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Abstract—Unmanned aerial vehicles (UAVs) with communi-
cation and computing capabilities are essential for supporting
mobile edge computing (MEC). They can be deployed flexibly
to provide computing services for remote mountainous areas or
disaster-stricken areas with damaged communication facilities,
thereby enhancing communication quality and coverage area.
Considering the 5G ultra-reliable and low-latency communication
(URLLC) application requirement issues, this paper focuses on
a UAV-based cloud-edge cooperative scheduling system aimed
at minimizing the system processing delay while maintaining of-
floading fairness. We address the optimization of user scheduling,
UAV flight trajectory, and task offloading ratio under constraints
on the energy consumption and discrete variables. Given the
complexity of formulated optimization problem, which involves
mixed-integer nonlinear programming (MINLP), non-convexity,
high-dimensional state space, and continuous action space, we
introduce a deep reinforcement learning (DRL)-based computa-
tion offloading approach that leverages the deep deterministic
policy gradient (DDPG) algorithm. It explores the continuous
action space, encompassing variables like UAV flight angle and
speed, takes precise actions according to the current state, and
ultimately identifies an optimal offloading strategy. Simulation
experiments show that the proposed algorithm notably diminishes
the processing delay in contrast to other baseline approaches,
while they also confirm that the effectiveness of cloud-edge hybrid
offloading surpasses that of either single cloud offloading or UAV
offloading strategies.

Index Terms—Computation offloading, unmanned aerial ve-
hicles (UAVs), mobile edge computing (MEC), DDPG, delay
optimization.

I. INTRODUCTION

ITH the development and popularization of 5G tech-
Wnology, the terminal user equipments (UEs), such as
smartphones and tablets, generate a large amount of data that
requires computational processing. Meanwhile, these devices
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are increasingly running computation-intensive and delay-
sensitive applications like maps and navigation, image ren-
dering, cloud gaming, and telemedicine, thereby requiring
substantial computing resources and leading to high energy
consumption [1]. However, owing to the size and power
consumption constraints of UEs, alongside considerations of
production costs, mobility, and portability, computing re-
sources are frequently constrained, thereby impacting the user
experience. To enhance the processing efficiency of computing
tasks, especially for the 5G ultra-reliable and low-latency com-
munication (URLLC) applications, mobile cloud computing
(MCC) has been proposed. It enables the UEs to transfer the
computing tasks to the cloud which hosts abundant processing
resources, thereby reducing the energy usage. Nevertheless,
cloud servers are typically located far from UEs, which can
lead to significant transmission delays and negatively impact
the user experience [2]. Mobile edge computing (MEC) has
emerged as an attractive technology to tackle this problem. It
allows smart devices to connect to cloud with lower delay by
relocating network control, storage, and computation closer to
network edge [3].

The application of MEC has shortened the average distance
of wireless transmissions, significantly improving the energy
efficiency, transmission delay, and reliability [4]-[7]. The work
in [4] focused on jointly optimizing the MEC access network
selection and the service layout to enhance service quality
cost-effectively by intelligently balancing the access delay,
communication delay, and service switching costs. Alfakih e?
al. [5] utilized a SARSA algorithm to address resource allo-
cation problems in edge computing, aiming to make optimal
offload decisions that minimize system costs. Xiong et al. [6]
introduced a hybrid integer programming model that leverages
a deep reinforcement learning (DRL) framework alongside
an attention technique. This approach aims to address the
challenge of task assignment in MEC, thereby reducing the
processing delay. Dai et al. [7] investigated a motion-aware
cloud—edge—end collaborative scheduling strategy based on
DRL. By defining the optimization objective, they aimed
at reducing the maximum delay among various tasks and
subsequently reformulated it into a Markov Decision Process
(MDP). Following that, they utilized a DRL with a cus-
tomized reward system, and incorporated NoisyNet to achieve
an almost optimal solution. All the aforementioned studies
provide edge computing services through setups equipped
with computing capabilities, such as base stations and micro
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data centers. However, deploying edge devices in areas with
relatively low UE density is generally not commercially vi-
able. Such coverage vulnerabilities can present obstacles in
processing tasks produced by UEs in distant regions [8].

Considering the maneuverability and adaptability of un-
manned aerial vehicles (UAVs), there has been extensive
research on UAV-assisted MEC. Integrating MEC servers with
UAVs in UAV-assisted MEC can significantly decrease system
cost, including computation delay and energy consumption [9].
Research in this area has mainly focused on task offloading,
computing resource allocation, and path planning [10]-[12].
Kota et al. [10] examined a UAV-assisted MEC system using
hybrid non-orthogonal multiple access (H-NOMA) with the
aim of reducing energy consumption for UEs characterized
by high computational demands and sensitivity to delays.
They achieved this by proposing a delay-based clustering
method along with a low-complexity resource distribution
algorithm. Zhang et al. [11] studied a system wherein the UAV
delivers data processing services to multiple smart devices.
They proposed a soft actor-critic (SAC) based approach for
computation offloading in UAV-assisted MEC to optimize
the system’s computation offloading service, with the goal
of minimizing terminal processing delay. Lin et al. [12]
introduced a PDDQNLP algorithm that merges DRL with
linear programming (LP), in order to maximize the energy
efficiency of the UAV and maintaining offloading fairness. Due
to the limited computational resources provided by a single
UAV and its small communication coverage, it cannot meet
the computational needs of multiple UEs. When the number
of UEs increases significantly, the user experience will be
severely impacted. Therefore, considering the use of multiple
UAVs to cooperatively assist, MEC can fully utilize UAV
resources and further improve system performance [13]-[14].
In addition, digital twin (DT)-based aerial computing network
is also a very promising research direction. With help of DT,
it is easy to obtain comprehensive and high-fidelity real-world
state information for model training, enabling intelligent and
efficient UAV deployment [15]. However, relying solely on
either single UAV offloading or cloud offloading cannot fully
optimize the system’s performance. By considering hybrid
offloading, which leverages the strengths of both UAV and
cloud server to achieve complementary advantages, the system
performance can be further enhanced.

Recently, more and more researchers have turned their
attention to cloud-edge hybrid offloading methods [16]-[22]. In
[16], a framework was presented for estimating resources and
scheduling tasks to execute hybrid workflows on both cloud
computing and edge computing systems. This framework
utilizes scheduling technology to carry out workflow tasks on
a cooperative cloud-edge system, addressing delay-sensitive
application issues and improving resource utilization at the
layer of edge. Wang et al. [17] introduced a collaborative
dynamic task scheduling strategy for cloud-edge system, uti-
lizing a hierarchical deep neural networks (DNNs) approach.
This approach realizes the collaborative calculation between
the cloud and the edge of DNN models, effectively reducing
the execution time for services, thus improving overall system
application service quality. Sun et al. [18] introduced a cloud-

edge cooperative scheduling policy that employs a UAV. This
strategy employs a lightweight and flexible genetic algorithm
(FGA) to optimize task assignment and UAV positioning, with
the objective of reducing both energy usage and processing
delay through weighted summation. All studies mentioned
in [19]-[22] reduced system delay and energy consumption
through employing cloud-edge hybrid offloading schemes.
However, many challenges remain in current cloud-edge hy-
brid offloading research and application, such as the complex-
ity of making offloading decisions and task offloading fairness.
In a cloud-UAV hybrid offloading system, determining which
tasks to offload to UAV or cloud server, and which tasks to
process locally, involves complex decision-making problems.
Additionally, when the UAV provide computing services for
UEs, there may be an imbalance in user scheduling, resulting
in unfair task offloading.

