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Abstract—Unmanned aerial vehicle (UAV) can alleviate the
computational burden on edge devices through assisted comput-
ing. However, with the increase in the number of Internet of
Things Devices (IoTDs), it is essential to establish a task queue
on the UAV to schedule computing tasks from IoTDs. In addition,
the load fairness of UAVs should be optimized to fully utilize
the computing resources. Therefore, a multi-UAV-assisted mobile
edge computing (MEC) network framework based on the queuing
model is proposed, which aims at optimizing the average delay
of all user devices and the load fairness of UAVs. Firstly, we
prove that the arrangement of tasks with different computing
delays on the UAV queue can affect the user’s average delay, so
a short-job-first (SJF) queuing model is proposed to minimize the
average delay of users. On this basis, a joint optimization problem
related to the UAV’s three-dimensional trajectory and user
connection scheduling is formulated. A SJF based low-complexity
connection scheduling algorithm is proposed and combined in
a deep reinforcement learning (DRL) to solve this NP-hard
problem. To evaluate the performance of the proposed algorithm,
we compare it with deep deterministic policy gradient (DDPG),
particle swarm optimization (PSO), random moving (RM), and
local computing (LC). Simulation results show that our algorithm
effectively reduces user average delay and enhances UAV load
fairness. Finally, SJF is compared with the traditional first-come-
first-served (FCFS) queuing model on different algorithms. The
results indicate that the average delay of SJF is significantly lower
than that of FCFS.

Index Terms—Multi-UAV, Mobile edge computing (MEC),
Internet of Things devices (Io0TDs), Short-job-first (SJF), Deep
reinforcement learning (DRL).

[. INTRODUCTION

The rapid increase in the number of Internet of Things
devices (IoTD) brings challenges to current communication
networks [1]. At the same time, with the development of
Artifical Intelligence (Al), Internet of Things (IoT) and Virtual
Reality (VR), the requirements for network bandwidth and
communication latency are further increased [2]. In the cloud
computing model, the communication delay between the cloud
and users is high and can’t meet the real-time requirements
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[3]. Fortunately, MEC can solve this problem by sinking
computing resources from the cloud to the edge network [4]
[5]. Especially with the evolution of UAV technology in recent
years, the UAV-assisted MEC communication architecture has
become a research hotspot in the Internet of Things, mainly
due to its mobility, line-of-sight (LoS) communication chan-
nel, ability to carry certain computing resources and flexible
deployment characteristics [6] [7].

At present, there are still some challenges in deploying
multi-UAV-assisted mobile edge computing in large-scale user
scenarios [8]. It includes issues such as collaboration be-
tween multi-UAVs, three-dimensional trajectory planning, and
scheduling of concurrent user tasks. Therefore, this paper will
study these problems.

The main contributions of this paper are summarized as
follows.

o In order to cope with the high concurrency of user tasks
and effectively reduce the average delay, we propose a
short-job-first (SJF) queuing model to manage large-scale
user tasks. It has been proven that the average delay of
SJF queuing model is the lowest.

o Based on the SJF queuing model, we formulate a joint
optimization problem related to UAV three-dimensional
trajectory and user connection scheduling to reduce the
average user delay and enhance UAV load fairness. To
handle user tasks sequentially, the UAV’s working time
slot is dynamically divided into two sub-slots, which are
used to receive user tasks and compute tasks respectively.

o A DRL algorithm is proposed to solve the NP-hard prob-
lem of large-scale user scenarios in multi-UAV networks.
To increase the agent’s exploration for obtaining better
solutions, we adopt soft actor critic (SAC) algorithm to
optimize the UAV trajectory instead of the traditional
deep deterministic policy gradient (DDPG) algorithm.
According to the characteristics of SJF, a low-complexity
connection scheduling algorithm is further designed.

o Finally, the performance of the proposed algorithm is
verified through numerical simulation and compared with
some other advanced algorithms. Experimental results
show that the algorithm proposed in this paper has better
performance in optimizing user average delay and UAV
load fairness.

The rest of the paper is organized as follows. Section
Il introduces the related works. Section III describes the
construction of the system model. In Section IV, we propose



a low-complexity scheduling algorithm and combine it with
the DRL algorithm to solve the formulated problem. The
simulation results of the proposed algorithm are given in
Section V. Finally, Section VI summarizes the paper and gives
prospects for future work.

II. RELATED WORKS

In recent years, some scholars have conducted research on
UAV-assisted MEC [9]. Pang et al. [10] studied the application
of non-orthogonal multiple access (NOMA) in UAV network.
In order to reduce energy consumption in UAV networks, Song
et al. [9] jointly optimized UAV trajectory, user connection
scheduling, and resource allocation to minimize system energy
consumption through block coordinate descent (BCD) and
successive convex approximation (SCA). Ning et al. [11]
proposed a UAV-assisted computing framework based on 5G
network. The authors optimized UAV trajectory and user task
offloading through auction algorithm and dynamic program-
ming algorithm to maximize network throughput. For the pur-
pose of reducing communication interference in UAV network,
Pang et al. [12] proposed an interference mitigation scheme
based on intelligent reflecting surfaces (IRSs) and provided
important design insights for IRS-aided UAV communication
in cellular network. Yuan et al. [13] considered using UAV
and ground sensor nodes (SNs) to build a wireless power
transmission (WPT) network, and optimized flight trajectory
of UAV to maximize energy collection of ground SNs. To
manage large-scale user tasks, Chen et al. [14] introduced
a first-come-first-served (FCFS) queue into UAV network to
adapt user task concurrency scenarios, and optimized user task
offloading through game theory to minimize latency.

