P, A and V. Let the index sets of GGGGGGGðwwwwwwwÞ and IIIIIIIðwwwwwwwÞ
be G and I , respectively. We denote the lth component of
GGGGGGGðwwwwwwwÞ and IIIIIIIðwwwwwwwÞ by GlðwwwwwwwÞ and IlðwwwwwwwÞ, respectively. The
Lagrangian function of (21) can be formulated as follows

Lðwwwwwww;fffffffÞ ¼ EUAV wwwwwwwð Þ �
X
l2G

flGlðwwwwwwwÞ �
X
l2I

flIlðwwwwwwwÞ; (24)

where fffffff is a column vector collecting Lagrangian multi-
pliers, i.e., fffffff ¼ colffl 2 R; l 2 G;fl0 2 R�0; l0 2 Ig.

Now, using (24), we can design a numerical iterative
algorithm inspired by sequential quadratic programming,
which generate a sequence of feasible iterations fwwwwwwwk; k ¼
0; 1; . . .g to approach a locally optimal solution to (21). To be
specific, given a feasible solution to (21) and the Lagrangian
multipliers at an iteration k, wwwwwwwk and fffffffk, we can establish a
quadratic programming subproblem to obtain an optimal
search direction Dwwwwwwwk and a set of new Lagrangian multi-
pliers fffffffkþ1

min
Dwwwwwww

rEUAV wwwwwwwkð ÞTDwwwwwwwþ 1

2
DwwwwwwwTHHHHHHHkDwwwwwww

s.t. GlðwwwwwwwkÞ þ rGlðwwwwwwwkÞTDwwwwwww ¼ 0; 8l 2 G;
IlðwwwwwwwkÞ þ rIlðwwwwwwwkÞTDwwwwwww � 0; 8l 2 I ; (25)

where HHHHHHHk denotes the positive-definite quasi-Newton
approximation of the Hessian matrix of Lðwwwwwww;fffffffÞ. Solving the

subproblem (25) to get a feasible descent direction Dwwwwwwwk and
fffffffkþ1, we can construct a new iteration by

wwwwwwwkþ1 ¼ wwwwwwwk þ akDwwwwwwwk; (26)

where ak denotes the search step size that can be obtained
by using a line search approach. For instance, we can get an
optimal step size by ak 2 argminafFðwwwwwwwk þ aDwwwwwwwk;mmmmmmmkÞg,
where Fðwwwwwww;mmmmmmmÞ is an ‘1-type merit function like

Fðwwwwwww;mmmmmmmÞ ¼ EUAV wwwwwwwð Þ þ
X
l2G

ml GlðwwwwwwwÞj j

þ
X
l2I

mlmax 0;�IlðwwwwwwwÞf g; (27)

in which mmmmmmm ¼ colfml 2 R�0; 8l 2 G [ Ig is a column vector
consisting of nonnegative penalty coefficients. Given fffffffk,
these penalty factors are adapted at each time slot k accord-
ing to

ml;k ¼
fl;k

		 		; k ¼ 1;

max fl;k

		 		; ml;k�1j jþ fl;kj j
2

� �
; k � 2;

8><>: (28)

where ml;k and fl;k are the lth element of mmmmmmmk and fffffffk at time
slot k, respectively. (28) can guarantee that jfl;kj � ml;k is
always held for all k and Dwwwwwwwk is also a decreasing direction
of Fðwwwwwww;mmmmmmmÞ [7]. Besides, we let yyyyyyyk ¼ rLðwwwwwwwkþ1;fffffffkþ1Þ �
rLðwwwwwwwk;fffffffkþ1Þ. To guarantee the positive definiteness of HHHHHHHk,
we adopt a modified Broyden-Fletcher-Goldfarb-Shanno
(BFGS) formula to update HHHHHHHk. To be specific, we introduce a
weight d 2 ½0; 1� as follows

d ¼
1; yyyyyyyTk Dwwwwwwwk � uDwwwwwwwT

k HHHHHHHkDwwwwwwwk;