To address these challenges, we suggest a UAV-based cloud-
edge collaborative task scheduling strategy, wherein the UAV
serves as a special edge node, acting as both a computing
facility and a wireless access point. As previously mentioned,
deploying edge devices in areas with relatively low UE density
is generally not cost-effective, so we use the UAV to act as an
edge device in these areas. The cloud and UAV collaborate to
handle computing tasks generated by UEs, delivering efficient
and reliable MEC services to the regions. In summary, our key
contributions are outlined below:

1) Novel hybrid offloading strategy: Our work proposes
a novel hybrid computation offloading strategy based on the
deep deterministic policy gradient (DDPG) algorithm. By
leveraging division operations, this paper transforms the multi-
objective optimization challenge, involving delay and fairness
index, into a single-objective optimization task. This simpli-
fication not only reduces the complexity of reward function
design, but also avoids the conflicts between competing ob-
jectives, which is often a challenging issue in multi-objective
optimization. Then, we utilize the proposed DDPG algorithm
to derive the optimal solutions for user scheduling, UAV flight
trajectory, and task offloading ratio between the UAV and
the cloud. Consequently, a good balance between delay and
fairness is achieved in the offloading strategy.

2) Model framework and flexibility: This study considers
the time-varying channel status in the time-slotted cloud-edge
cooperative scheduling system. Unlike the existing DDPG
designs that may be constrained to the specific network
structures, our approach can be applied to both two-layer and
three-layer architectures, allowing for a versatile comparison
of single offloading strategies and hybrid offloading strategies.
This adaptability is particularly important when addressing
different network environments and user demands.

3) Fairness consideration: Most existing research in UAV-
assisted MEC primarily focuses on minimizing delay, which
often results in imbalanced task distribution among UEs. This
can lead to scenarios where some UEs experience significantly
lower delays while others suffer from substantial performance
degradation. In contrast, our approach systematically integrates
fairness into the optimization process, ensuring balanced task
offloading across all UEs. By doing so, we prevent the
situations where optimizing solely for delay benefits a subset
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of UEs at the expense of others. This fairness is achieved
by incorporating a fairness index into the reward function
of our DDPG-based method, which ensures the equitable
resource distribution without sacrificing the system efficiency.
Furthermore, our approach not only improves the overall
user experience but also enhances the system robustness in
scenarios with diverse user demands.

4) Validating performance superiority: Through simula-
tion experiments, the effectiveness of the proposed algorithm
over baseline approaches is showcased. Furthermore, it is
shown that the hybrid offloading outperforms the single cloud
offloading or UAV offloading. The optimal task offloading
ratio to minimize the system delay under a three-layer ar-
chitecture is also identified. The simulation results ultimately
highlight the impact of considering the offloading fairness on
user scheduling, UAV flight trajectory, and fairness index.

The remainder of this paper is organized as follows. Section
II describes the system model, then outlines the optimization
problem. Section III gives a brief overview of the fundamental
principles of DRL and puts forward a DDPG-based computa-
tion offloading approach. Section IV provides the simulation
experiments. Finally, Section V summarizes the findings and
illustrates the conclusion.

II. SYSTEM MODEL

We focus on a cloud-edge cooperative scheduling system
that employs a UAV within a three-layer architecture. The
system model comprises K UEs, a single UAV outfitted with
a nano MEC server, and a cloud server, as depicted in Fig.1.
The UAV’s flight duration is split into equal time slots. All
UEs within the UAV’s coverage area have the opportunity to
receive computing and communication services from the UAV.
In order to avoid interference and data crosstalk among UEs,
a periodic time division multiple access (TDMA) protocol is
applied [23]. The UEs have the option to perform computing
tasks locally, delegate them to the UAV, or transmit them to the
cloud. Table I provides an overview of the primary notations
and definitions.

5G/4G/Wi-Fi

Fig. 1: Cloud-edge cooperative scheduling system.

TABLE I: NOTATIONS AND DEFINITIONS

Notations Definition

K The overall count of UEs

1 The count of time slots

T The UAV’s flight cycle

H,L,W The height, length, and width of the 3D square area

sk (%), u(?) The spatial vector coordinates of UE k and the UAV

di*v (i) The distance between the UE k and the UAV

dgloud () The distance between the UE k and the cloud

Tk,uav (1) The data transmission rate between the UE k and
the UAV

Tk, cloud (1) The data transmission rate between the UE k and
the cloud

R}V (4) The task offloading ratio from UE k to the UAV

Rzl"“d(i) The task offloading ratio from UE & to the cloud

s The CPU cycle count necessary for processing each
individual byte of data

ag(3) The binary decision variables about user scheduling
Dy (i) The data volume of UE k

fue The processing rate of UE k

fuav, feioua  The processing rate of the UAV and cloud

PNrLos The transmission loss

Umaz s Umin The UAV’s maximum and minimum speeds

Crmaz The UAV’s maximum coverage radius

E, The maximum capacity of the battery
net The potential networks encompass 5G, 4G, and Wi-Fi

A. Network Architecture and Communication Model

We adopt & € {1,2,..., K} to represent a collection of
UEs. Denote the location of UE k as s = (zk,yx). A
UAV flies at a constant altitude and delivers services to UEs
on the ground. We use 7' to represent a complete flight
cycle of the UAV, which is a variable that can be split
into I time slots. Utilizing the three-dimensional Cartesian
framework for coordinate representation [24], the UAV’s co-
ordinate is represented as u(i) = (x(4),y(i), 2) at time slot
1€ {1,2,...,I}, where z is a fixed value that does not change
over time. Similarly, the coordinate of UE k is further denoted
as sg (i) = (zx(7), yx(7)). To facilitate computation, we mark
the UAV’s horizontal coordinate as h(i) = (x(i), y(¢)). Then,
the distance between the UE k and the UAV can be expressed
as dp*’(i) = \/||h(z) — 5,(i)||* 4 22. The channel gain for
the line-of-sight (LoS) link between the UE £ and the UAV is
given as [23]

uav (; uav (\1—0 Qo

9k (Z) Oéo[dk (/L)] [d%’m}(i)]&7 (1)
where o indicates the channel gain at a standard distance
of d = 1m, and § is the path-loss factor. Since we adopt
a LoS channel model in our framework, the path-loss factor
0 is set to 2, which is a common value under free-space
conditions [18]. This assumption is generally reasonable for
communication between the UAV and UEs, as UAVs typically
operate at altitudes where LoS transmission is prevalent. Based
on Shannon’s theorem, the data transmission rate between the
UE k and UAV is denoted as

