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Abstract—Uncrewed aerial vehicles (UAVs) play a crucial role in
mobile edge computing (MEC) within space-air-ground integrated
networks. They serve as aerial cloudlets, enabling task processing
in close proximity to ground users. While numerous joint trajectory
design and resource allocation schemes aim to enhance energy
efficiency or computation rate, few focus on improving system
reliability, which is often challenged by stochastic channels and
node mobility. This paper presents a stochastic modeling per-
spective to derive a system reliability expression. Our reliability
formulation incorporates the impacts of stochastic Line-of-Sight
(LoS) and Non-Line-of-Sight (NLoS) air-to-ground communication
channels, application data load, available bandwidth, offloading
time, and transmission power. This comprehensive approach leads
to a reliability-oriented joint optimization model that considers
not only resource allocation and user data transmission scheduling
but also the motion of UAVs. To solve this problem, we propose
a low-complexity algorithm. By utilizing augmented Lagrangian
multipliers, the algorithm transforms nonlinear constraints into
a tractable formulation, enabling the utilization of legacy uncon-
strained optimization techniques. We provide a proof of conver-
gence for this algorithm. Through simulations, we demonstrate
that our proposed method guarantees convergence within finite
iterations and improves the average communication reliability in
comparison with several other joint optimization schemes.

Index Terms—Uncrewed aerial vehicle, mobile edge computing,
reliability optimization, motion control, resource allocation.
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I. INTRODUCTION

UNCREWED aerial vehicles (UAVs) are widely recognized
as an essential component in numerous Internet-of-Things

(IoT) applications and envisioned information architectures,
including space-air-ground integrated networks, aerial-ground
cooperative vehicular networks, and mobile edge-computing
(MEC) systems. Due to their highly flexible deployment, UAVs
can significantly extend the coverage of conventional terres-
trial networks, creating positive social impacts and business
opportunities for the future. By integrating UAVs with terres-
trial networks, it is possible to transform traditional informa-
tion communication systems into a new paradigm that meets
the emerging requirements of mission-critical services such as
enhanced mobile broadband (eMBB), massive machine-type
communications (mMTC), and ultra-reliable and low-latency
communications (URLLC) in 5G and Beyond [1]. In particular,
addressing the challenges that arise in the context of UAV-based
air-to-ground (A2G) communication networks is crucial for
the practical realization of URLLC requirements. These chal-
lenges include intermittent connectivity, stochastic A2G chan-
nel fading, and concurrent physical-layer interference [2], [3].
The challenges arise from multiple coupled effects, including
the high mobility of UAVs, probabilistic path-loss switching
between Line-of-Sight (LoS) and Non-Line-of-Sight (NLoS)
propagation links, stochastic multi-user channel contention, and
stringent resource constraints imposed by the physical limita-
tions of UAVs [4], [5]. To improve the performance of UAV-
assisted communication networks, extensive research efforts
have been dedicated to various joint optimization paradigms.
Most recent studies have focused on optimizing various system
goals, including resource utilization [6], energy efficiency [7],
[8], [9], time efficiency [10], [11], [12], [13], [14], [15], [16],
energy consumption [17], [18], [19], [20], [21], [22], [23],
network throughput and sum transmission rate [24], [25], [26],
[27], [28], [29], [30], [31], [32], [33], and aggregate cost [34],
[35], [36]. However, there is a lack of research on developing
reliability-oriented modeling and optimization methodologies
for UAV-assisted MEC systems.

Communication reliability is an essential metric for UAV-
assisted networks, which depends on the mobility of nodes,
A2G channel quality, and transmission demands of upper-
layer applications. Specifically, during task execution, the
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transmission links between a UAV and ground users often ex-
perience different fading effects [3]. When the UAV operates in
a low-altitude and densely built-up urban environment, where
there are no dominant LoS propagation paths, the A2G radio
signal can be scattered by various objects, resulting in NLoS
channel fading that typically follows a Rayleigh distribution.
On the other hand, A2G transmission links may also encounter
LoS channels due to the UAV’s mobility. In situations where at
least one dominant propagation path exists between the UAV
and ground users, the A2G channel fading follows a Rician
distribution. Consequently, the A2G channel between the UAV
and a ground user can randomly exhibit either Rayleigh or
Rician fading as the UAV’s position changes over time. Char-
acterizing communication reliability becomes challenging in
the presence of time-varying channel fading behaviors, and
deterministic modeling approaches are insufficient for this pur-
pose [2]. Furthermore, from the user’s perspective, resource al-
location, including bandwidth and time allocation among users,
also affects the capacity of the A2G link. The UAV needs to
allocate appropriate bandwidth and computation offloading time
for each ground user based on their task load in upper-layer
applications [31]. Considering the limited energy capacity of the
UAV, it is crucial to adhere to energy consumption constraints as-
sociated with both motion and communication while effectively
allocating transmission power. These factors contribute to the
challenge of providing reliability guarantees for UAV-assisted
networks.

This paper proposes a stochastic model to capture the relia-
bility of A2G communication from a probabilistic perspective,
taking into account both LoS and NLoS channels between a
UAV and ground users. Existing studies that follow a deter-
ministic modeling approach focus exclusively on the Rayleigh
fading effect for LoS channels or the Rician fading effect for
NLoS channels, thereby neglecting the possibility that the fading
behavior of some A2G links may transit from one type to
the other during UAV flight. By contrast, we characterize the
probability of an A2G channel experiencing Rayleigh and Rician
fading by incorporating relative azimuth angle, relative distance,
and other location-dependent geometrical measures between the
UAV and ground users. Additionally, we consider factors such
as the number of data bits to be served in each time interval,
transmission power and bandwidth allocation among users,
and users’ local computation time allocation. By combining
decision-making factors related to application data bit allocation
and resource allocation (i.e., power, bandwidth, and time) with
a location-dependent probabilistic modeling approach, we are
able to effectively characterize the reliability of the UAV-assisted
MEC system. To maximize system reliability, we propose a
reliability-oriented joint optimization model that encompasses
the scheduling of data bits, allocation of transmission power
and bandwidth, local computation time allocation, and control
of UAV motion. The main contributions of this paper can be
summarized as follows:

i) We derive a closed-form expression that characterizes
the system reliability by quantifying the probability of
successfully offloading data bits from ground users to
a UAV acting as an aerial edge server within a given

deadline. Our stochastic modeling incorporates the proba-
bility conditioned on both LoS and NLoS fading channels,
while considering load and resource allocation for A2G
transmission links.

ii) We formulate a joint optimization model that maximizes
system reliability under both LoS and NLoS fading chan-
nels. This model allows for the joint optimization of the
UAV’s acceleration, transmission power, bandwidth allo-
cation, data offloading, and time allocation. Additionally,
the model integrates a set of physical constraints, includ-
ing UAV kinematic constraints, resource restrictions, and
data volume limitations, to ensure the feasibility of UAV
motion and energy self-sufficiency while preserving the
integrity of upper-layer applications.

iii) To solve the model, we propose an iterative optimiza-
tion algorithm with polynomial time complexity. This
algorithm equivalently transforms the multi-variable con-
strained optimization problem into a sequence of uncon-
strained problems, making it mathematically tractable
and efficiently solvable. The algorithm also enables the
utilization of legacy unconstrained optimization tech-
niques.

iv) We validate the effectiveness of the joint optimization
method through simulations. Comparative performance
analysis against state-of-the-art methods demonstrates
that our proposed approach achieves the highest system
reliability for the UAV-assisted MEC system, even in the
presence of stochastic fading channels.

We summarize the remainder of the paper as follows. In
the next section, we provide a detailed review of the related
literature. In Section III, we formulate the kinematics, com-
munication, and edge computing models for the target system
and describe the problem. In Section IV, we propose a joint
optimization method. In Section V, we conduct simulations to
compare the performance and present the results. Finally, in
Section VI, we provide concluding remarks.

II. RELATED WORK

UAVs have recently proven successful in many application
scenarios due to their high flexibility. The field of UAV-assisted
communication and MEC has experienced rapid growth in activ-
ity in recent years, with numerous studies making great efforts to
develop various optimization solutions to improve UAV-assisted
networks or MEC systems. Different optimization goals have led
to a wide variety of system designs and solutions. We categorize
related works and provide a comprehensive review of each class
of studies as follows.