Above research mainly focuses on the use of single UAV to
assist communication. However, in large-scale user scenarios,
we need to consider a communication network composed
of multiple UAVs. Since it is very difficult to solve NP-
hard problems in multi-UAV networks through heuristics and
traditional convex optimization methods, DRL is proposed by
some scholars to address these issues [15] [16].

Koushik et al. [17] determined the optimal link selection
between UAVs based on a deep @Q-network (DQN) to improve
throughput efficiency of network. Since DQN has an overes-
timation problem in some scenarios, Li ef al. [18] proposed
using Double DQN (DDQN) to optimize UAV trajectory and
device connection scheduling to minimize system energy con-
sumption. Unfortunately, DQN and DDQN are not applicable
when solving problems in continuous spaces due to the high
dimensionality. In order to address the optimization problem
in continuous space, Seid et al. [19] proposed using the deep
deterministic policy gradient (DDPG) algorithm to optimize
resource allocation of UAV clusters, connection scheduling,
and transmission power of IoTDs, thereby minimizing delay
and energy consumption in the UAV network. Liu et al. [20]
proposed an improved DRL algorithm based on DDPG to
optimize the communication coverage of UAVs, aiming to
improve the fairness of user communication and reduce UAVs’
energy consumption. To enhance the solving effect of single-
agent algorithms in high-dimensional space, the multi-agent

CNC:
@ @

B Lol _é_ B
i d

i )))

)))

g\

I )))

E )))
)))

Coverage Area

)

J;{ UAV

< ’)) GU

Fig. 1. System Model.

deep deterministic policy gradient (MADDPG) algorithm is
proposed in [21] to optimize resource allocation and compu-
tational offloading of UAV swarms.

The aforementioned works based on DRL mainly focus on
solving optimization problems by maximizing the expected
cumulative reward of the agent. However, they do not con-
sider increasing the agent’s exploration of the environment
to expedite DRL convergence and achieve better solutions.
Therefore, this paper will use SAC algorithm instead of the
traditional DDPG algorithm. To the best of our knowledge,
current research rarely consider establishing task queue in
UAV networks to handle user task concurrency scenarios.
Some existing research works mainly manage user tasks
through a FCFS queue [14] [22] [23]. However, the FCFS
queue will lead to longer waiting delay, so SJF queue model
is proposed by us to further reduce user’s delay.

I1I. SYSTEM MODEL

As shown in Fig. 1, a multi-UAV assisted MEC network
is proposed. In this scenario, M UAVs act as aerial servers
to assist IV ground users (GUs) in task offloading. Each GU
randomly generates a computing task in each time slot, which
can be processed locally on the GU or offloaded to UAVs for
auxiliary computing. UAVs fly in three-dimensional space and
can communicate with GUs through LoS channel. The tasks
of GUs are transmitted to UAVs through orthogonal frequency
division multiple access (OFDMA).We set each UAV to carry
a tiny single-core server and process offloaded tasks from
GUs by serial computing. To adapt to high-concurrency user
task scenarios, the SJF queue is established on each UAV
to manage and schedule user tasks. Specifically, when user
tasks are offloaded to UAV, UAV will queue up these tasks
according to computing delay of each task and process these
tasks sequentially. Because compared with traditional FCFS
queuing model [14], SJF can make waiting delay of tasks



shorter. Considering GU’s maximum tolerance delay, we set a
maximum delay 7™ for each task, and T™" is the size
of a time slot. Therefore all tasks will be required to be
completed within their generated time slot. We assume that
a control center is deployed at the edge base station, which
can gather real-time information from GUs and UAVs, run
our proposed algorithm, and then send scheduling instructions
to GUs and moving instructions to UAVs. Since the size of
the information data sent by the GU to the control center is
very small compared to the size of the task data transmitted
to the UAV, we will ignore the existence of the control center
in the subsequent model construction and only consider the
communication framework composed of the GUs and the
UAVs [24] [25].

A. UAVs’ Motion Model

It is assumed that each UAV has sufficient energy to
support wireless communication, auxiliary computation and
three-dimensional flight during a period of 7, where T =
{1,2,...,T}. There are a total of M UAVs with the set
denoted as M = {1,2,...,M} and N GUs with the set
defined as N = {1,2,...,N}. In each time slot ¢ € T,
the motion of the m-th UAV can be described by horizontal
direction 6,,[t], vertical direction ¢,,[t] and flying velocity
vm[t] [26]. Each time slot has a variation, A6, [t], Adu,[t]
and Awv,,[t] respectively. Therefore, the following iterative
formulas are proposed:

Oplt] = Ot — 1] + Abp[t], m € M, t € T,
Pm[t] = dmlt — 1]+ Adp[t,me Mt €T, (1)
Umlt] = vmlt — 1] + Avp[t], m € M,t € T.