ð1�uÞDwwwwwwwT
k
HHHHHHHkDwwwwwwwk

DwwwwwwwT
k
HHHHHHHkDwwwwwwwk�yyyyyyyTk Dwwwwwwwk

; otherwise;

8<: (29)

where u 2 ð0; 1Þ and u is usually set to 0.2. Thus, let zzzzzzzk ¼
dyyyyyyyk þ ð1� dÞHHHHHHHkDwwwwwwwk. The matrixHHHHHHHk can be updated by

HHHHHHHkþ1 ¼ HHHHHHHk �HHHHHHHkDwwwwwwwkDwwwwwww
T
k HHHHHHHk

DwwwwwwwT
k HHHHHHHkDwwwwwwwk

þ zzzzzzzkzzzzzzz
T
k

zzzzzzzTk Dwwwwwwwk
: (30)

Based on (25) to (30), we propose our solving algorithm as
summarized in Algorithm 1. The algorithm consists of three
main steps, i.e., solving ðDwwwwwwwk;fffffffkþ1Þ by quadratic program-
ming, performing line search to get an optimal step size ak,
and updating the Hessian matrix HHHHHHHk. The overall algorithm
approaches the solution to the original optimal control
model (21) by transforming it into a series of simpler qua-
dratic programming (QP) subproblems (25). It is remarked
that since there already exist many efficient QP algorithms,
Algorithm 1 can leverage any advanced QP algorithms (e.g.,
the well-known interior-point method and active set
method) for the practical implementation.

4.3 Algorithm Convergence Analysis

Using the first-order optimality theory and inequality analy-
sis, we show the guaranteed convergence of Algorithm 1 to
a Karush-Kuhn-Tucker (KKT) point as follows.
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Theorem 2. The sequence of iterative points fwwwwwwwkg generated by
Algorithm 1 starting at a feasible point can stop at a KKT point
or their accumulation point can converge to a KKT point.

Algorithm 1. Iterative Optimization Algorithm

Data: A numerical tolerance 0 < � 	 1 and a feasible initial
guess wwwwwww0 andHHHHHHH0

Result: Optimal joint solution wwwwwwwk

1: k 0;
2: repeat
3: Solve (25) to get ðDwwwwwwwk; fffffffkþ1Þ;
4: Solve (27) to get ak;
5: Set wwwwwwwkþ1 ¼ wwwwwwwk þ akDwwwwwwwk;
6: UpdateHHHHHHHk by (30);
7: k kþ 1.
8: until krLðwwwwwwwk; fffffffkÞk � �

Proof. In the first case, we have Dwwwwwwwk ¼ 0000000 at a certain itera-
tion k. Thus, the KKT conditions of (25), i.e.,

rEUAV wwwwwwwkð Þ þHHHHHHHkDwwwwwwwk

�Pl2G fl;kGlðwwwwwwwkÞ �
P

l2I fl;kIlðwwwwwwwkÞ ¼ 0000000;

GlðwwwwwwwkÞ þ rGlðwwwwwwwkÞTDwwwwwwwk ¼ 0; l 2 G;
fl;k � 0; IlðwwwwwwwkÞ þ rIlðwwwwwwwkÞTDwwwwwwwk � 0; l 2 I ;
fl;k IlðwwwwwwwkÞ þ rIlðwwwwwwwkÞTDwwwwwwwk

� �
¼ 0; l 2 I ;

8>>>>><>>>>>:
(31)

are equivalent to those of the original problem (21).
Hence, wwwwwwwk is a KKT point of (21) in the case of Dwwwwwwwk ¼ 0000000.

In the other case where Dwwwwwwwk 6¼ 0000000 for every k, fwwwwwwwkg
becomes an infinite sequence that has an accumulation
point. We letwwwwwww� denote the accumulation point. Addition-
ally, HHHHHHHk is a positive-definite matrix. rEUAVðwwwwwwwkÞ,
rGlðwwwwwwwkÞ and rIlðwwwwwwwkÞ for all l and k are continuous func-
tions of wwwwwwwk. Hence, as Dwwwwwwwk satisfies the KKT conditions as
in (31), it also has an accumulation point. Let the accumu-
lation point of Dwwwwwwwk be Dwwwwwww�. Now, we prove by contradic-
tion that such an accumulation point Dwwwwwww� must be
Dwwwwwww� ¼ 0000000 such that the accumulation point wwwwwww� is a KKT
point.