Energy Consumption Minimization: [18] combines an en-
coding mechanism with a dandelion algorithm to jointly op-
timize the UAV’s deployment and trajectory. Their essential
goal is to minimize the energy consumption of a UAV-assisted
Internet-of-Things (IoT) system during data collection. In [19],
block coordinate descent and deep reinforcement learning-based
algorithms are proposed to optimize multiple UAVs’ trajectories
and resource allocation while making user association decisions.
They aim to minimize all users’ energy consumption when
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performing computation offloading. In [20], the system goal is
to minimize the energy consumption of both UAVs and ground
users. To achieve this goal, the researchers formulate the energy
consumption minimization problem as a mixed-integer pro-
gramming model and use a block successive upper-bound mini-
mization algorithm to obtain a near-optimal solution. In [21],
the researchers propose a distributed optimization algorithm
based on fractional programming and primal-dual optimization
techniques, which can reduce the whole energy consumption
of flying ad hoc networks considering nodes with multi-packet
reception capability. In [22], a decomposition approach is pre-
sented to handle the energy consumption minimization problem
in UAV-assisted networks. They develop a gradient projection-
based iterative algorithm to jointly optimize the UAV’s longi-
tudinal acceleration and transmission power to minimize the
UAV’s total energy consumption. In [23], the researchers treat
UAVs as wireless power charging stations and formulate a
network cost function that is minimized using a backward induc-
tion optimization technique. In summary, the aforementioned
works demonstrate impressive performance in minimizing the
energy consumption of UAV-assisted networks. However, they
primarily focus on either LoS channels or NLoS channels when
modeling UAV-assisted A2G communications. Few solutions
for energy consumption minimization consider the stochastic
characteristics of A2G links’ state transition between LoS and
NLoS propagation and the impact of coexisting LoS and NLoS
propagation.

Energy-Efficiency Optimization: Resource allocation and
power control are popular techniques to enhance the energy
efficiency of UAV-assisted networks. Advanced optimization
and game-theoretical methods such as the Lagrange multiplier
method, successive convex approximation (SCA), block coordi-
nate descent (BCD), evolutionary game theory, mean-field game
theory, and their variants have been extensively employed to
address energy-efficiency optimization problems. In [6], a cost
function for UAV-base stations is designed based on quality of
service (QoS) and energy consumption. The authors propose a
hierarchical mean-field game framework to adapt UAVs’ trans-
mission power and channel access. Similarly, [7] decomposes
the energy-efficiency optimization problem in UAV-assisted
non-orthogonal multiple access (NOMA) networks into three
sub-problems and presents an alternating algorithm to jointly
optimize transmission power, communication scheduling, and
UAVs’ motion parameters. In the context of intelligent reflecting
surface (IRS)-assisted UAV communication systems, [8] formu-
lates the energy-efficiency optimization problem as a Markov
decision process (MDP) and develops a deep deterministic pol-
icy gradient (DDPG) algorithm to optimize the UAV’s trajectory
and the IRS phase shifts. Another study in [9] also employs the
Markov decision process methodology and proposes proximal
policy optimization (PPO) to obtain a near-optimal UAV tra-
jectory while optimizing content caching decisions and radio
resource allocation. In the cited literature above, the energy effi-
ciency metric is commonly defined as the ratio of network-wide
throughput or system capacity to total energy consumption, with
the aim of increasing the number of transmitted bits per unit
of energy consumed. However, these studies primarily model

LoS channels while neglecting the probabilistic effects of NLoS
propagation. Existing energy-efficiency optimization methods
do not account for the stochastic state transition between LoS
and NLoS channels in their system models.

Time-Oriented Optimization: The optimization of a UAV’s
flight duration or transmission time is another crucial per-
formance metric. In [11], researchers propose a method that
combines clustering and trajectory planning for UAVs with the
goal of minimizing flight time and enhancing data collection
efficiency. Similarly, [10] formulates a conditional auction game
model and designs a group-buying coalition auction scheme to
improve UAVs’ data collection efficiency, yielding a significant
reduction in the average age of information (AoI) of sensors.
To reduce a UAV’s energy consumption and task completion
time, [12] formulates a mixed-integer optimization model and
employs a combination of the BCD and SCA algorithms to
solve the problem. In [13], researchers aim to minimize content
acquisition delay for ground users and propose a PPO-based
deep reinforcement learning method to jointly optimize users’
association, cache placement, UAV’s trajectory, and transmis-
sion power. Several other studies have developed fractional
programming algorithms [14] and heuristic algorithms [15], [16]
to address the problem of minimizing UAV-assisted transmis-
sion time. In the aforementioned studies, researchers widely
adopt a deterministic modeling approach. They typically model
transmission time or end-to-end latency without considering the
probabilistic state transition of the A2G communication links.
Consequently, the optimization methods presented may be less
efficient or may fail when UAVs encounter various fading paths.

Sum Rate Maximization: In [17], researchers developed a
UAV-enabled multi-hop routing framework to facilitate col-
laborative fog computing. They integrated a UAV selection
algorithm with Benders decomposition and SCA techniques
to maximize the system throughput utility. In [24], BCD and
SCA techniques were employed to solve a non-convex sum rate
maximization model, providing an optimal UAV trajectory and
resource allocation solution. In contrast, [25] aims to maximize
the sum of computation bits. The researchers introduced an
alternative optimization algorithm to jointly adjust user as-
sociation and UAV trajectories, optimizing CPU frequencies,
transmission power, and offloading time of UAVs and ground
users simultaneously [25]. [26] focuses on a UAV-assisted
covert communication scenario with guaranteed privacy and
establishes a probability model for Willie’s minimum detection
error. In their target relaying network, they developed an SCA
algorithm incorporating penalties on detection errors to maxi-
mize the minimum average covert transmission rate. A similar
SCA technique is also employed to enhance the throughput of
multi-UAV-assisted connected vehicles [28]. The basic idea is
to decompose the primal problem into several sub-problems,
including UAV communication scheduling, power allocation,
and trajectory optimization [28]. Building on the SCA technique,
many other works have developed various joint optimization
solutions to enhance the sum rate of UAV-assisted systems,
such as joint communication and computing resource scheduling
solutions [31], joint power and trajectory design solutions [32],
and joint placement and resource allocation solutions [33].
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In [27], researchers combined a channel allocation algorithm
with a data delivery scheme to maximize the overall throughput
of a UAV-assisted post-disaster network. In [29], researchers
developed a multi-agent deep reinforcement learning (MADRL)
solution based on the PPO algorithm, aiming to maximize
users’ sum rates by jointly making decisions on downlink and
uplink association of a multi-tier UAV communication network
and optimizing UAV trajectories. Using a similar MADRL
approach, [30] maximizes users’ sum rates by enabling rate-
splitting multiple access (RSMA) in UAV-assisted networks. In
the aforementioned literature, numerous studies have focused on
developing solutions to maximize either the sum transmission
or computation rates, as these rates significantly influence the
overall service capacity of UAV-assisted systems. However,
few efforts have incorporated the stochastic nature of A2G
fading channels into system modeling and optimization. The
exploration of stochastic modeling and optimization to ensure
computation offloading reliability in UAV-assisted networks is
an area that remains largely unexplored.

Aggregate Cost Minimization: To minimize system costs,
advanced heuristic optimization algorithms, such as differential
evolution algorithms, have been integrated with legacy opti-
mization techniques, including BCD and SCA techniques. This
integration facilitates the joint optimization of UAV trajecto-
ries, user association, and passive beamforming of IRS compo-
nents [34]. In addressing the aggregate cost optimization prob-
lem, game-theoretical and reinforcement learning approaches
have been widely employed. For example, [35] models the joint
channel and link selection problem of UAV-assisted networks
as a two-way consensus game. The study applies a minimum
spanning tree algorithm and a distributed best response algo-
rithm to manage the consensus game, wherein UAVs strive
to minimize their aggregate cost. In [36], researchers develop
a reinforcement learning-based joint solution to optimize a
UAV’s trajectory and jamming power. This approach aims to
enhance the capacity of UAV-assisted eavesdropping channels
in surveillance scenarios. In the literature above, researchers
formulate an aggregate cost function that encompasses various
system performance metrics, such as energy consumption, task
completion time, and maintenance costs associated with ground
nodes or UAVs. Nevertheless, few works jointly optimize UAV
acceleration control and resource and data bit allocations.