We assume that in the ¢-th time slot, the m-th UAV can fly
in a vertical direction as:

0< ppft] <m, meM,teT. (2)

At the same time, the horizontal direction is defined as:

0<Onft]<2mr, meM,teT. 3)

Each UAV has a maximum flying velocity v™%* due to the
maximum power limit. Thus, it has:

0 <oyt <ov™™, meM,teT. 4)

In Cartesian coordinate system [27], the coordinate of the
m-th UAV at time slot ¢ could be updated by following
incremental formulas:

T [t] = [t — 1] + vy [t] sin @ [t] cOS 0, [t]6,
Ymlt] = ym[t — 1] + v [t] sin @y, [E] S0 0,5, ]S,  (5)
Zm [t] = Zm [t - 1] + Um [t] COS P [t]av
where ¢ is the size of a time slot. The above coordinates are
expressed as pp[t] = [Tm[t], ym[t], 2m[t]]. since the UAV

flying area has range restriction, the following coordinate
constraint is obtained:

[0,0,2™7] < ppt] < [2MF,ymer, 2], (6)

where %, y™%and 2™ are the length, width of flying
area and the maximum flying height of UAV respectively, and
2™ is minimum flying height.

In order to avoid collision of UAVs in the process of flying,
a minimum distance d™*" should be maintained between each

UAV. Thus, it has:

|pm[t] — py[t]]| = d™™, Ym,je Mt € T,m#j. (7)

B. Service Assignment

Lemma 1. For tasks in computing queue, the average delay
of SJF is lower than other queuing processing algorithms.

Proof. Without loss of generality, we assume that there are n
tasks in a computing queue. Each task in the queue is repre-
sented by ¢;, and 7 is the order in which the task is queued.
Arbitrarily arrange these tasks to get the queuing scheme:
Q={q1,9,-..,q9,}, and the computing delay of each task is
T. = {t1,t2,...,t, }. Therefore, the average processing delay
of any queuing algorithm scheme is expressed as:

Ctt(titt) ottt )
” :

T ®)

As for the SJF queue, the tasks in @ are arranged in ascending
order according to the task computing delay. So SJF queuing
scheme is obtained as Q' = {q{, ¢4, - -.,4q,,}, where comput-
ing delay of each task is T = {¢},t5,...,t) }. Therefore, the
average processing delay of SJF is:

ot ) e (R )

T, )]
n

Comparing the cumulative items in (8) and (9), it is obvious
that:

th <tg, (10)
(t) +t5) < (t1 + ta), (11
(B +ty o ty) < (bt t,).  (12)

Thus, we have T, < T7, and the equality is holded only when
t; =t,,¥i € {1,2,...,n}. That is to say, the average delay of
SJF is lower than that of FCFS or other queuing algorithms.

|

To solve the connection scheduling problem for GU’s tasks,
a framework is proposed in Fig. 2. Firstly, we sort all tasks in
ascending order according to computing delay to get the sorted
list H [t in time slot ¢. Then the task subset in H [¢] is assigned
to each UAV through a connection scheduling algorithm. The
principle of this framework is that we adopt the SJF queuing
model on the UAVs, so the task queue on each UAV must be
an ordered subset of H [t].

In order to find the corresponding task generation device
from the task in HJt], we define a hash table Hash[t] to
record the one-to-one correspondence between tasks in H [t]
and the task generation device, and define the set of H[t] as
K={1,2,...,N}. So, it has:

Hashi[t)=n, VkeK,neN, (13)
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which indicate that the task ranked k in H[t] is generated by
the n-th GU.

The task generated by GU in any time slot can be computed
locally or optionally offloaded to UAVs for computing. Con-
senquently, we use a binary variable ay_ ., [t] to indicate the
connection state between the Hashy[t]-th GU and the m-th
UAV. Then, the following constraint is yield:

agmlt] € {0,1}, Hashy[t|=n,t €T, (14)

where ax ., [t] = 1,m # 0 indicates established connection,
while ay ,[t] = 1,m = 0 means the Hashy[t]-th GU com-
pute task locally in ¢-th time slot, and otherwise, ay ,[t] = 0.
We define a new set M’ = {0,1,2,..., M} to represent all
cases in which a task is executed, where m = 0 indicates that
GU computes the task locally.

In the communication mode of OFDMA, a UAV can serve
multiple GUs, but a GU can only connect to one UAV at most
[28]. Thus, we obtain:

M
Y armltl=1, VkeKmeM teT, (15
m=0

N
> armlt] < ZM7, VEeK,me M teT,  (16)
k=1

where Z™" is the maximum number of GUs that can be
connected to each UAV, due to the limited number of sub-
carriers in OFDMA communication.

We define S, [t] = {D,[t], F,,[t]} to denote the task gener-
ated by the n-th GU in time slot ¢, where D, [t] is the size of
the task, F,[t] = £D,[t] denotes the CPU cycles required to
compute the task, and ¢ represents the CPU cycles required
to compute per bit of task [29]. Then, we define the variable
Sm[t] to represent the sum of task that the m-th UAV has
processed from the beginning to the time slot ¢ as:

t N
Smlt] = Z Z ak.m[t'1Dnlt],Vk € K, Hashyi[t] = n.
t'=0k=1
a7

To make full use of the computing resource of UAVs and
avoid some UAVs processing a large number of task data but
some UAVs computing very few task data, a fairness index
L“[t] is introduced to indicate the load fairness state of UAVs:

Lu[t] _ (Zr]\gzl Sm[t])Q

= i > Yme M, teT,
My smlt]

(18)

where L“[¢] is Jain’s Fairness index, which varies from 1/M
to 1. In particular, L“[¢] is close to 1 if the sum of task size
computed by each UAV is similar at time slot ¢ [30].