Suppose Dwwwwwwwk 6¼ 0000000. There is an �a > 0 such that

F wwwwwww� þ �aDwwwwwww�;mmmmmmmð Þ ¼ min
a2R�0

F wwwwwww� þ aDwwwwwww�;mmmmmmmð Þ: (32)

As Dwwwwwww� is a decreasing direction of Fðwwwwwww�;mmmmmmmÞ and �a > 0,
we can further have

F wwwwwww� þ �aDwwwwwww�;mmmmmmmð Þ < F wwwwwww�;mmmmmmmð Þ: (33)

Thus, letting DF ¼ Fðwwwwwww�;mmmmmmmÞ �Fðwwwwwww� þ �aDwwwwwww�;mmmmmmmÞ > 0 and
according to wwwwwwwk þ �aDwwwwwwwk ! wwwwwww� þ �aDwwwwwww� under k!1, we
yield the following inequality

F wwwwwwwk þ �aDwwwwwwwk;mmmmmmmð Þ þ DF

2
< F wwwwwww�;mmmmmmmð Þ; (34)

for a sufficiently large k.
On the other side, the line search for a step length at

each k, ak, guarantees that a sequence fzk � 0g exists to
make

F wwwwwwwk þ akDwwwwwwwk;mmmmmmmð Þ � min
a2R�0

F wwwwwwwk þ aDwwwwwwwk;mmmmmmmð Þ þ zk; (35)

where
P1

k¼1 zk < þ1, and
P1

i¼k zi < DF=2 when k is
sufficiently large. (35) implies

F wwwwwwwkþ1;mmmmmmmð Þ � F wwwwwwwk;mmmmmmmð Þ þ zk; (36)

for all k. Combining the results above, we derive

F wwwwwww�;mmmmmmmð Þ � F wwwwwwwkþ1;mmmmmmmð Þ þ
X1
i¼kþ1

zi

� min
a2R�0

F wwwwwwwk þ aDwwwwwwwk;mmmmmmmð Þ þ zk þ
X1
i¼kþ1

zi

< F wwwwwwwk þ �aDwwwwwwwk;mmmmmmmð Þ þ DF

2
: (37)

It is seen that (37) is contradictory to (34). Such a contra-
diction implies that the hypothesis Dwwwwwww� 6¼ 0000000 is not true. In
summary, wwwwwww� is also a KKT point of (21) in the case of
Dwwwwwww� ¼ 0000000. tu
Theorem 2 provides an insight into the guaranteed con-

vergence of the proposed algorithm to a KKT point. How-
ever, we remark that this result does not mean that the
proposed algorithm is guaranteed to converge to a global
optimal point. That is, the KKT point of the problem model,
i.e., (21), can be a local optimal point or a global point since
it is a non-convex optimization problem. In general, non-
convex optimization is at least NP-hard, so it is challenging
to obtain a global optimal point of a non-convex problem.
Additionally, theoretical guarantees of the global optimality
of an algorithm are usually weak or even non-existent.3 At
this point, our proposed algorithm can only guarantee the
local optimality rather than the global optimality here.