Pupg]?av (Z)
0?2 + fr(i)PNLos
where P, represents the transmission power for UE £’s up-

link. o2 indicates the noise power. B, denotes the transmission
bandwidth between the UE k and the UAV. Pyp,s denotes

rk:,uav(i) - Bu IOgQ(l + )a (2)
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the transmission loss, which occurs when the wireless signal
is blocked by obstacles during transmission, resulting in the
signal cannot be transmitted to the receiving end in a straight
line [25]. fx () is the indicator for whether any blockage exists
between the UAV and the UE k (i.e., 1 signifies the presence
of blockage, and 0 denotes no blockage) [26].

Moreover, we assume that the cloud server has a
fixed position ¢. = (Z¢, Ye,2.) that does not change
over time slot . Thus, the distance between the cloud
server and the UE k can be expressed as d§°ud(i) =
VIre — 21()]2 + [ye — yx(i)]2 + 22. Then, we can further
obtain the channel gain between the cloud server and the UE
k as

(&7s)
[difoud (i)]¢
where £ represents the path-loss factor. Accordingly, the data

transmission rate between the cloud server and the UE k can
be expressed as

giLov(0) = aldg o (0)) ¢ =

3)

Pupgl(éloud(i)
w2+ fr(i)PNros”’
where B, represents the transmission bandwidth between the
UE k and the cloud server and w? denotes the noise power.

Tk, cloud (1) = Belogy(1 + (4)

B. Computation Model

We presume all UEs move randomly within a square area
at a low speed, and a partial offloading policy is applied to
a computational task of size Dy(i) produced by UE k at
time slot 7. The UE k needs to develop an optimal offloading
strategy based on the system state (e.g., the distance between
the user, the UAV, and the cloud server) and complete the task
within the duration of the time slot. We use R}““(i) € [0,1]
to represent the task offloading ratio from UE k to the UAYV,
and R{°v4(i) € [0,1] indicates the task offloading ratio from
UE k to the cloud. Thus, (1 — R (i) — R¢!°“(4)) indicates
the percentage of tasks that remain locally processed.

1) Local Processing : After the partial offloading policy
is executed on the UE k, the remaining tasks are processed
locally. Thus, we solely focus on the local processing time of
the remaining tasks, which is represented as

(1 — Ry (i) — Ri"?(i)) Dy (i)s

T]iocal(i) _ fUE

9

where fy g denotes the processing rate of UE k. Dy (i) denotes
the computing tasks’ size of UE k, and s denotes the CPU
cycle count necessary for processing each individual byte of
data. Correspondingly, the local energy consumption is listed
as

E]lvocal(i) _ (1 _ Rzav(i) _ R(;;loud(’t))Dk(Z)S . eéﬂoeal) (6)

where el¢@! denotes the energy utilized for each computing
cycle.

2) Edge Computing : In the i-th time slot, the coordi-
nates of the UAV flying from its current position w(i) =
(z(7),y(i), z) to the next position can be expressed as

u(i+1) = (z(3) + v(i)cost(i)t 1y, y(2) + v(i)sinb (i)t f1y, (27)),

at a speed v(i) € [0,Vmqz] and an angle 6(i) € [0,27]. tgyy
indicates the flight time. The energy consumed by this flight
can be expressed as

EJ" (i) = Bllv()||?, ®)

where 8 = 0.5Myavtyey [27] and Myay represents the
UAV’s payload.

The computing tasks generated by the UE k are offloaded
to UAV through Wi-Fi. The delay of this layer comprises
the computation delay and transmission delay of tasks on the
UAV. The output size of the UAV’s computation is generally
tiny enough to be ignored [27]. Therefore, we disregard the
downlink’s transmission delay. The execution time can be
obtained as

00
Tk uav (7/)

In this layer, the communication and computation energy
consumption can be represented as

R ({) Dy (i)s

Tl:,mv (Z) fUAV

(€))

B (i) = Ry (i) Dy (i) - e} (10)
Epwn (i) = Ry (i) Di(i)s - €™, (11)

where fi 4y represents the processing rate of the UAV. e}!®?
indicates the energy consumed for each computing unit of
a task on the UAV from the UE k. e}’ represents energy
consumption for each unit of data in the Wi-Fi network [18].

3) Cloud Computing : Through 5G, 4G, and Wi-Fi net-
works, UEs can offload their tasks to the cloud. The total delay
in this layer encompasses the time for data uploading, calcu-
lation, and downloading the calculation results. The download
time for the calculation results can be ignored compared to
the data upload time, since the data size for calculation results
is very small [6]. In this layer, we can describe the execution
time as

_ RY(i) Dy (i)

Tk,cloud(i)

Rylou4(i) D (i)s
fcloud

T (i) . (12

Accordingly, the energy used for transmission and data pro-
cessing in this layer can be described as
Byl dnali) = B0 D (i) - ep,

E0 (i) = Ri“U(i) Dy (i)s - e ™7,

(13)
(14)

where f.;ouq denotes the processing rate of the cloud. eil‘)“d is
the energy used each unit of computing in the cloud. Because
there is enough power on the cloud, this parameter is set to
zero [18]. ezet is the the energy usage each unit data for Wi-Fi,
5G, and 4G networks.

C. Problem Description and Formulation

Our objective is to minimize the maximum processing delay
across all UEs through optimizing the task offloading strategy
under the three-layer architecture (local, UAV, and cloud).
However, minimizing processing delay may lead to issue with
unbalanced user scheduling. The UAV tends to stay close to
certain UEs during one flight cycle, resulting in other UEs
consistently out of the UAV’s coverage range. Consequently,
these UEs are unable to access the computational services
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provided by the UAV and must either offload tasks to the
cloud or handle them locally. In order to address the issue
of user scheduling unbalance, we consider introducing Jain’s
fairness index to ensure offloading fairness between the UAV
and UEs [28].

Jain’s fairness index is commonly used to measure fairness
of resource allocation, with values ranging from O to 1, where
the value closer to 1 indicates a more fair distribution. In the
context of UAV-assisted MEC, the fairness of user scheduling
is crucial. Since a UAV can only establish communication
with a limited number of UEs within one flight cycle, if the
UAV favors certain UEs too much, other UEs will be left
outside the UAV’s coverage area and unable to receive fair
computing resources. Additionally, the fairness of offloading
directly affects the balanced processing of all UEs’ computing
tasks, thereby improving the overall system performance and
user experience.