C. Communication Model

We denote coordinate of the n-th GU as w,, = [2y, Yn, 0],
so the horizontal distance between the n-th GU and the UAV
m in time slot ¢ could be obtained by:

dpt 1] =/ (@m[t] = 20)% + (Ymlt] — yn)?, Hashg[t] = n.

(19)

Since the antenna of each UAV have a maximum azimuth

o™ the maximum communication coverage of m-th UAV
in time slot ¢ is:

R [t] = zp [t] tan(a™®), Vme M,t€T.  (20)
When the GU needs to establish communication with UAV,
the horizontal distance between Hashy[t]-th GU and m-th
UAV in time slot ¢ should satisfy:
agmltldy ,[t] < R [t], Hashg[t]=n. (21
Based on the assumptions in [7] [31] [32], we consider that
the communication link between UAV and GU is determined
by LoS channel, and the Doppler effect caused by the move-
ment of UAV has been perfectly compensated at receivers.
Furthermore, the free path loss model is introduced for channel
modeling, so the average channel gain between UAV m and
the Hashy[t]-th GU is defined as:

B

hiomt] = Bdy 2 [t] = o =il

Hashglt] =n, (22)
where [ is the channel gain when the reference distance is
1m, and dy, ,,[t] is Euclidean distance between m-th UAV and
Hashg[t]-th GU in ¢-th time slot.

According to the Shannon formula, the wireless transmis-
sion rate is obtained by:

trh m t
Pim[t] = bgmt] logs (14 p%”

), Hashy[t] = n, (23)
where by ., [t] = B/ Z,ivzl ak,m[t] is the upload bandwidth
of the Hashy[t]-th GU, o2 represents Gaussian white noise
power, p!" indicates transmission power of GU [33].

D. Task Computation Model

As shown in Fig. 3, each time slot ¢ is divided into two sub-
slots 07*[¢] and §3"[t] for UAV m. Among them, 7" is used
to receive tasks offloaded by GUs to UAV and 65" is used
to compute received tasks according to the principle of SJF.
In addition, the size of §7"[t] is dynamically adjusted, which
is equivalent to the possible maximum transmission delay of
GUs within the coverage area of UAV m when the height is
B [t]:
ey Dot
61 [t] - T%OT'st [t]’

YmeM,teT, 24)
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where D7%*[t] is the maximum task size generated by GU
within the coverage area of UAV m in time slot ¢. Therefore,

it has:
DI'*[t] =max{Dy[t]},Vn € N,

25
HaShk [t] =n, d;cl,m [t] ( )

< Rp*t].

In addition, 72°"5![¢] indicates the minimum transmission rate
of UAV m at height of h,,[t]:

. pt’rﬁ
ro’ Ot = log (1 + ) ;
0= ew e U i e
(26)
where 220V [t] indicates the number of devices covered by the

m-th UAV at time slot ¢:

cov ZFd

where F' is a Boolean function. So if dZ mlt] < RI[t] holds,
then F(d}; .

[t] < Rmee[t]) = 1, otherwise F(d}, [t] <
Rypee(t]) = 0. '

Under normal condition, the delay for task to be transferred
to UAV m is:

<R™)VkeK,  (27)

ak,m[ﬂDn [t]

Tlg,rm [t] = L [t]

,Vk € K,n = Hashg[t]. (28)
Define the CPU computing frequency of UAV and GU as
f* and f! respectively. So the delay for task to be computed

locally is [34]:
Folt]
o

When task S, [t] is offloaded to m-th UAV, the computing
delay is expressed as [34]:

Falt]
fu
Since the SJF queuing model is applied to UAV, the tasks in
the computing queue on each UAV must be an ordered subset
of Ht]. In addition, the task generated in each time slot is
required to be completed in this time slot, so the computing
queue of each UAV will only contain tasks generated in the

current time slot. Therefore, the waiting delay for k-th task in
Ht] to be offloaded to UAV m at time slot ¢ is:

T} olt] = \Vk € K,n = Hashy[tl,t € T. (29

Tl = Wk € K,n = Hashy[t],m e M. (30)

TP t] = gt (Zak, WtITE []),VteT. 31)

k=1

Since the processing result transmitted from the UAVs to the
GUs is very small compared to the task data transmitted from
the GUs to the UAVs, the delay of the result transmission
can be ignored [21] [34]. To sum up, when GU performs
computation locally, the total delay T} ,,[t] of this task is:
Tim[t] = T}, [t]. If the task is offloaded to UAV m for

k,m

computing, the total delay of this task is obtained by:
Thom[t] = 07 [t] + TR et [t] + Tjt  [t], VE € KC,m € M. (32)

That is to say, the total delay of each task is equal to the sum
of the receiving task sub-slot, waiting delay, and computing
delay.

Considering the QoS, a user tolerance delay 7"%" is set
for each task, then the total delay Ty, ,,[t] of each task should
satisfy the constraint:

Thm[t] <T™ Yk e K,me M, teT, (33)

where T is equal to the size of the time slot.