In UAV-assisted MEC scenarios, ensuring the communication
reliability of an air-ground integrated network stands out as a
primary objective. This importance arises from the reliance of
many emerging autonomous and connected applications, such
as real-time environment perception of autonomous vehicles,
real-time digital twins for vehicular diagnostics, and online
road traffic monitoring, on dependable communication within
the network. Reviewing the literature cited above, it becomes
evident that existing joint optimization solutions, while suc-
cessful in addressing UAV trajectory design, resource allo-
cation, communication and computation scheduling, and user
association, do not adequately account for reliability-oriented
modeling and optimization. Specifically, most current studies
employ deterministic modeling approaches to characterize the
average transmission rate over LoS or NLoS links, overlooking

Fig. 1. A typical UAV-assisted mobile edge computing scenario where ground
vehicles offload their application data to the UAV for remote processing using
both LoS and NLoS wireless links.

the potential for A2G links to switch between LoS and NLoS
propagation scenarios. In instances where both LoS and NLoS
propagation scenarios occur, it becomes crucial to incorporate
the probability of each fading case into the modeling of A2G
communication reliability. To bridge this gap, we propose a
system model from the stochastic modeling perspective, incor-
porating both LoS and NLoS channel characteristics, which
distinguishes our study from the related works above. Unlike
the existing literature, we characterize communication reliability
by modeling the probability that ground nodes can successfully
offload their computation to the UAV given a set of resource
and latency constraints. This reliability formulation establishes a
connection between node mobility, resource allocation, and data
transmission scheduling, thereby leading to the development
of a reliability-oriented joint optimization model that considers
multi-dimensional decision variables. Furthermore, we propose
a convergence-guaranteed and low-complexity optimization al-
gorithm. This algorithm effectively optimizes resource alloca-
tion, including bandwidth, offloading time, and transmission
power, as well as user data partitioning and UAV motion control.

III. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a UAV-assisted MEC network as demonstrated in
Fig. 1. A flying UAV equipped with a computing server can offer
edge computing services for ground users, including IoT nodes
and connected vehicles. This type of UAV is also known as an
aerial cloudlet. It has the ability to flexibly plan its trajectory and
control its motion to collect and execute computation tasks from
a group of ground users. Let the set of ground users requesting
to offload computation tasks to the UAV for remote processing
be I, I = {1, 2, . . . , N}. Without loss of generality, we use
the well-known Orthogonal Frequency Division Multiplexing
(OFDM) technique to enable multiple ground users to access
the UAV without interferences simultaneously. Besides, com-
putation offloading and edge computing are operated in a Time
Division Multiplexing (TDM) manner. Namely, the continuous
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time horizon is discretized into a sequence of intervals each
with an equal duration of Δt seconds. Each time interval is
indexed by k, with k ∈ Z≥0. For each time interval k, it is further
divided into three stages, including a multi-access computation
offloading stage, a computation processing stage, and a result
feedback stage. In the offloading stage, N ground users offload
their application input data to the UAV. Then, the UAV processes
the input data in the computation processing stage. In the result
feedback stage, the UAV sends the computation output back
to the ground users. In this system, the UAV needs to jointly
determine optimal motion control, resource allocation (includ-
ing the duration of different stages, bandwidth and transmission
power), and data transmission scheduling strategies. Here, it is
remarked that the size of computation outcome is usually much
smaller than that of data to be offloaded for many applications
(e.g., the output of an AI-based object classification application
is simple indication data, the size of which is much smaller than
that of the input data like images and videos). At this point, the
time and energy cost for the UAV to transmit the computation
output back to the ground users can be neglected as in the recent
literature [37], [38], [39], [40], [41].

A. UAV’s Mobility Model

To characterize the mobility of the flying UAV, we adopt
a three-dimensional (3D) euclidean coordinate framework to
present the node’s geometric position. In the kth time inter-
val, the 3D position of user i (i ∈ I) is denoted by si[k] =
[xi[k], yi[k], zi[k]]

T, where xi[k], yi[k] and zi[k] represent
the longitudinal, the latitudinal, and the altitudinal positions,
respectively. The 3D position of the UAV is denoted by
s[k] = [x[k], y[k], z[k]]T. The 3D velocity and the 3D accel-
eration of the UAV in time interval k are denoted by v[k] =
[vx[k], vy[k], vz[k]]

T and a[k] = [ax[k], ay[k], az[k]]
T, respec-

tively. Hence, the mobility of the UAV can be described by using
a time-discrete double-integral model as follows{

s[k + 1] = s[k] + Δtv[k] + (Δt)2

2 a[k];

v[k + 1] = v[k] + Δta[k].
(1)

Similar to considerable current literature [37], [38], [39], [40],
[41], [42], [43], [44], [45], we consider fixing the height of
the flying UAV, i.e., setting az[k] = 0m/s2, vz[k] = 0m/s and
z[k] = HUAV for all k ∈ Z≥0, such that its motion can be sim-
plified to the two-dimensional kinematic process. HUAV is a pre-
specified flight height of the UAV.1 In our work,{a[k], k ∈ Z≥0}
are treated as the real-time mobility control inputs for the UAV,
i.e., decision variables, which remain to be optimized.

Now, let q[k] = col{s[k],v[k]} represent a mobility state of
the UAV in time interval k. We are allowed to rearrange (1) into
a state-space form as follows

q[k + 1] = Aq[k] +Ba[k], (2)

1As another research direction, the optimization of the UAV’s deployment
altitude can be found in other works such as [5], [46], [47].

whereA andB are the coefficient matrices associated with the
state variable and the control variable, respectively, i.e.,

A =

[
1 Δt

0 1

]
⊗ I3, B =

[
1
2 (Δt)2

Δt

]
⊗ I3. (3)

In (3), ⊗ denotes the Kronecker product operator. I3 is a 3× 3
identity matrix.

Additionally, the initial position and velocity of the UAV
are given as sc = [xc, yc, HUAV]

T and vc = [vx,c, vy,c, 0]
T, re-

spectively. The terminal position and velocity are specified as
sf = [xf , yf , HUAV]

T and vf = [vx,f , vy,f , 0]
T, respectively.

The initial state and the final state can be represented by
qc = col{sc,vc} and qf = col{sf ,vf}, respectively. Due to
the physical limit, the velocity and the acceleration of the UAV
should be bounded within a proper interval. At this point, we let
the upper and the lower bounds on the UAV’s velocity be vmin

and vmax, respectively, and the allowed acceleration bounds be
amin and amax, respectively. We also consider that the UAV’s
trajectory is bounded within a finite space. The upper and lower
bounds of the position are given as smin and smax, respectively.
Hence, the motion control of the UAV needs to satisfy the
following state and control constraints{

q[k] ∈ [qmin, qmax] ;

a[k] ∈ [amin,amax] ,
(4)

for all k ∈ Z≥0, where qmin = col{smin,vmin} and qmax =
col{smax,vmax}.

B. Delay-Constrained Application and Computation Model

For each ground user i ∈ I, we use two parameters to char-
acterize their computation tasks, the delay requirement (in the
number of time intervals) for a user to offload computation tasks
for remote processing, Ti, and the total volume of input data bits
(also referred to as the total computation demand),Ci [41], [48],
[49], [50]. To facilitate edge computing, each ground user i ∈ I
partitions the total input data, Ci, into a sequence of smaller-
size pieces, i.e., denoted by ui = col{ui[k], k = 1, 2, . . . , Ti}.2

Each data piece ui[k] should be fully transmitted to the UAV
in the offloading stage of the kth time interval and processed
in the computation stage of the kth time interval. The overall
data transmission scheduling is required to strictly ensure the
integrity of the application data and the application deadline,
which can be presented by the following equality and inequality

2This paradigm is similar to MapReduce, which enables distributed task
processing [51]. Many mobile-sensing cloud-computing-based applications can
be subdivided into a series of sub-tasks or sub-jobs, which can be executed in
parallel and independently by partitioning the input data [48], [49]. For example,
a typical application in the field of connected and autonomous vehicles is the
online pattern recognition of driving behavior or vehicle trajectory based on
federated learning over the network. Vehicular nodes are allowed to offload
parts of their monitoring data (e.g., the in-vehicle video and real-time GPS
data) to the aerial edge for cooperative computing [31]. Even though there are
situations where application tasks cannot be divided into smaller pieces and
must be processed on a single node, concurrency benefits can still be realized
by executing a large number of such tasks in batches.
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constraints for all i ∈ I{∑Ti

k=1 ui[k] = Ci;

ui[k] ∈ [0, Ci], k = 1, 2, . . . , Ti.
(5)

Utilizing the dynamic voltage and frequency scaling (DVFS)
technique, the UAV-mounted cloudlet can dynamically adjust
its CPU cycle frequency in the time interval k, denoted as f [k]
(in cycles per second), to complete the computation execution
within this interval [37], [38], [40]. Let the total mission time
horizon of the UAV be T = max{Ti, i ∈ I}. Denote by �i the
number of CPU cycles required to process 1-bit input data of user
i ∈ I. From the UAV’s perspective, the CPU cycle frequency
f [k] in the kth time interval is given as follows

f [k] =

∑N
i=1 �iui[k]