Moreover, Jain’s fairness index is a widely used fairness
metric, suitable for various resource allocation scenarios [28].
It simply and effectively reflects the balance of resource
distribution within a system. In our study, we place Jain’s
fairness index in the denominator of objective function because
we aim to minimize the data processing delay while keeping
the fairness index as close to 1 as possible. By minimizing
the ratio of delay to the fairness index, we achieve the goal
of reducing delay while ensuring offloading fairness. We give
the expression for the fairness index as follows

(ZkKquﬁ 1O‘k(i)>2
KK (Sho on(i)

where (i) = {0,1} is used to signify the UE’s offloading
indicator. If o, (7) = 1, tasks at UE k can be offloaded to UAV
for processing. Otherwise, tasks have to be handled locally or
offloaded to the cloud.

From the analysis above, we aim at minimizing the
maximum processing delay across all UEs, while also ensuring
offloading fairness between the UAV and UEs. Then, the
binary decision variables about user scheduling o = {a(4)},
UAV 3D trajectory U = {u(i)}, task offloading ratio between
the UAV and the cloud R = {RY®(i), R§!°“?(3)} are jointly
optimized. Hence, we can describe the optimization problem
in this paper as follows

fli) =

15)

s.t.  ag(i) € {0,1},Vi, k, (16a)
K
> ag(i) = 1,4, (16b)
k=1
0 < R¢leud (7)) Ruav (i) < 1,Vi, k, (16¢)
0 < Rglovd(§) + REav (4) < 1,Vi, k, (16d)
ar(@)\/||hG) = sk (D)])* < Crmaz, Vi, k, (16¢)

sk(i) € {(wx(3), yr (9)) |7k (@) € [0, L], yx(i) € [0, W]}
Vi, k, (16f)
h(i) € {(=(i),y(i))|z(i) € [0, L],y(i) € [0, W]}, V4,
, (169)
S (BE™ () + B () < B, (16h)
(B i) + BY2220) + B) < o, vk
" (164)
I K
> > ar(i)Dy(i) = D, (165)

Q
Il
-
£
Il
-

where the binary constraints (16a) and (16b) ensure that the
UAV serves one user during a time slot. Constraint (16¢) and
constraint (16d) specifie the range of task offloading ratio for
the cloud and UAV while ensuring that the sum of the two
does not exceed 1. Constraint (16e) guarantees that the UAV
can only dispatch UEs within its coverage area. Constraint
(16f) and constraint (16g) guarantee that the UAV and UEs
remain within the designated area. Constraint (16h) states
that the UAV’s energy usage cannot surpass the battery’s
maximum capacity during a flight cycle. Constraint (16¢)
indicates that the total energy consumption of each UE must
not exceed its available energy. Constraint (165) specifies
that all computing tasks generated by UEs must be processed
within a period.

To ensure the compliance with both short-term and long-
term constraints during the optimization process, we will
implement several mechanisms in the following. First, we use
a tanh activation function to constrain the offloading ratios
within a reasonable range [29], and ensure the sum of the
UAV and cloud server offloading ratios does not exceed 1. If
exceeded, the UE k will remain in local computation, driving
the optimization to meet the constraint (16d). Second, the
horizontal distance between the UAV and UE £ is considered,
and if it exceeds the UAV’s maximum coverage C),q., the
user cannot be scheduled. We also check the movement
range of the UAV and UE £k during state updates to ensure
they do not exceed the permitted area. Additionally, if the
UAV’s remaining energy is insufficient for computation, the
offloading ratio of UAV is set to zero, shifting to a cloud-based
offloading scheme, so that it can encourage the optimization
process and better adhere to the UAV’s energy constraint
(16h).

I1I. ALGORITHM DESIGN

We utilize DRL to address the optimization problem (16).
Compared to traditional algorithms, DRL requires fewer
computational resources and can circumvent combinatorial
optimization problems. This can significantly enhance the
efficiency of our model training process. First, we approach the
optimization problem from an MDP perspective, defining the
state, action, and reward function. Second, we use the DQN
to tackle the high-dimensional state space challenges, then
propose the DDPG for managing continuous action spaces.
Finally, we provide the implementation process for training
the algorithms.
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A. State, Action, and Reward Definition

1) State Space : In our proposed cloud-edge cooperative
scheduling system, the state space is determined collectively
through K UEs, a single UAV, a cloud server as well as the
surrounding environment. The MDP state is described by a
set of states s; that illustrate the feasible setups of the agent.
Accordingly, the system’s state vector is listed as

8i = (Sk(l)7 u(l)’ dilOUd(i)v Dy, (Z)7 Dremam(i)ﬂ Ebattery (Z))v
a7
where s (i) and (i) represent the location information of
the UE k and the UAV, respectively. d§'°“?(i) indicates the
distance between the cloud and UE k. The size of the
tasks generated randomly by UE £k is represented by Dy (7).
Moreover, D, emain (%) represents the tasks’ size remaining for
the entire system to process. Epqirery(7) indicates the UAV’s
remaining battery power during time slot . It’s worth men-
tioning when i = 1, Epgttery (i) = Ey and Dyepmain (i) = D.
2) Action Space : The agent aims at mapping the observed
state space to the action space. In simpler terms, the agent
takes decisions according to its present state and the surround-
ing environment. In our system design, the agent handles the
offloading decisions for the UE & to be served in each time slot
1. Additionally, the agent optimizes the UAV’s flight trajectory
by adjusting the flight speed and angle to achieve offloading
fairness. Thus, the action space consists of selecting which
UE £k to serve, the UAV’s speed and angle, the offloading
ratio between the UAV and cloud. Then, the action vector is
represented as

a; = (k(i),v(0), 0(0), Ry (i), R{*"(1)), (18

Note that the output of the DDPG algorithm is continuous
action, so we need to discretize the parameter k(i) € [0, K],
which has an integer data type. Specifically, if k(i) # 0,
then &'(i) = [k(¢)], and if k(i) = O, then k'(¢) = 1. Here,
[-]denotes the ceiling operation for integers [1]. We scale the
output speed, angle, and task offloading ratio according to
the actual action range, then output the scaled action to the
environment, where v(i) € [0, Umaqz], 6(2) € [0,27], R} (4)
and R§'°ud(j) € [0,1]. The five parameters mentioned above
will be jointly optimized to minimize the maximum processing
delay among UEs while ensuring offloading fairness between
the UAV and UEs.