Furthermore, the total delay of a task being offloaded to
a UAV for auxiliary computing can’t exceed local computing
delay:

Thomlt] < Tholt], Ve € K,me Mt e T. (34)

Since the user’s maximum tolerable delay is the size of a
time slot, tasks entering the UAV queue in each time slot will
be required to complete within the current time slot. Therefore,
the memory size used by the queue of UAV m in time slot ¢
is defined as:

m § af, m

The maximum memory size of the task queue on each UAV
is C7"%* so it has the following constraint:

0< Clt] < O™ Yme M, teT.

t],Vk € K,n = Hashg[t]. (35)

(36)

E. Problem Formulation

Define P = {A0,,[t], Apn[t], Avy,[t],Vm € M,t € T}
and A = {akn([t],Vk € K;m € M';t € T}. Our goal is
to jointly optimize the average latency of users and the load
fairness of UAVs, that is, minimize the average latency of user
tasks and maximize the average load fairness of UAVs. For
simplicity, we introduce a variable to represent the objective
function, so we has:

T u
T 4o L"[1]

= N M T
ﬁ Ek:l Zm:O Zt:o Ty mt] 37)
T ru
N o LM
Zk 1Zm 0 Lat= oTka
Our optimization problem can be formulated as follows:
(P1) a7y (38)
st apm[t] €{0,1},Vke K,me Mt e T, (38a)
M
Y armll =1,VEeK,VteT, (38b)
m=0



N

> aemlt] < 27 Yme Mite T, (38¢)
k=1
0< dmlt] <m,Vme M, teT, (38d)
0 <0yt <2m,Vme M,;teT, (38e)
0 <uplt] <™ Vme M,teT, (38f)
[0,0,2™"] < plt],Ym e M,t €T, (382)

P [t] < [xMF, y 2T Ym e Mt €T, (38h)

Ipmlt] — pjlt]]| > d™",Vm,j € M,t € T,m # j,
(38i)
ak,m[t)dy  [t] < R[], VE € K,m € Mt €T,
(38))
Teml[t] <TT™* VEe K,me Mt €T, (38k)
Timlt] S TLolt], Ve € K,m e Mt €T, (381)
0<Crlt] <CI** Nme M,t€T. (38m)

In P1, constraint (38a) indicates that the task of each GU
can only be either local computing or offloading computing.
Constraint (38b) denotes that a GU’s task can at most be
offloaded to one UAV, while (38¢) implies that the number
of GUs connected to each UAV can’t exceed Z"**. Con-
straints (38d), (38¢), and (38 f) represent limitations of UAV’s
movement in direction and velocity. Constraints (38¢), (38h),
and (38i) indicate that UAVs must fly within the specified
working area and maintain a certain distance from each other
to avoid collision. Constraint (385) means that only GUs can
be connected within the communication coverage of UAVs.
Constraint (38k) represents the maximum tolerable delay for
GU. Lastly, constraint (38m) indicates the limit on UAV
queue memory size. Problem P1 is a mixed integer nonlinear
programming problem (MINLP), because it includes a binary
integer variable A and a continuous variable P, which are
generally difficult to solve. Thus, we propose an algorithm to
solve this complex problem based on DRL.

IV. PROPOSED ALGORITHM
A. Overall Algorithm Design

In our model, the three-dimensional trajectory of UAV has
Markov characteristics, enabling us to optimize UAV trajectory
through DRL [19]. To apply DRL, we define the state space,
action space, and reward function as follows:

1) State Space: S = {pn|t], Dy[t],Ym € M,n € N,t €
T}, where p,,[t] is the coordinate of the m-th UAV in time
slot ¢, and D, [¢] is the task size generated by the n-th GU.

2) Action Space: A = {AO,,[t], Apm[t], Avy,[t],Ym €
Mt € T}, where the action space A is consisted of the
flying direction variation and flying speed increment of all
UAVs in each time slot.

3) Reward: According to the objective function we need to
optimize, the reward function is defined as:

’I“(t) = 1 N Lu]g]
N 2oh—0 2em—o Lkml[t]

where p represents the penalty for any UAV violating the
constraints in P1.

Actor

/ \\)O o
—> >
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Fig. 4. SAC Framework.

Since the SAC algorithm offers a better ability to explore
and can yield superior solutions compared to the traditional
DDPG algorithm [35], we use the SAC algorithm to solve
the three-dimensional trajectory of UAVs. As shown in Fig. 4,
the SAC mainly consists of the environment, actor-network,
two critic networks, and two critic-target networks. In our
model scenario, all UAVs are regarded as agents. For the actor-
network, it will output the corresponding action a(t) based on
the current state s(¢) and strategy 7, of the agent. Therefore,
it has:

a(t) ~ me(+s(1)), (40)
where ¢ indicates the parameters of the actor-network. After
executing the action a(t), the agent receives immediate reward
r(t) and transfers to the next state s(¢ + 1). Finally, the agent
will store the quardruple (s(t),a(t),r(t),s(t + 1)) into the
experience replay buffer as a data sample for critic network
training.

The SAC algorithm aims to maximize the expected cumu-
lative reward and introduces an entropy regularization term
to evaluate the agent’s strategy. Consequently, the optimal
strategy is defined as:

= argmax{IE

S5 tr(t) + aff (m, - | s(t)))] bo@n
t=0

where +y is the discount factor, and « indicates an entropy reg-
ularization coefficient, which is used to control the importance
of entropy. The calculation formula of entropy is expressed as:
H(mo(cls(t)) = E[ —log(maClst)]. @2

The critic network outputs the ) value based on the state-
action pair (s(t),a(t)) to evaluate the strategy of the actor-



network. The @) value can be obtained through:

T
QUs(t).at) =E[ Y7 r(ls(t),a(®)].  @3)

The critic-target network guides the parameter update of the
critic network by calculating the target ) value. The target ()
value is defined as:

y(t) =r(t) + 7 min Q, (S(t +1),a(t + 1)’)

—log (7@, (a(t +1) | s(t+ 1)))7

where 6 represents the parameters of the critic-target network.
When training data in the experience replay buffer reaches
the specified amount, the parameters of the critic network are
updated by performing mini-batch sampling. The loss function
of the critic network is:

Lo, (0) = E[% (Qgi (s(t), a(t)) —y(t))Q} Vi€ {1,2). (45)

The parameters of critic-target network are updated through
soft update:

(44)

0; = 70; + (1 — 7)0;,Vi € {1,2}, (46)

where 7 is the updating rate.