4.4 Algorithm Complexity Analysis

From Algorithm 1, the computational complexity consists of
two parts, including the convex quadratic programing and
the line search. The line search only involves a one-dimension
decision variable ak and the complexity of the line search
with the accuracy of � is Oðln ��1Þ. Note that the total size of
the decision variables qðtÞ, aaaaaaaðtÞ and xðtÞ at a time slot t is
nvar ¼ 1þ 3þ 1 ¼ 5 and that of the kinematic state sssssssðtÞ is
nstate ¼ 3� 2 ¼ 6. Thus, the total length of the augmented
optimization variables wwwwwww is T ðnvar þ nstateÞ. We can adopt the
well-known interior-point method to solve the QP subprob-
lem, which will require the number of iterations in the order
of Oð ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

T ðnvar þ nstateÞ
p

ln ��1Þ for convergence with the

3. In mathematical optimization, the KKT conditions are known as
the local optimality conditions. Some researchers have provided global
optimality conditions for some special optimization problems that have
special mathematical structures, such as weakly convex minimization
problems [49] and bivalent non-convex quadratic programs [50]. How-
ever, it is difficult or even impossible to derive global optimality condi-
tions for a general non-convex optimization problem [51]. In this work,
our targeted problem does not fall into the special class of global opti-
mality-guaranteed problems. It remains an open question to obtain a
global optimal solution to the joint optimization model (21). Some
advanced heuristic mechanisms or stochastic multi-start search techni-
ques, such as simulated annealing and particle swarm optimization,
may be integrated with the proposed optimization method in this work
to find a global optimum. Here we left the design of a global optimiza-
tion algorithm as our future work.
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accuracy � [52]. Besides, the arithmetic complexity of each
iteration isOðT 3ðnvar þ nstateÞ3Þ [52]. Therefore, the computa-
tional complexity of the convex quadratic programing is
OðT 3:5ðnvar þ nstateÞ3:5 ln ��1Þ. Besides, the complexity of the
descent iterations with wwwwwwwk isOðln ��1Þ regarding the accuracy
of �. Hence, the total computational complexity of Algorithm
1 is OðT 3:5ðnvar þ nstateÞ3:5 ln2 ��1Þ, which can be handled in
the order of polynomial time.

5 SIMULATION EVALUATION

5.1 Parameter Setting

In this section, we conduct simulations to evaluate the per-
formance of our proposed method. We consider that there
are several base stations on the ground and these base sta-
tions are placed along a road. Following many existing
studies [1], [2], [3], [10], [11], [14], [16], [17], [46], we consider
to fix the flight height of the simulated UAV at a constant
altitude for the sake of demonstration, i.e., lzðtÞ ¼ 50m for
all t, such that the mobility control is operated in a two-
dimension plane. We remark that a similar simulation sce-
nario has also been adopted in the recent literature such
as [16], [42], [46], since it is reasonable enough to observe
the performance variation of the UAV-assisted network in
such simulation scenario. Following [46], the number of the
base stations on the ground is set to 4. In addition, the initial
and the terminal kinematic states of the UAV are specified
as sssssss0 ¼ ½0; 0; 50; 1; 1; 0�T and sssssssf ¼ ½400; 0; 50; 0; 1; 0�T, respec-
tively. The application data volume is 30Mbit, and the time
horizon for A2G data transmissions is limited within
½0; 30� s. The time slot is set to Dt ¼ 0:5 s such that the avail-
able slot number is T ¼ 60. According to the 3GPP Release-
15 study on the enhanced LTE technology for UAVs [53], a
carrier frequency of 2GHz with 10MHz bandwidth can be
adopted for low-altitude UAVs in urban crowded areas.
The same bandwidth setting is also adopted in the simula-
tion study of the recent literature such as [54]. Without spe-
cial statement, we use the parameters summarized in
Table 1 throughout our simulation experiments.

5.2 Algorithm Validation

Figs. 2 and 3 show the convergence of our proposed algo-
rithm under different �. As can be seen from Fig. 2, the opti-
mization objective function can converge after about 100
iterations. Fig. 3 shows that the first-order measure of the
Lagrangian function arrives at a near-zero level finally.
These results indicate that the algorithm converges to a local

optimum. Fig. 4 shows the optimal trajectories with differ-
ent �. It is found that a smaller � leads to a trajectory closer
to the base stations. The underlying reason is that reducing
� results in a much higher requirement on the transmission
reliability and that the UAV needs to reduce the transmis-
sion distance to satisfy the reliability requirement. Fig. 5
shows the energy consumption and the transmission reli-
ability. We can see that increasing � reduces the transmis-
sion reliability since the UAV tends to follow a straight
trajectory when the reliability restriction becomes lower. In
this way, the energy consumption related to the UAV
motion is reduced.