3) Reward Function : Generally speaking, the objective
function has a connection to the critic network’s reward func-
tion. We aim at maximizing the cumulative discounted reward
in reinforcement learning (RL). But the proposed cloud-edge
cooperative scheduling system’s goal is to minimize system
delay while ensuring offloading fairness, which represents an
inverse goal compared to RL. Hence, the reward function’s
value must be negatively correlated with the objective func-
tion’s value. The agent takes action a; at time slot ¢ to engage
with the surrounding environment in a specific state s;, and as
it enters the new state s;41, it simultaneously obtains a reward
r(s;,a;). We aim at maximizing the reward by minimizing the
ratio of the maximum processing delay to the fairness index
in problem (16), as follows

ri =r(si,a;) = —(i), (19)

where the ratio of the processing delay to the fairness index
can be denoted as

K .
000 = 3 S man (T, 7 0. T ). 20
k=1

and if k = &/, it indicates that the UE k is scheduled by the
UAV, then oy (i) = 1. Else, ay(i) = 0.

B. Markov Decision Process

If a random process’s next state depends only on the current
state but is unaffected by previous states, then it is said to
exhibit the Markov property. Any game or control task that
possesses Markov property can be termed a Markov Decision
Process (MDP) [30]. The MDP model makes RL problems
significantly simpler because the agent’s actions depend solely
on the current state, while the reward and the new state are
determined by both the present state and the action undertaken.
Thus, modeling RL problems as MDPs provides a more
precise description for the process of the agent interacting with
its surrounding environment and taking decisions.

We convert the proposed optimization problem to MDP and
define MDP as a quadruple (S, A, p(.,.),r), where S and A
indicate the sets of potential states and actions for the agent,
respectively. We employ a policy 7(s;,a;) to associate the
current state with the appropriate action, where s; € S and
a; € A. Under the guidance of policy 7, the agent in the state
s; chooses the corresponding action a;, then moves to the next
state s;+1 with a probability of transition p(s;41]s;,a;), while
acquires an immediate reward r; = r(s;,a;). The primary
aim of the agent is to find an optimal strategy 7*, thereby
maximizing the anticipated cumulative discounted reward, as

follows -
Ri = Z Pyiria
i=0

where v € [0,1] is the discount factor. Under the strategy m,
since the state value function V;(s;) denotes the discounted
rewards’ anticipated sum, the expression of V. (s;) of the agent
in the state s; can be concluded as

2

Va(si) = Ex[Rilso = s:] = B[O _v'ri)lso = si],  (22)
i=0

As mentioned earlier, we use p(s;11]S;,a;) to characterize
the likelihood of transitioning to the new state s;y; after the
current state s; performs the corresponding action a;. Then
according to the Bellman equation, we can transform the state
value function into a time-difference form and expressed as

Vie(si) = B[ v'ri)ls0 = s
=0

=Ex[(r(si,a:) + Z Vri)|so = siqa) (23)
i=1
=7(si,0i) + Z D(Sit1]8i i)V (Sit1),
Si41

To achieve our objective of determining the optimal strat-
egy 7", the optimal state value function V«(s;) guides the
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identification of the best action a; in each state. We describe

Ve« (s;) as follows.
Vi (si) = maz([r(si, ai) +7 Y psiralsi, ai) Vi (si1)],

Sit1

24

The solution 7*(s;) satisfying equation (18) is called the

optimal policy, and the optimal action a; corresponding to the
state s; can be expressed as

a; = argmax Vi (8, a;), (25)

ag

C. Improved DQON Algorithm

The Q-learning algorithm employs a Q-table to represent
state-action values, sometimes called Q-values. Each cell of
this Q-table holds an approximated Q-value corresponding to
a particular state-action pair. When the agent engages with
the environment and gains rewards, the algorithm repeatedly
updates these Q-values until they reach their optimal values
[31]. However, Q-table is only effective for managing simple
problems with few states. As the system model becomes more
complex, employing a memory table becomes impractical.

To address the challenges encountered in Q-learning, we
employ a Q-function instead of a Q-table. Since neural net-
works are very good at modeling complex functions, we
can use an improved approach employing deep Q network
(DQN), where DNNs are used to build the Q-function [32].
This function maps the state to the Q-values of all possible
actions from that state, and the optimal Q-values Q.(s,a)
are approximately derived through utilizing the updated DNN
parameter 6, that is, Q.(s,a) =~ Q(s, a;0).

The DQN structure includes two networks: the target net-
work and the Q network, along with a component referred to
as experience replay. An agent that can generate optimal state-
value pairs after training is termed a Q network. To enhance
the robustness of the training model, the target network and ex-
perience replay are employed [33]. First, the specific practice
of experience replay is that in each time step ¢, a DQN agent
stores its interactive experience tuple (s;, a;,7;, $;+1) into the
replay pool. After that, a random mini-batch of M samples
(Sn, GnsTn, Snt1) is chosen from the replay pool to update
the DNN’s parameters. The second technique for stabilization
involves employing a target network structured identically to
the Q network. The specific method entails keeping the target
network’s parameters constant for a defined duration, then
training the Q network using gradient descent during this time
frame, and finally the parameters obtained from the Q network
are used to regularly update the target network.

In each iteration, DQN selects the optimal action according
to the target network’s weight parameter 6,,, and as mentioned
earlier, 0, is periodically adjusted according to the counterpart
0,, learned by the Q network. Thus, 0, = 6,_z, which
means that the target network updates its weights each Z time
intervals. Then, we can obtain the expression of the target
Q-value y,, as follows

Yp = Tn + VT% Q(Sn41,ns1 |9;)7 (26)

Algorithm 1 A DQN-based computation offloading training

algorithm

1: Initialize: the Q network weight 6 and the target network
weight 6~ = 6;

2: Initialize: the experience replay pool to capacity R and
mini-batch size M;

3: for each episode do
4 Reset environment, and obtain the initial state sg;
5 for time slot = [1, ..1] do
6: Select a; W1th a randorn probability ¢ as
7 if ¢ < ¢ then
8 select an action a; randomly;
9: else
10: choose a; = argmax Q(s;, a;; 0);
11: end if ¢
12: Perform action a;, then receive the reward r; and
13: move to the next state s;41;
14 Store the experience tuple (s;, a;, 74, S;+1) into the
15: experience replay pool;
16: A mini-batch of M samples (s, Gn, Tn, Snt1) 18
17: selected from the experience replay pool;
18: Set y, =15 + 'Ymax Q(Sn+17 an+1‘9 )
19: Update the Q network weight 6 by minimizing
20: the loss function L(0) as
2 L) = 1 D — Qs anl6a)*
: M . Yn nyAn|Un))";
22: The loss function L(0) is used for gradient descent
23: of the weight 6 deflection;
24: The target network weight 6, are updated using
25: the parameter 6,,;
26: end for
27: end for

Additionally, we minimize the loss function L(f) to train
the Q-function toward the target value. The expression of L(6)
can be shown as

L(6) Q(3n7@n|97L))2]

Q(5nsanlbn))?,

= E[(yn -

MZ

Algorithm 1 describes the DQN-based training process for
computation offloading. First, we initialize the weight param-
eter of the target network as well as the Q network, that is,
6~ = 6. Determine the experience replay pool’s capacity and
specify the size of mini-batch samples for training. Second, we
use the e-greedy strategy for action selection at each step, the
agent has a probability € of selecting an action randomly, and
with a probability (1 —¢) to opt for the action that exhibits the
maximum Q-value across all available options. Then, the agent
performs the selected action to engage with the environment,
obtaining a reward while proceeding to the next state. And the
transition memory tuple (s;, a;, 75, S;+1) is kept into the replay
pool. Finally, a mini-batch of M samples (s, Gp, 7'n, Spt1) 18
selected from the replay pool and inputs it into Q network.
After the whole training process above, we can compute the
target Q-value y,, using the formula in line 19. Subsequently,

27)
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we update the Q network’s parameters ¢ through minimizing
L(6). To ensure convergence of the Q-function to its optimal
value, we employ gradient descent.