The goal of SAC is to maximize the cumulative reward
while making the strategy more exploratory. Therefore, the
loss function of the actor-network is defined as:

La(g) = E|alog (w(a(t)|s(t) ) — min Qo (s(t).a(t)')].

’ (@7)
where a(t)" indicates the action obtained after the state s; is
input into the actor network.

In the SAC algorithm, we must dynamically adjust the reg-
ularization coefficient « to ensure that the agent focuses more
on strategy improvement during training. The loss function of
the coefficient o is defined as:

L(a) = E[ — alog (a(t)’|s(t)) - aHO},

where Hj is the target entropy value, generally set to the
negative value of the action dimension.

According to the above definitions, the overall algo-
rithm framework for solving problem P1 is proposed in
Algorithm 1. From line 1 to line 3, we initialize the param-
eters of the actor-network and critic network, copy the critic
network parameters to the target network, and then initialize
the experience replay buffer. From lines 7 to 11, all UAVs are
regarded as an agent and transferred to the next state after ex-
ecuting the action output by the actor-network. Then the con-
nection scheduling is solved by Algorithm 2, and the system
reward is obtained according to the reward function. To ensure
subsequent training, the experience [s(t),a(t),r(t), s(t + 1)]
is stored in experience replay buffer in line 12. If sample data
in the experience replay buffer reaches a specified amount,
mini-batch sampling will be performed on lines from 13 to
19, and agent will be trained according to the loss function of
each neural network.

(48)

Algorithm 1 SAC Algorithm
1: Initialize Critic network g, and @)y, with parameters 6,
and 6, respectively, and Actor network m(s(t)|¢) with
parameters ;
2: Initialize target network @5 and @), by parameters 0, «
91 and ég — 02;
3: Initialize experience replay buffer R;
4: for epcho e =1 to E™" do
5. Initialize the state of environment s(t);
6: for time slot ¢t =0,...,7T do
7.
8
9

obtain action based on actor network a(t) = m,(s(t))
All UAV execute a(t);
Obtain s(t + 1);

10: Solve connection scheduling by Algorithm 2;

11 Caculate reward r(¢) from formula (39);

12: Store experience [s(t), a(t), r(t), s(t+1)] into replay

buffer R;

13: if the replay buffer is full then

14: Sample {s;,a;,7,5;41}j={1,2,..,73 from R;

15: For each [s;,a;,7;,s;41], caculate y;(t) by for-
mula (44) with target network;

16: Update 6, and 6 of critic network by minimizing
their loss function according to (45);

17: Update ¢ of actor network by minimizing (47);

18: Update entropy regulation cofficient o by (48);

19: Update 6, and 6, of target network according to
(46);

20: end if

21:  end for

22: end for

B. Connection Scheduling Algorithm

According to the characteristic of the objective function
and SJF queue, the optimal solution of connection scheduling
should satisfy that user tasks offloaded to each UAV queue
are arranged in ascending order of task size and the total task
size processed by each UAV is as close as possible. Therefore,
we propose Algorithm 2 to approximate the optimal solution
based on this idea. First, initialize the connection scheduling
matrix A and the used memory size of each UAV queue
to 0. Then, from line 3 to line 25, the assignment of tasks
in sorted list HJt] is processed sequentially. Specifically, if
GU corresponding to the task in list H[t] is not covered
by any UAYV, only local computing can be performed. If the
task can be received by multiple UAVs, the UAV with the
shortest delay is selected for offloading under the condition of
satisfying constraints. Among them, the line 7 corresponds
to the constraint (385), and the line 9 corresponds to the
constraint (38¢). In addition, the 11-th line and the 13-th line
represent constraints (38k), (381), (38m) respectively.

C. Complexity Analysis

In this section, we will briefly analyze the time complexity
of the overall algorithm. The time complexity analysis in
Algorithm 1 can be mainly divided into two parts. One part
involves neural network training in Algorithm 1, and the other
part involves solving connection scheduling in Algorithm 2.



Algorithm 2 Connection Scheduling Algorithm
1: Initialize A,Vk € K,m € M’;
2: Initialize C),[t] = 0 for each UAV;
3: for each task k =1,2,..., N in sorted list H[t] do
4:  Initialize 57 = 0;
5. Calculate T}, ,[t] accoding to the (29) and let temp =

Tli,o[ﬂ;
6: for UAVm=1,..., M do
7: if (38;) is met then
8: Calculate T}, [t] according to the (32);
9: if S°1 | agm[t] >= Z™* then
10: continue;
11: else if T}, ,,,[t] > temp or Ty ,,[t] > T then
12: continue;
13: else if C,.[t] + D,[t] > CI"®*, where n =
Hashy|t] then
14: continue;
15: else
16: temp = Ty m|t];
17: j=m;
18: end if
19: end if

20:  end for

21:  Let ax ;[t] = 1;

22:  if 5 > O then

23: C;[t] = Cj[t] + Dy[t], where n = Hashy|t];
24:  end if

25: end for

26: Return A

Generally speaking, the complexity of a neural network is
represented by the number of operations, which is determined
by the dimensions of input state and action, the number of
network layers and neurons in each layer [16].