κ[k]Δt
, k = 1, 2, . . . , T, (6)

where κ[k] is the ratio of time allocated for the computation
processing stage in time interval k, withκ[k] ∈ (0, 1). Typically,
the CPU-cycle frequency f [k] should have an upper bound
denoted by fmax, i.e., f [k] ≤ fmax, which imposes additional
constraints on decision variables ui[k] and κ[k] as follows

fmaxκ[k]Δt−
N∑
i=1

�iui[k] ≥ 0, k = 1, 2, . . . , T. (7)

C. Channel Model and Communication Reliability

The radio signal propagation heavily affects the wireless com-
munication performance, which is more complicated in the air-
ground integrated network. In many current research works such
as [5], [40], [45], [52], [53], [54], [55], [56], [57], a simple as-
sumption that the wireless channel is dominated by the LoS links
is commonly adopted. However, when considering the heavily
built-up urban environments, i.e., there exist many obstacles
scattering the radio signal and no dominant propagation between
the UAV and the ground users, the LoS channel assumption may
not be feasible. At this point, the communication channel is more
likely to be characterized by the NLoS links. Therefore, in our
paper, we explicitly take into account the effects of both the LoS-
and the NLoS-type channels, more specifically, the dynamics of
the stochastic transition between the LoS and the NLoS links. Let
PrLoS(di[k]) denote the probability that the transmission channel
between the UAV and ground user i ∈ I in time interval k is in
the LoS propagation state. According to [46], PrLoS(di[k]) can
be evaluated by

PrLoS (di[k]) =
1

1 + θ1 exp
(
−θ2

(
180
π arcsin

(
z[k]
di[k]

)
− θ1

))
(8)

for all i ∈ I, where θ1 and θ2 are two constants whose settings
depend on the flight environment, di[k] denote the geometric
distance between the UAV and user i in time interval k, i.e.,

di[k] = ‖s[k]− si[k]‖2 , (9)

where si[k] denotes the position of user i in time interval k.
It is noted that the positions of the UAV and ground users can

be accessed through their onboard Global Positioning System
(GPS) modules. The UAV collects the position information of
users via a common broadcasting channel (e.g., the dedicated
short-range communication channel 178 for control signaling).
Following (8), the probability of the NLoS situation is

PrNLoS (di[k]) = 1− PrLoS (di[k]) , i ∈ I. (10)

To proceed, we investigate the effects of both the LoS and the
NLoS propagation channels, respectively, as follows.

1) The LoS Propagation Channel: When computation of-
floading is performed over the LoS propagation channel, the
signal attenuation mainly results from the potential combined
effect of the small-scale fading over the LoS link and the
multi-path scatterers [5], [58], [59]. In this case, the stochastic
channel fading can be well characterized by using a Rician
distribution [60]. Thus, letting the power gain of the LoS-type
A2G channel be GLoS, the probability density function (PDF) of
GLoS can be formulated as [60]

fGLoS(x) = α2 exp
(− (α2x+KRician

))
I0

(
2α
√

KRicianx
)

(11)

for ∀x ≥ 0, where α denotes the strength coefficient of the LoS
propagation path, KRician is the Rician factor used to reflect the
ratio of the signal power in the LoS component to the average
power in the multi-path scatters, and I0(·) represents the refined
first-kind Bessel function with the zero order. Besides, the
strength coefficient α of the Rician fading is further expressed
as follows

α =

√
KRician + 1

ωLoS
, (12)

where ωLoS is the variance of the fading radio signal.
2) The NLoS Propagation Channel: In the case of the NLoS

propagation situation, where there exists no dominant propaga-
tion along an LoS path between the UAV and the ground users,
the well-known Rayleigh fading is considered as a most suitable
model for capturing the large-scale fading, dense obstacles, and
frequently scattering effects. Thus, we denote the power gain
of the NLoS propagation channel by GNLoS and the PDF of
GNLoS can be formulated as follows, according to the Rayleigh
distribution [60],

fGNLoS(x) = exp(−x), ∀x ≥ 0. (13)

Based on (11) and (13), the transmission capacity of the channel
allocated to ground user i ∈ I can be formulated as follows

πi[k] = λi[k]B log2

(
1 +

pi[k]Gl

σ2
l d

βl

i [k]

)
, l ∈ {LoS,NLoS},

(14)

where B > 0 is the total available bandwidth and λi[k] ≥ 0
denotes the bandwidth allocation ratio for user i in time interval
k. For all the ground users, we have

∑N
i=1 λi[k] = 1. In (15),

pi[k] denotes the transmission power of user i in time interval
k, σ2

l and βl represent the average background noise power and
the path-loss exponent for wireless link case l ∈ {LoS,NLoS},
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respectively. For both the LoS and the NLoS propagations, we
also obtain the following results:

Lemma 1: Given the time allocation ratio for computation
processingκ[k], the bandwidth allocation ratioλi[k], the adopted
transmission power pi[k], the scheduled data to be transmitted
ui[k] and the relative distance between the UAV and user i di[k],
the probability of successful transmission completion for user i
in time interval k for the LoS propagation channel is

PrLoS (κ[k], λi[k], pi[k], ui[k], di[k])

= PrLoS

{
πi[k] ≥ ui[k]

(1− κ[k])Δt

}

= Q1

⎛⎝√2KRician, α

√
2
(
2φi[k] − 1

)
σ2

LoSd
βLoS
i [k]

pi[k]

⎞⎠ , (15)

where φi[k] is given by

φi[k] =
ui[k]

(1− κ[k])Δtλi[k]B
, (16)

and Q1(·, ·) is the first-order Marcum Q-function defined as

Q1(x, y) =

∫ ∞

y

s exp

(
−x2 + s2

2

)
I0(xs)ds, (17)

where x, y ≥ 0, and I0(·) is the modified first-kind Bessel func-
tion with the zero order as in (11).

For the NLoS propagation channel, the probability of suc-
cessful transmission completion for user i in interval k is

PrNLoS (κ[k], λi[k], pi[k], ui[k], di[k])

= PrNLoS

{
πi[k] ≥ ui[k]

(1− κ[k])Δt

}

= exp

(
−
(
2φi[k] − 1

)
σ2

NLoSd
βNLoS
i [k]

pi[k]

)
. (18)

Proof: The proof of Lemma 1 is provided in Appendix A of
the online supplementary material. �

Lemma 2: For each i ∈ I, the probability of successful trans-
mission completion via the LoS propagation channel in time
interval k can be approximated as

PrLoS (κ[k], λi[k], pi[k], ui[k], di[k])

≈ exp
(
− exp (b1 (μ1))μ

b2(μ1)
2,i [k]

)
, (19)

where μ1 and μ2,i[k] are defined according to (15) as follows⎧⎨⎩
μ1 =

√
2KRician;

μ2,i[k] = α

√
2(2φi[k]−1)σ2

LoSd
βLoS
i [k]

pi[k]
.

(20)

In (19), b1(μ1) and b2(μ1) are two n-order polynomials.
Proof: This lemma follows the approximation of the first-

order Marcum Q-Function proposed in [61]. �
Using the lemmas above, we derive a closed-form expression

for characterizing the communication reliability with the con-
sideration of the stochastic fading effect of both the LoS and the
NLoS propagations as follows.

Theorem 1: For each user i ∈ I, the communication reliabil-
ity in each time interval k is

Pri[k] =
∑
l∈N

Prl (κ[k], λi[k], pi[k], ui[k], di[k]) Prl (di[k]) ,

(21)

where N is used to denote the set of the different link types,
N = {LoS,NLoS}. The overall communication reliability for
supporting computation offloading during Ti time intervals is

Ri =

Ti∏
k=1

Pri[k], i ∈ I. (22)

Proof: As the ground user partitions the entire data demand
into a series of data pieces for offloading, the offloading of these
data pieces is independent across different time intervals [48],
[49]. Therefore, the results (21) and (22) can be derived immedi-
ately by utilizing the law of total probability and multiplication
in probability theory. �

As indicated by Theorem 1, the communication reliability
formulation incorporates the impacts of resource allocation (in-
cluding bandwidth and offloading time), transmission power,
data partitions, and node mobility in the UAV-assisted MEC
system. It is regarded as the primary system objective to be
maximized. Therefore, we refer to the communication reliabil-
ity formulation as the reliability metric of this communication
system in this work.

D. Energy Consumption Model

1) Propulsion Energy Consumption Model: We consider a
fixed-wing UAV, whose propulsion energy consumption in time
interval k can be estimated by

Epro[k] = θ3 ‖v[k]‖32 +
θ4

‖v[k]‖2

(
1 +

‖a[k]‖22
g2

)
, (23)

where g is the constant gravitational acceleration with a conven-
tional value of 9.8 m/s2. The two parameters θ3 and θ4 can be
specified based on the UAV’s weight, aerodynamic shape and
air-fluid dynamics [62].