In Fig. 6, we compare the optimal trajectories under dif-
ferent � in a more complicated scenario to further validate

our algorithm. In this complicated scenario, we consider

that there exist eight base stations that are distributed

within a 400m� 400m region irregularly. A similar result

can also be observed that reducing � can drive the UAV to

fly closer to the base stations. This is because the UAV with

a smaller � needs to satisfy a higher A2G transmission reli-

ability. The �-reliability constraint can be met by reducing

its relative distance to the base stations. Fig. 7 shows the

convergence of the energy consumption function in this

complicated scenario. It is seen that the objective function is

decreasing and converges to a stationary point after about

TABLE 1
Parameter Settings

Fig. 2. The convergence of the objective function.

Fig. 3. The convergence of the first-order measure of the Lagrangian
function.
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600 iterations. To examine the local optimality of the station-
ary point the objective function arrives at, we illustrate the
first-order measure of the corresponding Lagrangian func-
tion in Fig. 8. It is observed that the first-order measure of
the Lagrangian function converges to zero after about 600
iterations. Hence, the algorithm has obtained a local optimal
point that satisfies the KKT conditions. Combining the
above figures we can see that the prosed algorithm can

decrease the energy consumption and guarantee the conver-
gence to a local optimum.

5.3 Performance Comparison

We further compare our joint optimization method (marked
by “JOM”) with several other conventional methods,
including an averaged data transmission method (“ADT”),
a max-power ADT method (“MAT”) and a max-power joint
optimization method (“MPT”). ADT uniformly allocates the
transmission data over all the time slots and jointly opti-
mizes the mobility and the transmission power of the UAV.
MAT is similar to ADT but uses the maximum transmission
power for data transmissions. MPT also employs the maxi-
mum power while jointly optimizing the UAV mobility and
the data allocation. Additionally, we follow the existing
work [46] to adopt the simulation scenario as in Fig. 4 for
performance comparison.

5.3.1 Effect of Flight Height

In Fig. 9, we first compare the energy consumption of differ-
ent methods under different flight heights when the UAV
meets the A2G transmission reliability constraint. The UAV
data to be offloaded is set to 30Mb and the mission comple-
tion time is given as 30 s. We also configure � ¼ 5� 10�2 for
the �-constraint on the A2G transmission reliability. We can
find that the other methods, ADT, MAT and MPT, achieve

Fig. 4. The optimal trajectories under different �.

Fig. 5. The bi-objective performance under different �.

Fig. 6. The optimal trajectories in a scenario where more base stations
are considered.

Fig. 7. The convergence of the objective function in a scenario where
more base stations are considered.

Fig. 8. The convergence of the first-order measure of the Lagrangian
function in a scenario where more base stations are considered.
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the similar energy efficiency. Our joint optimization, JOM, has
the lowest energy consumption on average, which is about
1:3512� 104 J. By comparison, our method can reduce the
energy consumption by about 12.1% on average when com-
pared to the others. Besides, from Fig. 9, it is seen that the
energy consumption of our joint optimization method is less
sensitive to the variation of the flight height when compared to
the other methods. The reason is that the data transmission
scheduling of our method can adapt to the variation of the A2G
transmission distance incurred by changing the flight height.

5.3.2 Effect of Data Load and Mission Completion Time

Furthermore, we also examine the effects of the data load and
the mission completion time on the performance of different
methods. We fix the mission completion time of the UAV,
i.e., the allowable time horizon for computation offloading, at
30 s, and vary the data volume of the application to be off-
loaded. The flight height of the UAV is fixed at 50m. � is set to
� ¼ 5� 10�2 for the �-constraint reliability condition. In
Fig. 10, the energy consumption of different methods is com-
pared under different data loads. It is seen that increasing the
volume of application data to be offloaded leads to higher
energy consumption. Nevertheless, our proposed method
can achieve the best energy saving. When compared to ADT,
MAT, and MPT, JOM reduces the energy consumption by
about 33.71%, 33.14%, and 17.58% on average, respectively.