D. Improved DDPG Algorithm

DQN pioneers the fusion of deep learning (DL) and RL,
effectively mastering the technique of directly learning control
strategies from high-dimensional state spaces. However, DQN
is unable to produce the action value function for individual
actions in continuous action spaces. A straightforward solu-
tion to tackle the challenge of continuous action spaces, as
mentioned previously, involves discretizing the action space
[32]. However, the exponential growth of the action space with
increasing degrees of freedom makes this approach impractical
for most control tasks.

To overcome the limitations of DQN, we utilize the DDPG
algorithm, which is an offline DRL algorithm specifically
designed to tackle continuous control problems [34]. The
DDPG algorithm employs a twin neural network for the value
function as well as the policy function, enabling a more stable
learning process and faster convergence. As illustrated in Fig.
2, the DDPG algorithm comprises four networks: the actor
network (s|6*), the critic network Q(s, a|§?), and copies of
these two networks, namely two independent target networks
1/ (s|0*") and Q' (s,al0?"). Similar to DQN, the update of <
by Q(s,a|0?) can be expressed as

L(QQ) = EM'[(yn - Q(sn7 an‘eQ))Q]

1 (28)
= 17 2 (W — Qs an|09))%,
where M represents a mini-batch samples’ size, and vy,
represents the target Q-value. The expression of y,, as follows

Yn =Tn + ’YQ/(57L+1a /‘/(Sn+1|eul)|9q)v (29)

With the loss function L(6%), the parameter 6* of the
online actor network can be adjusted by calculating the sample
strategy gradient \/4,./|s, based on the standard backward
propagation method [35],

Voubt|sn = Eu [VaQ(smN(Snwu)wQ)VWN(snwuﬂ
1
=M Z(Va@(sm 11(5n]0")169) 7 g 150 16%)),
' (30)

Algorithm 2 describes the DDPG-based training process for
computation offloading. First, we initialize the parameters 6%
and 69 of the actor network s (s|6*) and the critic network
Q(s,al09), respectively. The parameters 0% and 6% are copied
to the parameters 0" and 69" of the corresponding two target
networks. Next, initialize the experience replay pool’s capacity,
while specify the size of mini-batch samples for training.
Second, the agent performs the action a; to engage with the
surrounding environment, receiving a reward r;, then moving
to the new state s;11. It’s important to mention that to ensure
the agent fully explores the state space, we need to add
behavior noise to the action space, i.e., a; = p(s;|0") + n;,
where n,; follows a Gaussian distribution n; ~ N(,ue,cfg’i),

Algorithm 2 A DDPG-based computation offloading training
algorithm

1: Initialize: the network weights #* and 6 for the actor
network /:(s|0*) and critic network Q(s, a|0%);

2: Initialize: the weights of the target network 0" « 9" and
99" 09, respectively;

3: Initialize: the experience replay pool to capacity R and
mini-batch size M;

4: for each episode do

5 Reset environment, and obtain the initial state sg;

6: for time slot = [1,...,1,...,.]] do

7: Get an action with the current strategy and the

8 behavior noise, a; = pu(s;|0") + ni;

9 Perform action a;, then receive the reward r; and

10: move to the next state Sit15

11: Store the experience tuple (s;, a;, 74, S;+1) into the
12: experience replay pool;

13: A mini-batch of M samples (Sy,, an, T, Snp1) 18
14: selected from the experience replay pool;

15: Set yn = 1 +7Q' (5n41, u’(5n+1\9“,)|9Q/);

16: Update the critic network weight §9 by minimiz-
17: ing the losi function L(69) as

18: L(9) = 7 > (Wn = Q(sn, an|609))%:

19: The actor network weight 6# is updated by calcu-
20: lating the sample strategy gradient /gy 1t|Sn;

21: The target network weights 0#° and #9" are

22: updated via soft updates as

23: OF «— TOM 4+ (1 —7)0H

24: 09 «— 769 + (1 — 7)0<';

25: end for

26: end for

with p. representing the mean, 0'5774- as the standard devia-
tion. The next step is to store the state transition sequence
(Si, @i, 74, 8;4+1) in the replay pool R, and randomly sample
M transition sequences (Sy, an, Ty, Sp41) from it as a small
batch of training data for the actor network as well as the critic
network. Finally, the agent updates #* and 9 by minimizing
the loss function L(#?) while calculating the sample strategy
gradient \/y. p|s,,. Additionally, 0*" and 69" are updated via
soft updates [36].

IV. RESULTS AND ANALYSIS

This section primarily show the efficacy of the proposed
DDPG algorithm in cloud-edge cooperative scheduling system
through simulation experiments. First, we describe the simu-
lation parameter settings and network structure. Second, we
contrast the DDPG algorithm’s delay index with those of five
other baseline methods. Additionally, we compare the delay
of the DDPG in a two-layer architecture versus a three-layer
architecture. Third, we determine the approximately optimal
task offloading ratio that minimizes the system’s latency.
Finally, we discussed the offloading fairness between the UAV
and UEs.
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Fig. 2: Our improved DDPG learning process.