Given the limited energy of the UAV, we denote the total
energy budget for the UAV flight as Epro,max. Then, we impose
the following constraint on the propulsion energy consumption
of the UAV:

T∑
k=1

Epro[k] ≤ Epro,max. (24)

2) Offloading Energy Consumption Model: The ground
users consume energy for transmitting the offloaded data to the
UAV. Specifically, for each user i ∈ I, the offloading energy
consumption in time interval k is calculated as

Ei,off[k] = (1− κ[k])Δtpi[k], ∀k. (25)
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There is an upper bound of the offloading energy consumption
of i ∈ I, Ei,max, which is expressed as

Ti∑
k=1

Ei,off[k] ≤ Ei,max. (26)

In addition, the transmission power for each user i ∈ I is also
bounded as

pi[k] ∈ [pi,min, pi,max] , ∀k. (27)

3) Computing Energy Consumption Model: Let the effective
switched capacitance of the computing hardware architecture of
the UAV-mounted cloudlet be ζ. According to [40], the energy
consumption for processing the tasks offloaded from user i ∈ I
in time interval k is calculated by

Ei,com[k] = ζ�iui[k](f [k])
2, k = 1, 2, . . . , Ti; i ∈ I. (28)

We further denote the energy budget of the UAV for edge
computing by Ec,max. Then, we should have

N∑
i=1

Ti∑
k=1

Ei,com[k] ≤ Ec,max. (29)

E. Joint Optimization Problem Formulation

For notation simplicity, we let⎧⎪⎪⎪⎨⎪⎪⎪⎩
a = col {a[k], k = 1, 2, . . . , T} ;
κ = col {κ[k], k = 1, 2, . . . , T} ;
λi = col {λi[k], k = 1, 2, . . . , Ti} , i ∈ I;
pi = col {pi[k], k = 1, 2, . . . , Ti} , i ∈ I.

(30)

To guarantee the reliability of the UAV-assisted MEC system
in the presence of probabilistic LoS and NLoS channel fading,
we propose a joint optimization model that aims to maximize
the overall communication reliability by jointly optimizing the
motion control inputs of the UAV,a, the time allocation for edge
computing, κ, the bandwidth allocation for the ground users,
{λi, i ∈ I}, the transmission power allocation for the ground
users, {pi, i ∈ I}, and the data transmission scheduling strate-
gies of the users, {ui, i ∈ I}. The joint optimization problem
can be formulated by combining the above models as follows

M1 : max
w

R (w) =

N∑
i=1

Ri =

N∑
i=1

(
Ti∏
k=1

Pri[k]

)

s.t.

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

(2), (4), (5), (7);

(24), (26), (27), (29);

q[1] = qc, q[T + 1] = qf ;∑N
i=1 λi[k] = 1, ∀k;

κ[k] ∈ (0, 1), λi[k] ≥ 0, ∀i, k;

(31)

where w is a column vector that collects all the decision vari-
ables, i.e.,w = col{a,κ,λi,pi,ui, i ∈ I}.
M1 is a strongly non-convex problem since different devision

variables, a, κ, {λi, i ∈ I}, {pi, i ∈ I}, and {ui, i ∈ I}, are
coupled in the non-concave objective function R(x). Another
challenge in dealing with problem M1 is that the state-space

equations in (2) introduces recursive couplings among the mo-
tion control variables in different time intervals. To address this
problem, we proceed to design a model transformation approach
and an effective iterative algorithm in the following section.

IV. JOINT OPTIMIZATION METHOD

To tackle problem M1, we propose a joint optimization
method that transforms the original constrained optimization
problem into a sequence of unconstrained optimization subprob-
lems by combining a set of augmented Lagrangian multipliers.
The subproblems can be effectively solved by using uncon-
strained optimization techniques (such as Newton’s methods).

A. Model Transformation

Since the original problem M1 involves the recursive cou-
pling among the motion state variables, {q[k], ∀k}, and the
control variables, {a[k], ∀k}, as shown in (2), we are inspired by
the direct multiple shooting method to include the state variables
in successive time intervals as decision variables. Thus, the
state-space equations in (2) can be treated as equality constraints.
We let q = col{q[k], k = 2, 3, . . . , T + 1} and introduce an
augmented decision variable vector to collect all the decision
variables as ψ = col{q,w}. For simplicity, the lower bound
and the upper bound of the augmented decision variable ψ are
given as ψmin and ψmax, respectively, i.e.,

ψmin =

[
1T ⊗ qmin

wmin

]
, ψmax =

[
1T ⊗ qmax

wmax

]
, (32)

where wmin and wmax are given by

wmin =

⎡⎢⎢⎢⎢⎢⎢⎣
1T ⊗ amin

0|κ|
0|λ|
pmin

umin

⎤⎥⎥⎥⎥⎥⎥⎦, wmax =

⎡⎢⎢⎢⎢⎢⎢⎣
1T ⊗ amax

1|κ|
1|λ|
pmax

umax

⎤⎥⎥⎥⎥⎥⎥⎦, (33)

where | · | represents the set cardinality, 0 and 1 are all-zero
and all-one vectors, and pmin, pmax, umin, umax are the lower
and upper bounds of all the transmission power allocation and
transmission scheduling decision variables.

Let g1(ψ) = ψ −ψmin, g2(ψ) = ψmax −ψ, g3(ψ) =

Epro,max −
∑T

k=1 Epro[k], g4(ψ) = Ec,max −
∑N

i=1

∑Ti

k=1 ζ

�iui[k](f [k])
2, andg5,i(ψ) = Ei,min −∑Ti

k=1(1− κ[k])Δtpi
[k] for each i ∈ I. From the constraints in (7), we also have
g6(ψ) = col{fmaxκ[k]Δt−∑N

i=1 �iui[k], k = 1, 2, . . . , T}.
Now, we can lump all the inequalities involved in the original
problem M1 into a column vector function, g(ψ), as follows

g(ψ) = col
{
g1(ψ), . . . , g4(ψ), g5,i(ψ), i ∈ I, g6(ψ)

}
,

(34)

so that we can represent the whole inequalities as g(ψ) ≥ 0.
Following the same logic above, we let h1(ψ) = q[1]− qc,

h2(ψ) = q[T + 1]− qf , and

h3,k(ψ) = q[k + 1]− (Aq[k] +Ba[k]) (35)
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for k = 1, 2, . . . , T . We also introduce{
h4,i(ψ) = Ci −

∑Ti

k=1 ui[k], i ∈ I
h5,k(ψ) = 1−∑N

i=1 λi[k], k = 1, 2, . . . , T.
(36)

Using the notations, we can lump all the equalities into a column
vector function, h(ψ), as follows

h(ψ) = col

{
h1(ψ),h2(ψ),h3,k(ψ),h4,i(ψ),h5,k(ψ),

i ∈ I, k = 1, 2, . . . , T

}
.

(37)

Hence, the whole equalities of M1 can be represented in a more
compact fashion, i.e., h(ψ) = 0.

Let the size of the function vectors g(ψ) andh(ψ) be mg and
mh, respectively. We use gl(ψ) to denote the lth entity in g(ψ)
for l = 1, 2, . . . ,mg , and hl(ψ) in h(ψ) for l = 1, 2, . . . ,mh.
We have the following result:

Lemma 3: The original problem M1 has an augmented La-
grangian function as follows

Lσ(ψ,ν,ϑ) = −
N∑
i=1

Ri

+
1

2σ

mg∑
l=1

{
[max (0, νl − σgl(ψ))]

2 − ν2l

}

−
mh∑
l=1

ϑlhl(ψ) +
σ

2

mh∑
l=1

h2
l (ψ), (38)

where ν = col{νl ∈ R, l = 1, 2, . . . ,mg} and ϑ = col{ϑl ∈
R, l = 1, 2, . . . ,mh} are Lagrangian multipliers. σ > 0 is a
positive penalty factor.