Next, we vary the mission completion time of the UAV while
setting the data load to 30Mb. We configure the parameter � as
� ¼ 1� 10�2 to increase the reliability restriction. Fig. 11 illus-
trates the energy consumption of these methods under differ-
ent mission completion times. We can find that more energy
will be consumed with increased mission time. This is logical
since the UAV needs to consume more energy when the flight
duration becomes longer. Interestingly, when compared the
results of Fig. 11 with those of Fig. 10, it is observed that the
energy consumption of the comparative methods in Fig. 11 is
higher than that in Fig. 10. The main reason is that all the com-
parative methods need to meet higher A2G transmission reli-
ability when the �-constraint on the reliability is configured
with amuch smaller �, i.e., � ¼ 1� 10�2 in Fig. 11while � ¼ 5�
10�2 in Fig. 10. Additionally, from Fig. 11, our method can still
outperform the othermethods under differentmission comple-
tion times. Specifically, it provides an average decrease of about
17.97% in the total energy consumption under the same trans-
mission reliability condition as that of the othermethods.

5.3.3 Effect of Path Loss Exponent

To examine the effect of the path loss exponent, we set the
flight height to 50m and � ¼ 1� 10�2 as in Fig. 11. The vol-
ume of application data to be offloaded is given as 30Mb
and the mission completion time is 30 s. Fig. 12 compares

Fig. 9. The performance comparison under different flight heights.

Fig. 10. The performance comparison under different data loads.

Fig. 11. The performance comparison under different mission comple-
tion times.

Fig. 12. The performance comparison under different path loss
exponents.
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the performance of different methods under different path
loss exponents. It is also observed that our method can
achieve the lowest energy consumption among the compar-
ative methods. Compared to the others, JOM provides a sig-
nificant decrease of about 43.37% in energy consumption on
average meanwhile satisfying the transmission reliability
requirement. The main reason is that the proposed optimi-
zation method can utilize the energy more efficiently by
optimizing the UAV mobility, transmission power, and
data allocation simultaneously. The other methods, e.g.,
ADT and MAT, do not schedule the data transmissions of
the UAV adaptively according to the mobility.

5.3.4 Comparison of Computation Time

To analyze the computation efficiency of different methods,
we further conduct Monte Carlo simulations. To be specific,
Monte Carlo simulations of each method have been carried
out with 500 replications under the condition that the data
load is set to 30Mb, the mission completion time is 30 s, and
the flight height is fixed at 50m. The distribution of compu-
tation time per iteration during the Monte Carlo simulation
of different optimization methods is illustrated in Fig. 13.
The average computation time per optimization iteration of
different methods and the corresponding standard devia-
tion are summarized in Table 2. By comparison, we can see
that the proposed joint optimization method, JOM, takes on
average 415.2ms for each iteration execution, which is
higher than that of the other methods. This result is logical
and expected since the computational complexity of the
proposed joint optimization is higher than that of the other
methods. Recalling the problem model (21) and the analysis
in Section 4.4, the computational complexity of the algo-
rithm relies on the dimension of the decision variables and

the state variables, nvar and nstate. On one side, the dimen-
sion of the state variables involved in the comparative meth-
ods is identical. On the other side, the proposed joint
optimization method needs to jointly search for the optimal
transmission power qqqqqqq, the optimal acceleration control aaaaaaa,
and the optimal data transmission scheduling strategy xxxxxxx.
The overall dimension of the decision variables, nvar, is
higher than that of the others that only optimize partial
decision variables. For example, MAT only aims at optimiz-
ing the mobility of the UAV while the transmission power
and the data transmission strategy are fixed. Thus, MAT
has the lowest computation time on average. However, it is
noted from the recent literature (e.g., References [1], [2], [3],
[10], [11], [14], [16], [17], [46], [54]) that the joint optimization
can be operated off-line and thus the average computation
time in the order of several seconds to several hundreds of
seconds is allowable in actual application scenarios.4 At this
point, the joint optimization method is applicable and, even
at the price of a bit higher computation time, provides
higher energy utilization under the A2G transmission reli-
ability guarantee when compared to ADT, MAT, and MPT.