A. Experiment Setting

1) Simulation parameter settings : In this simulation ex-
periment, there are K = 6 UEs distributed randomly within
a square region of L x W = 100 x 100 m?, while the height
of these UEs are set to 0. We assume the UAV maintains
a constant altitude of H = 100 m over this region. The
UAV’s weight is M4, = 9.65 kg. Its maximum speed is
set t0 Umaqe = D0 m/s. The UAV’s battery capacity is set
to B, = 500 KJ, and it must meet the energy consumption
constraint (16h) during a flight cycle. The bandwidth for UE-
UAV and UE-Cloud is set to B, = 1 MHz and B, = 2
MHz, respectively. The entire duration, 7" = 120 s, is split into
I = 40 time slots. For a standard distance of 1 m, the channel
gain is ap = —50 dB. The penetration loss of non-line-of-sight
connectivity, Pyro.s € [20,30] dB. We randomly generate a
value for the parameter fj (i) of each UE in the simulation
environment to represent whether the communication between
the UE k and the UAV is affected by obstacles. If the signal
is blocked during transmission, then fj(i) = 1. Otherwise,
fx (i) = 0. The transmission power of the uplink of UEs P,

TABLE II: SYSTEM PARAMETER SETTINGS

Parameter Definition Value
K The overall count of UEs 6
T The duration of a cycle 120s
I The count of time slots 40
LW The side length of the square area 100m
H The UAV’s flying altitude 100m
E, The UAV’s battery capacity 500KJ
VUmaz The UAV’s maximum speed 50m/s
PNIos The transmission loss [20,30]dB
Pup The transimission power [0.1,0.31W
Dy The data size of the UE k [1.5,4]Mbits
feloud The processing rate of the cloud 2.4GHz
fuav The processing rate of the UAV 1.2GHz
fue The processing rate of the UE & [0.4,0.8]GHz
ap The channel power gain -50dB
s The CPU cycles needed for each bit | 1000 cycles/bit

is uniformly distributed in the range of [0.1, 0.3] W [37].
The processing rate of UEs, UAV and cloud server are set to
fUE S [04708} GHz , fUAV = 1.2 GHz and fcloud =24
GHz [38]. The detailed system parameters are provided in
Table II.

2) Network structure : Fig. 2 depicts the DDPG algo-
rithm’s network structure employed in this paper. The DDPG
approximates the action value function using an actor network
as well as a critic network. The actor network comprises
input, hidden, and output layers, with dimensions of [s.dim],
[400, 300, 10] and [a.dim], respectively. Additionally, the critic
network has input, hidden, and output layers with dimensions
[s.dim + a.dim], [300, 10] and [1], respectively. s.dim repre-
sents the dimension of the state, while a.dim represents the
action’s dimension. According to (17), s.dim = 5 + 4.K,
where K represents the overall count of UEs. According to
(18), the action space consists of the UE identifier, the UAV’s
flight speed and angle, as well as the task assignment ratio
between the cloud and the UAV. Therefore, a.dim = 5. The
ReLU function is employed for the input and hidden layers
of the actor network, while the output layers employ the tanh
function. The critic network’s input layers utilize the matmul
function to activate, while the hidden and output layers employ
the ReLU function.

The DQN algorithm employs two neural networks (the Q
network and the target network) to estimate the Q-values. The
Q network is responsible for generating the Q-value estimates
for the current state, while the target network is used to
compute the target Q-values. The Q network consists of fully
connected layers in the input, hidden, and output layers. The
input layer has 100 neurons with a ReLU activation function.
The hidden layer has 20 neurons with a ReLU activation
function as well, and the output layer has a number of
neurons equal to the possible combinations of the action space,
with a Softmax activation function to output the probability
distribution of each action. The structure of the target network
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is consistent with the Q network in terms of the number
of layers, number of neurons, and activation functions. The
random exploration probability in the e-greedy strategy is set
to €=0.9. The reward discount factor is set to 0.99.

B. Performance Comparison

1) Baseline approaches : To evaluate the effectiveness
against the proposed DDPG algorithm, we outline the follow-
ing four baseline approaches:

— Local Only : Without assistance from the UAV and
cloud server, all computing tasks generated by UEs are ex-
ecuted locally.

— Offload UAV Only : During one flight cycle of the
UAYV, the computing tasks generated by UEs are entirely
transmitted to the UAV for processing.

— Offload Cloud Only : The UEs within the square area
offload all their generated tasks to the remote cloud for
computation.

— DQ@N : The DQN can only handle discrete action spaces.
Hence, we need to discretize the UAV’s flight speed and
angle, as well as the task offloading ratio between the UAV
and the cloud. The UAV’s flight speed can be expressed
as V = {0,0.10maz, s Umaz }» and the angle is defined
as M = {0,0.2r,...,27}. Additionally, the task offloading
ratio between the cloud and the UAV can be expressed as
R =1{0,0.1,...,1.0}.

— DDQ@N : The DDQN algorithm improves upon the DQN
algorithm by mitigating the overestimation bias of Q-values.
Like DQN, DDQN is limited to handling discrete action
spaces. Therefore, we use the same method to discretize the
UAV’s flight speed, flight angle, and task offloading ratio.
The key improvement of DDQN over DQN lies in decoupling
action selection and action evaluation through the use of two
separate Q-networks. This helps to achieve more accurate
Q-value updates and better convergence in task offloading
decisions.

2) FEwaluating offloading performance : The contrast in
performance between the DDPG algorithm and different base-
line approaches is shown in Fig. 3. In this figure, we train three
DRL algorithms, DQN, DDQN and DDPG, for 1000 episodes,
then observed their convergence with respect to delay. It can
be observed that if all the computing tasks are reserved for
local processing, it leads to high processing delay. Conversely,
offloading all tasks to either UAV or cloud server can sig-
nificantly lower processing delay. Nevertheless, following the
convergence of the DQN, DDQN and DDPG algorithms, the
performance of the aforementioned three baseline approaches
is notably inferior to that of the DRL algorithms. We find that
the DDQN algorithm performs better than the DQN algorithm.
This is because DDQN effectively mitigates the issue of Q-
value overestimation by using a double Q-network, resulting in
better convergence performance in task offloading decisions.
Compared to DDQN, our proposed DDPG algorithm demon-
strates superior performance in processing delay. Indeed, the
limitations of DQN and DDQN in handling continuous action
space make it difficult to find the optimal offloading strategy.
In contrast, the DDPG effectively searches the continuous

action space, enabling it to take precise actions according
to the current state, eventually identifying an optimal task
offloading strategy.

=—— Local Only

160 —— Offload LAV Only
Offload Cloud Only

— DOQN

— DDON

—— DDPG

Delay(s)

(I) 2(‘)0 460 660 860 10‘00
Episode
Fig. 3: Performance with task sizes D = 100 Mbits for
various algorithms.

Next, we delve into the DDPG’s delay performance when
combined with the various offloading solutions. These so-
lutions encompass hybrid offloading, cloud offloading, and
UAV offloading. As shown in Fig. 4, we can observe that
the DDPG with cloud offloading can achieve lower processing
delay than the DDPG with UAV offloading. This is because
the cloud possesses robust computing power and abundant
computing resources, enabling it to swiftly execute computing
tasks and provide results. Conversely, despite the relatively
close physical proximity between the UAV and UEs, the com-
puting resources and power of the UAV are limited, resulting
in comparatively slower processing speeds. Furthermore, the
DDPG with hybrid offloading, which integrates both cloud
offloading and UAV offloading, can achieve the lowest system
delay. This is because hybrid offloading is enabled to fully
use the resources from both the cloud and UAV, leveraging
their complementary advantages to increase task processing
efficiency. Depending on specific scenarios and needs, the
distribution of computing resources between the UAV and
cloud can be dynamically adjusted to suit different task types
and sizes. This flexibility and scalability help reduce delay and
enhance system performance.