Proof: The proof of Lemma 3 is provided in Appendix B of
the online supplementary material. �

B. Successive Unconstrained Optimization

From Lemma 3, we can see that the penalty factor,σ, scales the
effect of unsatisfied equality constraints on the augmented La-
grangian function, Lσ(ψ,ν,ϑ). A fundamental question arises
when incorporating such penalty factor into Lσ(ψ,ν,ϑ): how
to configure the penalty factor such that we can solve a local op-
timal point of the original problem M1 by solving the following
unconstrained optimization problem

M3 : min
ψ

Lσ(ψ,ν,ϑ). (39)

To answer this question, we turn to prove the equivalence be-
tween a local optimal solution ofM1 and a strict local minima of
M3 (orM2) under certain conditions. For simplicity, we collect
both the inequalities and equalities into a function vector,H(ψ),
as follows

H(ψ) =

[
g(ψ)− ς � ς

h(ψ)

]
, (40)

where ς is given by (S.8) in Lemma 3, and�denotes the element-
wise product operator. Let Hl(ψ) be the lth entity of H(ψ),
with l = 1, 2, . . . ,mg +mh, and let υ = col{ν,ϑ}. Then, the

augmented Lagrangian function (38) can be rewritten as

Lσ(ψ,υ) = −
N∑
i=1

Ri

−
mg+mh∑

l=1

υlHl(ψ) +
σ

2

mg+mh∑
l=1

H2
l (ψ)

= −
N∑
i=1

Ri − υTH(ψ) +
σ

2
H(ψ)TH(ψ).

(41)

Besides, the traditional Lagrangian function is given as

L(ψ,υ) = −
N∑
i=1

Ri − υTH(ψ). (42)

Let ψ̄ be a local optimal solution of the original problemM1 that
satisfies the second-order sufficient optimality condition, i.e., a
set of Lagrangian multipliers, ῡ = col{ῡl, l = 1, 2, . . . ,mg +
mh}, exist such that{

−∑N
i=1 ∇Ri −Wῡ = 0;

H(ψ̄) = 0,
(43)

where W = [∇H1(ψ̄), . . . ,∇Hmg+mh
(ψ̄)], and for any

nonzero vector � 
= 0 satisfying �T∇Hl(ψ̄) = 0, l =
1, 2, . . . ,mg +mh, it holds that

�T∇2
ψL(ψ̄, ῡ)� > 0. (44)

For such ψ̄ and ῡ, we have the following result:
Theorem 2: Suppose that ψ̄ and ῡ satisfy the second-order

sufficient condition for a local optimal solution of the original
problem M1. There exists a nonnegative constant, σ′ ≥ 0, such
that for all σ satisfying σ > σ′, ψ̄ is a strict local minima of the
unconstrained optimization problem M3.

Proof: From (41), we can first have

∇ψLσ(ψ̄, ῡ) = −
N∑
i=1

∇ψRi −
mg+mh∑

l=1

ῡl∇ψHl(ψ̄)

+ σ

mg+mh∑
l=1

Hl(ψ̄)∇ψHl(ψ̄). (45)

Since ψ̄ is a local optimum that meets the second-order sufficient
condition, it is also a Karush-Kuhn-Tucker (KKT) point of M1.
Recalling (43), we can see

∇ψLσ(ψ̄, ῡ) = 0. (46)

In the following, we only need to prove that the Hessian matrix
of Lσ(ψ, ῡ) at the point ψ̄, ∇2

ψLσ(ψ̄, ῡ), is a positive-definite
matrix. From (45), we have

∇2
ψLσ(ψ, ῡ) = −

N∑
i=1

∇2
ψRi

−
mg+mh∑

l=1

(ῡl − σHl(ψ))∇2
ψHl(ψ)
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+ σ

mg+mh∑
l=1

∇ψHl(ψ)∇ψHl(ψ)
T

= Q+ σWWT, (47)

whereQ is given by

Q = −
N∑
i=1

∇2
ψRi −

mg+mh∑
l=1

(ῡl − σHl(ψ))∇2
ψHl(ψ). (48)

Substituting ψ̄ into (47), we obtain

∇2
ψLσ(ψ̄, ῡ) = Q̄+ σW̄W̄

T
. (49)

Let rank(W̄ ) = r ≤ mg +mh and n be the size of ψ̄. We
introduce a matrix V ∈ Rn×r that is an orthogonal matrix with
respect to W̄ , V TV = I , i.e., the r column vectors of V are
a group of orthogonal bases of a subspace generated from the
mg +mh column vectors of W̄ . Thus, we can have

W̄ = V Z, (50)

where Z = V TW̄ and rank(Z) = r.
Besides, let ξ be any nonzero column vector, ξ ∈ Rn×1, such

that it can be expressed as

ξ = ξ1 + V ξ2, (51)

where ξ1 satisfies V Tξ1 = 0. We also have W̄T
ξ1 = 0, i.e.,

∇Hl(ψ̄)
Tξ1 = 0, l = 1, 2, . . . ,mg +mh. (52)

Using the above notations, we can rewrite ξT∇2
ψLσ(ψ̄, ῡ)ξ as

ξT∇2
ψLσ(ψ̄, ῡ)ξ

= (ξ1 + V ξ2)
T
(
Q̄+ σW̄W̄

T
)
(ξ1 + V ξ2)

= ξT1 Q̄ξ1 + 2ξT1 Q̄V ξ2 + ξ
T
2 V

TQ̄V ξ2 + σξT2ZZ
Tξ2.

(53)

Since ψ̄ is a local optimal solution of the original problem M1

that satisfies the second-order sufficient condition, there exists
a positive constant c1 > 0 such that

ξT1 Q̄ξ1 ≥ c1‖ξ1‖22. (54)

Let c2 be the maximum singular value of the matrix Q̄V and
c3 = ‖V TQ̄V ‖2. Additionally, let c4 > 0 be the minimum
eigenvalue of ZZT. Then, we have

ξT∇2
ψLσ(ψ̄, ῡ)ξ

≥ c1‖ξ1‖22 − 2c2‖ξ1‖2‖ξ2‖2 + (σc4 − c3) ‖ξ2‖22. (55)

Since ξ 
= 0, ξ1 and ξ2 must not be zero vectors simultaneously.
Therefore, if σ is sufficiently large such that

σc4 − c3 − c22
c1

> 0, (56)

i.e.,

σ >
c22 + c1c3

c1c4
, (57)

we have

ξT∇2
ψLσ(ψ̄, ῡ)ξ > c1‖ξ1‖22 − 2c2‖ξ1‖2‖ξ2‖2 +

c22
c1

‖ξ2‖22

=

(√
c1‖ξ1‖2 −

c2√
c1

‖ξ2‖2
)2

≥ 0. (58)

The above result indicates that

ξT∇2
ψLσ(ψ̄, ῡ)ξ > 0 (59)

always holds true and there exists σ′, i.e.,

σ′ =
c22 + c1c3

c1c4
, (60)

such that ∇2
ψLσ(ψ̄, ῡ) is positive definite when σ > σ′. Com-

bining (46) and (59), we can conclude that ψ̄ is a strict local
minima of M3. �

In Theorem 2, we show the necessary condition for the local
optimal solution of the original problemM1. On the other hand,
we also have the sufficient condition as follows.

Theorem 3: Suppose that there exists a feasible point, ψ̃, such
that Hl(ψ̃) = 0 for l = 1, 2, . . . ,mg +mh, ψ̃ is a local minima
of the unconstrained optimization problemM3 with a certain υ̃,
i.e., ψ̃ ∈ argminLσ(ψ, υ̃), and ψ̃ also satisfies the second-order
sufficient condition for the local minima of M3. Then, ψ̃ is a
strict local optimal solution of M1.

Proof: Since ψ̃ is a local minima of Lσ(ψ, υ̃) and satisfies
the second-order sufficient condition, we have

∇ψLσ(ψ̃, υ̃) = 0, (61)

and, for any nonzero vector ξ 
= 0, we have

ξT∇2
ψLσ(ψ̃, υ̃)ξ > 0. (62)

Recalling (45), (61) andHl(ψ̃) = 0 for l = 1, 2, . . . ,mg +mh,
we yield

−
N∑
i=1

∇ψRi −
mg+mh∑

l=1

υ̃l∇ψHl(ψ̃) = 0. (63)

At this point, ψ̃ is a KKT point of M1.
Recalling (47) and (62), for any nonzero vector ξ satisfying

ξT∇ψHl(ψ̃) = 0, l = 1, 2, . . . ,mg +mh, (64)

we can get

ξT

(
−

N∑
i=1

∇2
ψRi −

mg+mh∑
l=1

υ̃l∇2
ψHl(ψ̃)

)
ξ > 0. (65)

According to (63) and (65), ψ̃ is a strict local optimal solution
of M1. �

Based on Theorems 2 and 3, we do not need to set the penalty
factor σ to be infinite. Given the Lagrangian multipliers, we can
obtain a local optimal solution of the original problem M1 by
minimizing the unconstrained optimization objective function
Lσ(ψ,υ) with a sufficiently large σ.