First, define the layers of the actor network and critic
network in the SAC algorithm as I?, I¢ respectively, and
the number of neurons in the i-th layer as uf, u$. After the
agent has been trained for E™™“" epochs, its time complexity
is approximately:

-1 I°-1
=1 =1

In Algorithm 2, we need to sort all tasks to build a list H[t],
and the sorting complexity is O(N?) in the worst case. For
each task in H[t], it is necessary to judge the status of its
offloading to each UAV, and the complexity introduced here
is O(MN). In summary, the time complexity of the overall
algorithm is:

1“—1 I°—1
O=TE™ (Y uful,,+ Y ufui,, +N>+MN). (50)
i=1 1=1

V. SIMULATION RESULTS

In this section, the performance of the algorithm proposed
in this paper is verified through numerical simulation. The
simulation is built on an Intel i5-12500H processor, Python

3.9, and Pytorch 2.0.1. Both the actor network and the
critic network use three fully-connected hidden layers with
[800, 600, 400] neurons. The actor network learning rate is
3 x 1074, and the critic network learning rate is 3 X 1073,
For the UAVs flying area, we set a cube area with length and
width of 400m and height of 200m. Four UAVs are deployed
to the flight area and their initial positions are [30, 30, 125],
[30, 370, 125], [370, 30, 125], [370, 370, 125] respectively. The
80 GUs are randomly distributed in the experimental area, and
the size of the task generated by each GU in each time slot is
between 100K B and 240K B. The rest of the parameters are
shown in Table I [15] [29].

TABLE 1
SIMULATION PARAMETERS

Parameters Settings Parameters Settings
M 4 N 80
T 25 pmar 30m/s
Zmin 50m Zma 200m
dmin 30m zmaz 30
Qmar % B 200MHz
B 1.42 x 10~4 o -90dbm
ptr 0.1W Tmae Is
ft 2.5GHz fu 40GHz
cax 10MB £ 1000cycle/bit

A. Comparison Algorithms

1). Particle Swarm Optimization (PSO): PSO solves our
problem by updating the population of candidate particles [36].
Each particle is composed of the increment of flying direction
and speed in each time slot of the UAV, and the fitness value
is calculated according to the (39). It should be noted that
PSO is designed to solve complex non-convex problems in
the design phase, rather than being a method for real-time fast
decision-making. We introduce it for comparison to highlight
the fast decision-making performance of DRL.

2). Deep Deterministic Policy Gradient (DDPG): DDPG
has been widely used in optimizing UAV networks [24] [19].
To make a fair comparison with SAC, DDPG is used to
optimize the trajectory of the UAV and the user connection
scheduling is also obtained by Algorithm 2. The network
structure of DDPG is set to be the same as SAC, but the
impact of action entropy on the agent is not considered in
DDPG. Specifically, DDPG only focuses on maximizing the
long-term cumulative reward without considering increasing
the agent’s exploration of the environment to speed up DRL
convergence and obtain better solutions.

3). Random Moving (RM): Each UAV randomly selects the
flying direction and flying speed and obtains the connection
scheduling of each task according to Algorithm 2.

4). Local Computing (LC): All tasks are processed locally
without offloading.

B. Comparison of the Different Algorithms

First, we compare the convergence of SAC and DDPG. As
shown in Fig. 5a, SAC can find better solutions within the
same training epochs and converge faster. Because the DDPG
algorithm does not introduce action entropy, its exploration of
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Fig. 5. Compare the convergence and objective function values of different
algorithms. (a) The convergence of SAC, DDPG. (b) The objective function
value of SAC, DDPG, PSO, RM.

the environment is not as effective as the SAC algorithm we
proposed. The objective function values obtained by different
algorithms are compared in Fig. 5b. As can be seen, our
proposed SAC algorithm achieves the best optimization of
the objective function value. In addition, when compared with
heuristic algorithms such as PSO, DRL algorithms like DDPG
and SAC can better avoid falling into local optimal solutions.
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Fig. 6. Compare the average user delay and UAV load fairness of different
algorithms. (a) The average delay of LC, RM, PSO, DDPG, SAC. (b) The
load fairness of RM, PSO, DDPG, SAC.

As shown in Fig. 6a, we compare the average delay of

different algorithms after they have run for the same time.
Since the effects of the LC and RM algorithms are independent
of the algorithm running time, the values in Fig. 6a remained
unchanged. With the running time of PSO, DDPG, and SAC
algorithms increasing, the average user delay is effectively
reduced. Fig. 6b reflects the change in the UAV load fairness
index within a period. The load fairness index of different
algorithms at time slot O is the same, because the initial
positions of the UAVs at time slot 0 are the same for each
algorithm and Algorithm 2 is used in these algorithms to
solve connection scheduling. In addition, it is obvious that our
proposed SAC algorithm is the most effective for load fairness
optimization of UAVs compared with other algorithms.