5.3.5 Trade-Off Between Energy Consumption

and Transmission Reliability

To further illustrate the advantage of our method, we com-
pare JOM with other optimization methods that exploit dif-
ferent strategies to transform the multiple objective
functions into a single objective [48]. One comparative
method is the weighting method (marked by “WT”) that
aims at optimizing the weighted sum of two objectives, v�
EUAVðqqqqqqq; aaaaaaa; xxxxxxxÞ þ ð1� vÞ � ð� �RUAVðqqqqqqq; aaaaaaa; xxxxxxxÞÞ with v ranging
from 10�4 to 0.9, while the other (marked by “FT”) lumps
the objectives into a single fractional form as the

Fig. 13. The comparison of computation time.

TABLE 2
The Mean and Standard Deviation of Computation Time per

Iteration of Different Optimization Methods

Methods Avg. Time [ms] Sth. Time [ms]

ADT 251.5 2.8
MAT 207.5 8.1
MPT 251.5 9.8
JOM 415.2 20.4

Fig. 14. The performance comparison under different methods.

4. For instance, in C. Shen et al.’s work [54], they also exploit the
convex optimization technique, successive convex approximation
(SCA), to jointly optimize the trajectory and transmission power of the
UAV with the goal of maximizing the average sum rate of a UAV-
assisted A2G network. It is reported that the average computation time
of their algorithm ranges from several seconds to more than one thou-
sand seconds (see Table 1 of [54]). In some other works such as [55]
and [56], a two-stage optimization approach is widely adopted in
which the time-consuming optimization is executed in an off-line stage
while the low-complexity computation is in an on-line stage. As
reported in [56], the two-stage optimization approach can take on aver-
age 687:9 s to find the optimal route of a UAV.
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optimization objective, EUAVðqqqqqqq; aaaaaaa; xxxxxxxÞ= �RUAVðqqqqqqq; aaaaaaa; xxxxxxxÞ. We vary
the parameter � from 10�3 to 10�1 and obtain the Pareto
frontier by the proposed method. Fig. 14 compares the dif-
ferent results. It is observed that the proposed method
allows us to identify non-dominated points and the UAV is
more likely to consume more energy when reaching higher
transmission reliability. Our method achieves higher trans-
mission reliability with almost the same energy consump-
tion as that of WT and FT methods. Specifically, compared
to WT and FT under the same energy consumption, our
method can improve the transmission reliability by about
7.53% on average.

6 CONCLUSION AND FUTURE WORK

In this paper, we have investigated a UAV-assisted A2G
communication network with the goal to reduce the mobility
and communication energy consumption of the UAV while
guaranteeing transmission reliability. We develop a bi-level
optimization model for jointly controlling the acceleration
and the transmission power of the UAV and scheduling the
data transmissions. We have derived a closed-form expres-
sion for the transmission reliability and proposed an efficient
iterative optimization algorithm to solve the problem. We
have also performed simulations and validated the proposed
algorithm. The empirical evaluation has shown that the pro-
posed joint optimization method can significantly reduce the
energy consumption meanwhile guaranteeing the A2G trans-
mission reliability. In the future work, we will consider
multi-UAV kinematics and extend the proposed optimiza-
tion method to the joint optimization of multi-UAV control
and communication. In this direction, a multi-UAV swarm
mobility model will be described by using a multiple-input-
multiple-output (MIMO) state-space model, which is further
incorporated into our �-constraint optimization framework.
Besides, we will also take into account different channel
models characterizing different channel fading characteris-
tics, including both large-scale and small-scale fading. We
also expect to extend the A2G transmission reliability model
to incorporate the stochastic characteristics of both non-line-
of-sight and line-of-sight channel fading in a more compli-
cated environment.
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