Next, we further propose an iterative estimation scheme to
find the optimal Lagrangian multipliers ῡ and the corresponding
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local optimal solution ψ̄. Let j be the index of iterations, and
ψj and υj be the jth iterate of the solution and the Lagrangian
multipliers, respectively. Whenψj is a minimizer ofLσ(ψ,υj),
i.e., ψj ∈ argminLσ(ψ,υj), we have

∇ψLσ(ψj ,υj) = −
N∑
i=1

∇ψRi

−
mg+mh∑

l=1

(
υl,j − σHl(ψj)

)∇ψHl(ψj)

= 0. (66)

For the original problem M1, a local optimal solution ψ̄ and a
set of optimal Lagrangian multipliers ῡ should satisfy

∇ψLσ(ψ̄, ῡ) = −
N∑
i=1

∇ψRi

−
mg+mh∑

l=1

ῡl∇ψHl(ψ̄) = 0. (67)

From (66) and (67), we see that ifψj = ψ̄, we have ῡl = υl,j −
σHl(ψj) for l = 1, 2, . . . ,mg +mh. This formula inspires the
following update equation to iteratively adjust the Lagrangian
multipliers

υl,j+1 = υl,j − σHl(ψj), l = 1, 2, . . . ,mg +mh. (68)

Recalling (S.8) and (40), we can rewrite the updates of these
Lagrangian multipliers based on (68) as follows{

νl,j+1 = max
(
0, νl,j − σgl(ψj)

)
, l = 1, 2, . . . ,mg;

ϑl,j+1 = ϑl,j − σhl(ψj), l = 1, 2, . . . ,mh.

(69)

Based on Lemma 3 and Theorems 2 and 3, the overall solving
algorithm is summarized in Algorithm 1. In this algorithm, we
adapt the penalty factor σ by multiplying it with a constant
Cσ > 1 to increase its value. We have ε1 > 0 denote the tolerant
numerical error, and ε2 ∈ (0, 1) is a constant threshold to adjust
the penalty factor. The unconstrained optimization problem can
be solved by using legacy unconstrained optimization methods,
such as Newton’s methods and the conjugate gradient descent
methods.

C. Algorithm Complexity Analysis

As demonstrated in Theorem 2, the penalty factor σ does
not need to be infinite. Therefore, by utilizing the sufficient
conditions outlined in [63], the sequence of penalty factors gen-
erated by Algorithm 1, denoted as {σj , j = 0, 1, . . .}, possesses
an upper bound σupper, i.e., σj ≤ σupper. Additionally, due to
the continuity of h(ψ) and the compactness of the solution
domain of ψ, ‖h(ψ)‖2 remains bounded throughout iterations.
We denote the upper bound of ‖h(ψ)‖2 by hupper. According
to algorithm complexity theory, the time complexity of an algo-
rithm is typically characterized by a function representing the
worst-case number of iterations for convergence. We can employ
the big-O notation to describe the time complexity. Hence, based

Algorithm 1: Iterative Optimization Algorithm.

on the complexity analysis provided in [64] (refer to Theorem
3.1 in [64]), the time complexity of Algorithm 1 is characterized
as follows:

Corollary 1: Let the worst-case running time for Algorithm
1 be Tworst. Algorithm 1 has

Tworst ∈ O
⎛⎝N(ε1)

log
(

σupper

σ0

)
log (Cσ)

log
(

ε1
hupper

)
log (ε2)

⎞⎠ , (71)

where N(ε1) denotes the worst-case number of iterations re-
quired to achieve the given numerical accuracy ε1 in solving the
unconstrained optimization M3, i.e., solving (70).

Proof: The proof of Corollary 1 is provided in Appendix C
of the online supplementary material. �

Moreover, according to [65], a cubically regularized Newton’s

method can achieve anO(ε
− 3

2
1 ) complexity bound, i.e.,N(ε1) ∈

O(ε
− 3

2
1 ). Substituting this result into (71) in Corollary 1, we

further have

Tworst ∈ O
⎛⎝ε

− 3
2

1

log
(

σupper

σ0

)
log (Cσ)

log
(

ε1
hupper

)
log (ε2)

⎞⎠ . (72)

The result (72) indicates that the algorithm can efficiently solve
the problem, as it exhibits polynomial time complexity.

V. SIMULATION EVALUATION

A. Simulation Setup

We conduct simulations to validate the performance of the
proposed joint optimization method and demonstrate its superi-
ority over several other optimization approaches. We integrate
MATLAB with SUMO [66], a well-known microscopic traffic
simulator, to develop a simulation environment. Specifically,
we utilize real traffic data from the city of Bologna to emulate
ground traffic flows in a real-world road traffic scenario [67].
Fig. 2 illustrates the local road network and a UAV’s source and
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Fig. 2. A local road traffic network in the city of Bologna. In this scenario, the
UAV, operating within constraints of limited energy and computing resources,
optimizes its motion through acceleration control. Concurrently, it manages
bandwidth allocation and offloading time among numerous ground vehicles,
guided by the optimal resource allocation strategy derived from our joint
optimization algorithm. At the user end, ground vehicles adapt their transmission
power and effectively allocate data bits for offloading within designated time
intervals, aligning with the optimal power and data partition strategies facilitated
by our optimization algorithm. In this manner, both the aerial edge node and
ground nodes contribute to enhancing overall system performance within the
confines of resource limitations.

TABLE I
PARAMETERS RELATED TO UAV MOBILITY

TABLE II
PARAMETERS RELATED TO ALGORITHM DESIGN

destination. Table I presents the primary parameters related to
the UAV mobility [40].

The required number of CPU cycles for processing per bit
data of ground vehicle i, �i, is uniformly generated within
[1× 103, 2× 103] (cycle/bit) once before simulation and fixed
during each simulation experiment. The values of �i with i ∈ I
are randomly changed during different sets of experiments. We
refer to [61] to specify the approximate first-order marcum
Q-functions as follows

b1(μ1) = 2.174− 0.592μ1 + 0.593μ2
1

− 0.092μ3
1 + 0.005μ4

1, (73)

b2(μ1) = − 0.840 + 0.327μ1 − 0.740μ2
1

+ 0.083μ3
1 − 0.004μ4

1. (74)

The entire simulation duration spans 50 seconds, and some
other parameters are given in Table II. The remaining LoS and
NLoS channel characteristics and communication parameters
are presented in Table III, as referenced in [46], [68], [69].

TABLE III
PARAMETERS ASSOCIATED WITH CHANNEL AND COMMUNICATION

Fig. 3. Comparison of the UAV’s trajectories at different altitudes.

B. Method Validation

To validate the algorithm performance, we vary the altitude
of the UAV, denoted by HUAV, from 10m to 100m with an in-
crement of 10m. Fig. 3 presents the UAV’s trajectories obtained
using our joint optimization method under different altitudes.
The line plots shown at z = 0m correspond to the trajectories
of various ground vehicles, and the color intensity of each line
represents the speed of a node at a spatial location. Fig. 3
illustrates that when the UAV’s altitude is below 90m, it moves
closer to the ground vehicles on the bottom road to ensure reli-
able ground-to-air communication. Simultaneously, it maintains
connectivity with the vehicles on the top road. However, as the
altitude reaches z = 100m, the UAV adjusts its trajectory by
moving closer to the top road in order to remain connected with
the ground vehicles there. The underlying reason is that the link
distance between the UAV and the ground vehicles on the top
road increases more rapidly. This adjustment compensates for
the more pronounced degradation of link reliability among the
top road vehicles when the UAV operates at higher altitudes.
Consequently, the UAV guarantees uninterrupted and stable
communication with all ground vehicles on both roads.

Fig. 4 displays the convergence of the implemented algorithm
across various altitudes. We observe that the average communi-
cation reliability stabilizes within a limited number of iterations
at each altitude setting. Moreover, the optimal communication
reliability increases as the altitude decreases. This trend arises
from the UAV’s closer proximity to the ground vehicles when
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Fig. 4. Algorithm convergence performance.

operating at lower altitudes, resulting in enhanced communica-
tion reliability.

C. Performance Comparison

We compare our method with a benchmark scheme that
focuses solely on UAV trajectory optimization (TO) [45]. Ad-
ditionally, we evaluate our approach against several advanced
schemes: i) Joint Trajectory and Time Allocation Optimization
(TKO), which optimizes both UAV motion and the offloading
time allocation for ground users, similar to the method in [38]; ii)
Joint Trajectory and Bandwidth Allocation Optimization (TLO),
which optimizes both UAV motion and the bandwidth allocation
for ground users [55]; iii) Joint Trajectory and Power Optimiza-
tion (TPO), which adjusts the transmission power of ground
users in conjunction with UAV trajectory optimization [32]; iv)
Joint Trajectory and Resource Optimization (TKLPO), which
considers transmission power, bandwidth, and offloading time
allocations while optimizing UAV trajectory [25], [31], [40]. To
facilitate a clear comparison between our proposed method and
the comparison methods, we have included two tables in the
supplementary material. Table S.1 outlines the differences in
optimization focus, while Table S.2 highlights the distinctions
in algorithm design.