To further describe the load fairness index changes of UAVs,
we analyze the total task size processed by each UAV in Fig.
7. It can be found that the total task size processed by the
4 UAVs in the same time slot is very close. There is no
situation where some UAVs compute a large number of task
data and some UAVs process a small amount of task data,
which demonstrates that our optimization of the load fairness
index is effective. In Fig. 8a, we compare the number of
GUs performing auxiliary offloading at each slot in different
algorithms. Compare with other algorithms, the SAC algorithm
can assist more GUs in task computing at the same time
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Fig. 7. The total computing data size of each UAV.
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Fig. 8. Compare the number of GUs participating in offloading in each time
slot within a period and the maximum total delay of last task in the queue.
(a) The number of GUs participating in offloading in SAC, DDPG, PSO, RM.
(b) The maximum total delay of last task in the queue in SAC, DDPG.

slot. In addition, after the UAVs have flown for a certain
number of time slots, all GUs can be connected by UAVs to
perform auxiliary computing. To determine whether the UAVs
can effectively provide computing services for all offloaded
user tasks, we analyze the maximum total delay of the last
task in each UAV task queue in each time slot in Fig. 8b. We
can find that although all GUs offload tasks to UAVs from the
15-th to the 25-th time slot, the maximum total delay of the
tasks in the SAC algorithm does not exceed 0.45 seconds and
is less than the maximum tolerable delay (1 second) of the
GUs. In addition, when all GUs participate in offloading, the
maximum latency of task in the proposed SAC algorithm is
lower than that of the traditional DDPG algorithm.

The three-dimensional trajectories of UAVs are depicted in
Fig. 9. The purple dots represent GUs, while the stars of
different colors indicate the trajectories of different UAVs. We
can observe that the positions of different UAVs in the same
time slot are relatively scattered. This allows the computing
resources of each UAV to be fully utilized to serve more GUs.

The impact of the FCFS and SJF queuing model on average
delay is reflected in Fig. 10. Regardless of whether the SAC
or the DDPG is used, the average processing delay of SJF is
lower than that of FCFS. This is because the FCFS queuing
model increases the waiting delay of user tasks in the queue.

In Fig. 11a, we analyze the impact of varying numbers of
UAVs on assisted GU computing. As the number of UAVs
increases, the average delay of GUs is constantly decreasing.
However, it should be noted that as the number of UAVs



Fig. 9. Three-dimensional flying trajectories of UAVs.
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Fig. 10. Compare the average delay of FCFS and SJF in SAC, DDPG.

increases, the improvement in user delay becomes increasingly
limited. To show the relative optimization effect of increasing
the number of UAVs, we compare the relative difference in
average delay for changes in the number of UAVs in Fig. 11b.
When the number of UAVs is 2, the optimization of user delay
is reduced by 0.135 seconds compared to 1 UAV. However,
when the number of UAVs is 8, the optimization of user delay
is only reduced by 0.011 seconds compared with 7 UAVs. In
Fig. 12, we compare the impact of different numbers of GUs
on the average delay. We can find that the smaller the number
of GUs, the lower the average delay. This is because the UAVs
will have sufficient computing resources to provide assisted
computing.
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Fig. 11. Compare the impact of different numbers of UAVs on the average
user delay. (a) The delay optimization. (b) The relative difference in average
delay for change in the number of UAVs.
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C. Test Results Analysis of Different Algorithms

In order to increase the DRL model’s ability to handle
dynamic changes, we further train the model by continuously
changing the initial positions of UAVs and the task size
generated by GUs in each time slot [24]. Then the performance
of the model is tested in Table II. For a clear comparison,
we have introduced the running results of PSO, RM, and LC
algorithms in Table II, where the SAC and DDPG algorithms
are significantly better than the PSO, RM and LC algorithms
in optimizing the average user delay and UAV load fairness.
This shows that the model we trained has good generalization
ability. In addition, we can find that DRL algorithms such as
SAC and DDPG are more time-consuming in model training,
taking 4936.89 seconds and 4106.68 seconds respectively, but
only 0.22 seconds are consumed to obtain the solution during
testing. The PSO is worse than that of SAC and DDPG, and the
solution time is relatively long. Therefore, the DRL algorithm
has greater advantages when dealing with dynamic changes
and fast decision-making application scenarios.

TABLE I
MODEL TEST RESULTS

Algorithm Delay (s)  Fairness  Executed Time (s)  Traing (s)
SAC 0.265 0.943 0.22 4936.89
DDPG 0.307 0.917 0.20 4106.58
PSO 0.384 0.897 2580.47

RM 0.516 0.812 0.16

LC 0.695 0.08

VI. CONCLUSION

With the goal as reducing user average delay and enhancing
the load fairness of the UAVs, a NP-hard problem is formu-
lated and solved by jointly optimizing the three-dimensional
trajectories of UAVs and the GUs’ connection scheduling.
Specifically, we use SAC algorithm to optimize the three-
dimensional trajectories of UAVs and propose a SJF model
to help designing a low-complexity connection scheduling
algorithm.

For future research, the current work can be further ex-
panded in the following aspects. For example, we can consider



how to establish multiple task queues under multi-core proces-
sors to serve user task concurrency scenarios. In addition, we
can introduce the optimization of CPU computing frequency
allocation and explore some effective algorithms to reduce the
training time of DRL algorithm. Finally, we can also study
how to use convex optimization to solve complex problems
in multi-UAV networks to compare with the solution of DRL.
The above issues will be further investigated in our future
work.
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