Leveraging the convergence results of these algorithms, we
compare their delays across varying task sizes and UAV flight
altitudes, as shown in Fig. 5 and Fig. 6, respectively. From
Fig. 5 we can notice that for a given task size, the DDPG al-
gorithm continuously demonstrates the lowest delay compared
to the other baseline approaches, with delay increasing as task
sizes grow. Since the Local Only, Offload UAV Only, and
Offload Cloud Only approaches don’t fully use the system’s
computing resources, while the DQN and DDQN algorithm
unable to determine the optimal offloading policy, only the
DDPG algorithm can effectively reduce system delay, indi-
cating its superiority. Fig. 6 shows that as the UAV altitude
increases, the total system delay rises significantly. This is
due to the increased distance between the UAV and UEs,
which weakens the channel gain, thereby reducing the data
transmission rate and ultimately leading to higher transmission
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Fig. 4: The delay of the DDPG algorithm when combined
with different offloading solutions.
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To evaluate the effectiveness of the model in larger network
scenarios, we study the impact of different numbers of UEs
on system delay and fairness, as shown in Fig. 7 and Fig. 8§,
respectively. Fig. 7 illustrates a comparison of the total delay

for six different methods as the number of UEs increases.
The delay increases for all methods as the number of UEs
grows. This is due to the fact that the cloud server and UAV
need to handle more tasks from additional UEs, which leads to
increased computational and communication load. Moreover,
as the number of UEs increases, the UAV’s throughput during
flight approaches the upper limit of its physical and com-
munication resources, ultimately resulting in higher system
delay. Fig. 8 presents a comparison of fairness among three
DRL algorithms as the number of UEs increases. As more
UEs are introduced, maintaining fairness in task offloading
becomes increasingly difficult. This is because the increase in
the number of UEs results in more UEs being farther away
from the UAV, and UEs that are farther away from the UAV
usually have to rely on a single cloud offloading strategy. To
maximize system rewards, sacrificing some level of fairness
in offloading can effectively reduce delay. Based on the above
analysis, we observed that while the number of UEs affects
both delay and fairness in offloading, our proposed DDPG
algorithm still outperforms the baseline methods in terms of
handling variations in UE numbers.
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Fig. 7: The impact of the number of UEs on delay.
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Fig. 8: The impact of the number of UEs on fairness index.

Then we discuss the allocation ratio of tasks on the cloud-
edge in hybrid offloading. Fig. 9 illustrates the offloading ratio
of computing tasks generated by UEs on local, UAV and cloud.
According to Fig. 4, the DDPG algorithm starts converging
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after 600 training episodes. Thus, the offloading ratio also
begins to stabilize after 600 episodes of training as shown
in Fig. 9. When over half of the computing tasks generated
by UEs are offloaded to the cloud, approximately 30 percent
are offloaded to the UAV, while the remaining 10 percent are
allocated for local processing, this configuration results in the
lowest system delay. We refer to this distribution ratio of tasks
as the approximately optimal offloading ratio. Thus, the final
offloading strategy is determined by this optimal ratio.
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Fig. 9: The task assignment ratio on the cloud-edge in
hybrid offloading.

Finally, we delve into the offloading fairness between the
UAV and UEs. Fig. 10 - Fig. 12 illustrate the impact of
accounting for offloading fairness on user scheduling, fairness
index and UAV flight trajectory. Observing Fig. 10, it becomes
apparent that without considering offloading fairness, the UAV
encounters an unbalanced user scheduling problem. Of the
six UEs, UEl was dispatched up to 17 times during a flight
cycle of the UAV, while UES and UE6 were never dispatched
by UAV. This occurs because, to minimize system delay, the
UAV consistently tends to approach certain UEs, consequently
leaving other UEs consistently outside the UAV’s coverage
during a flight cycle, rendering them unable to access the
computing services provided by the UAV. On the contrary,
the DDPG algorithm that considers offloading fairness tends
to balance the number of times the UAV dispatches each
UE, thereby enhancing the fairness and efficiency of the UAV
computing services.

Accordingly, in Fig. 11, the DDPG algorithm without con-
sidering fairness exhibits a poorer fairness index. Throughout a
UAV’s flight cycle, its fairness index can only reach about 0.4,
whereas the DDPG algorithm, when considering fairness, can
elevate the fairness index beyond 0.8. The closer the fairness
index is to 1, the fairer the offloading is. Furthermore, Fig.
12 presents two distinct flight trajectories of the UAV, with
and without considering fairness. It is evident that the DDPG
algorithm, when considering fairness, optimizes the UAV’s
flight trajectory. This allows the UAV to consider all UEs,
ensuring each one has the opportunity for task offloading to
the UAV for processing.
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User scheduling times

UE1 UE2

UE3 UE4 UES UE6

: The influence of offloading fairness on the number
of times that the UAV schedule each UE.
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Fig. 11: The trend of fairness index variation within one
cycle.
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Fig. 12: The influence of offloading fairness on the UAV
flight trajectory.

V. CONCLUSION

In this paper, a UAV-based cloud-edge cooperative task
scheduling strategy is proposed for the delay-sensitive and
computation-intensive applications running on UEs. We aim
at minimizing the sum of the maximum delays over the entire
period through collectively optimizing user scheduling, UAV
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trajectory, and the task assignment ratio between the cloud
and the UAV. Meanwhile, we have introduced a fairness index
into the objective function to address the issue of offloading
fairness between the UAV and UEs. To address the non-convex
optimization problem involving discrete variables, we apply
a DDPG-based computation offloading approach to derive
the optimal offloading policy. Our simulation experiments
reveal that the proposed DDPG outperforms other baseline
approaches, particularly with respect to the processing delay.
It is also shown that the hybrid offloading outperforms a single
cloud offloading or a UAV offloading. Furthermore, we have
observed the significance of considering offloading fairness on
user scheduling, fairness index, and UAV flight trajectory.

In addition, this work can be expanded into several promis-
ing research directions in the future. First, our work assumes
that the UAV’s altitude remains constant in the vertical di-
rection. However, to be more realistic, we plan to extend
the model in future research to optimize the UAV’s three-
dimensional flight trajectory, including altitude variations, to
further improve task offloading efficiency and overall system
performance. Second, the current work focuses on using a
single UAV to assist the MEC. It could be extended to UAV
swarm assisted MEC scenarios, which will require coordinat-
ing the motion trajectories of multiple UAVs. Finally, adopting
advanced heuristic methods to solve long-term MINLP prob-
lems is also a valuable direction for future work, and we plan
to introduce heuristic solutions in subsequent studies to further
confirm the superiority of the proposed methods.
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