Recall that Pri(k) represents the probability of vehicle i suc-
cessfully offloading its data piece, ui[k], to the UAV for remote
processing in time interval k. Since Pri(k) ∈ [0, 1], there exists
a positive real number, ni(k), such that Pri(k) = 1− 10−ni(k).
The exponent ni(k) = − log10(1− ni(k)) is a monotone in-
creasing function of Pri(k), which is utilized as a performance
indicator to demonstrate the time-varying communication re-
liability for computation offloading. Fig. 6 shows the perfor-
mance of the computation offloading links between four ground
vehicles and the UAV. The flight height of the UAV is fixed at
HUAV = 50m. Fig. 5 illustrates the LoS and NLoS probabilities
of each communication link under different methods. We ob-
serve that LoS propagation predominates most of the time, and
the compared methods display distinct dynamics in LoS and
NLoS propagation probabilities. This contrast is particularly

Fig. 5. Time-varying LoS and NLoS probabilities of individual links.

Fig. 6. Time-varying communication reliability of individual links.

noticeable in Link #1. The discrepancy arises from the fact
that these methods yield different UAV trajectories, resulting
in greater variation in the distance of Link #1 as the UAV
follows different trajectories. Additionally, Fig. 5 shows that
the link probability curves experience some inflection points.
The main reason is that the channel state of each link transits
between the LoS propagation and the NLoS propagation. The
transition probabilities of different links are dependent on the
time-varying relative distances between the ground vehicles and
the UAV as indicated by (8) and (10). When the LoS propagation
dominates the communication link (e.g., Link #2), the LoS
probability dramatically increases, while the NLoS probability
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Fig. 7. Performance comparison under different altitudes.

decreases. Conversely, increasing relative link distance can lead
to an increase in the NLoS probability and a reduction in the
LoS probability, as shown in Link #1. These figures implicitly
demonstrate the significant impact of the mobility of ground and
aerial nodes on the characteristics of the links.

Furthermore, Fig. 6 shows the time-varying reliability of var-
ious links under different methods. It can be observed that there
are several inflection points in the curve of each method’s expo-
nent value. The underlying reason is that each method modifies
the UAV’s acceleration, as well as the resource and bit allocations
across different time intervals. When the communication link is
allocated with more bandwidth or less data load, and the link
distance decreases, the probability that a ground vehicle suc-
ceeds in offloading its computation in a time interval rises from
a low point to a high one. Conversely, the success probability
drops from a high point to a low one when the communication
link becomes unreliable for realizing computation offloading.
By comparison, our method, as well as the TPO and TKLPO
schemes, maintains an exponent value of over 2.5 for each
computation offloading link throughout the flight. This indicates
that the success probability of computation offloading for the
vehicles is guaranteed to be higher than 1− 10−2.5 ≈ 0.9968
on average. From Fig. 6(a) and (b), it is evident that our method
outperforms the others regarding the reliability of vehicle 1 and
2 most of the time. However, TPO occasionally achieves a higher
exponent value for vehicles 3 and 4, as shown in Fig. 6(c) and
(d). None of the methods can achieve the highest reliability for
all individual users at all times. Nonetheless, our method, TPO,
and TKLPO schemes experience less fluctuation in individual
communication reliability than the other schemes.

Fig. 7 compares the average communication reliability of the
system at different altitudes. Our method exhibits the highest
communication reliability among the methods when considering
the overall performance of the ground vehicles. Specifically, at
HUAV = 90m and 100m, our method provides a significantly
higher reliability guarantee in comparison with both the TPO
and TKLPO schemes. At these altitude settings, our method
achieves an average performance that is 17.82% and 64.89%
higher than TPO and TKLPO, respectively. The primary reason

Fig. 8. Performance comparison under different computing demands.

Fig. 9. Performance comparison under different computing energy alloca-
tions.

is that our method can optimize not only the resource allocation
and the UAV’s trajectory but also adapt the data partition for
computation offloading.

Fig. 8 illustrates the average communication reliability under
different offloading demands of ground vehicles. It is observed
that an increase in the volume of each vehicle’s application
data offloaded to the UAV results in a degradation of commu-
nication reliability. This outcome is expected because a higher
communication load increases the likelihood of communication
link failure during the offloading of the entire application data.
Specifically, the reliability performance sharply decreases when
the offloading demand, Ci, increases from 40 Mbit to 70 Mbit.
However, in such a scenario, our joint optimization method
can provide the best reliability performance. In particular, our
method achieves approximately 19.54% and 10.36% higher
communication reliability than the TLO and TPO schemes,
respectively.

To show the impact of computing resource allocation, we
evaluate the reliability performance under different computing
energy budget, Ec,max. Fig. 9 illustrates that the TO, TLO, and
TPO schemes exhibit low sensitivity to changes in the computing
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Fig. 10. Performance comparison under different offloading energy alloca-
tions.

energy budget. This lack of sensitivity stems from the fact that
these solutions do not aim to optimize the decision variables
associated with the UAV’s computing energy consumption,
namely {κ[k], k = 1, 2, . . . , T}. In these compared methods,
the time allocation ratios are set to 0.5, indicating that they
allocate equal time for both computation offloading and process-
ing. In comparison, increasing the computing energy resource
can enhance reliability performance in the other methods. Our
proposed method and the TKLPO scheme achieve comparable
communication reliability, resulting in an average improvement
of 27.42% over the TKO scheme.

Fig. 10 depicts the impact of the offloading energy budget,
Ei,max, on the average communication reliability. It can be
observed that changes in the energy budget do not affect the TO
and TLO schemes. This is because their decision variables do
not consider communication energy consumption. By contrast,
increasing the offloading energy resource can enhance the per-
formance of other methods, including TKO, TPO, and TKLPO.
In comparison, our joint optimization method achieves the high-
est reliability performance. Specifically, when the offloading
energy budget is below 5.0 J, our method guarantees a reliability
performance above 0.66, which is significantly higher than the
performance of the TKO, TPO, and TKLPO methods.

We also investigate the impact of the number of ground
vehicles and the energy reserved for UAV motion. Fig. 11
compares the average communication reliability of different
methods under various numbers of ground vehicles. It can be
observed that more vehicles can reduce the system reliability
since the bandwidth and time resources allocated per vehicle
decrease. However, our method achieves the highest average
communication reliability. Furthermore, the reliability perfor-
mance under different UAV propulsion energy budgets is pre-
sented in Fig. 12. Except for TLO, increasing the propulsion
energy budget enables the UAV to adjust its trajectory with
greater flexibility, resulting in improved reliability for ground
vehicles’ computation offloading. The average reliability of
TLO fluctuates around 0.7 due to numerical instability. However,
it can offer a performance gain over the TO and TKO methods.

Fig. 11. Performance comparison under different numbers of ground vehicles.

Fig. 12. Performance comparison under different propulsion energy budgets.

This suggests that the UAV can derive greater benefits from
the joint optimization of trajectory and bandwidth allocation
compared to optimizing only the trajectory or jointly optimizing
the trajectory and time allocation. By comparison, our method
outperforms the TPO and TKLPO schemes by 5.5% and 3.9%,
respectively. These reliability performance gains demonstrate
that joint data transmission scheduling, resource allocation, and
motion control can benefit the UAV-assisted edge computing
system.

VI. CONCLUSION AND FUTURE WORK

In this paper, we present a joint optimization model for UAV-
assisted edge computing systems. Our objective is to maximize
the system reliability when ground users offload their application
data to a UAV for remote processing. Specifically, we derive
a closed-form expression of the system reliability that cap-
tures the characteristics of both LoS and NLoS communication
links. The reliability formulation also incorporates upper-layer
application data bit allocation, bandwidth and offloading time
resource allocations, as well as the mobility of the node. This
comprehensive formulation leads to a novel objective for joint
optimization that goes beyond resource allocation, integrating
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user data transmission scheduling and UAV motion control
within a unified optimization framework. To solve the problem,
we propose a low-complexity optimization algorithm. This al-
gorithm leverages augmented Lagrangian multipliers, enabling
the utilization of legacy unconstrained optimization techniques
and demonstrating well-guaranteed convergence performance.
Simulation results validate the effectiveness of the proposed
method, highlighting its superior performance in comparison
with several existing schemes in terms of enhancing system
reliability. For future work, the system model will be extended
to encompass a UAV swarm-cooperative scenario and jointly
optimize the utilization rates of resources across multiple UAV-
mounted cloudlets.
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