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Abstract—Unmanned Aerial Vehicle (UAV)-assisted Low Earth
Orbit (LEO) satellite edge computing (ULSE) networks can ad-
dress the challenge communications issues in areas with harsh
terrain and achieve global wireless coverage to provide services for
mobile user devices (MUDs). This paper studies the LEO-UAV task
offloading problem where MUDs compete for limited resources in
the ULSE networks. We formulate the optimization problem with
the goal of minimizing the cost of all MUDs while meeting resource
constraint and satellite coverage time constraint. We first theoret-
ically prove that this problem is NP-hard. We then reformulate
the problem as a LEO-UAV task offloading game (LUTO-Game),
and show that there is at least one Nash equilibrium solution
for the LUTO-Game. We propose a joint UAV and LEO satellite
task offloading (JULTO) algorithm to obtain the Nash equilibrium
offloading strategy, and analyze the performance of the worst-case
offloading strategy obtained by the JULTO algorithm. Finally,
extensive experiments, including convergence analysis and com-
parison experiments, are carried out to validate the effectiveness
of our JULTO algorithm.

Index Terms—Game model, LEO satellite, Nash equilibrium,
task offloading, UAV.

I. INTRODUCTION

W ITH the rapid development of beyond 5G/6G commu-
nication systems, the number of mobile user devices

(MUDs) such as smartphones and tablets has surged. More and
more computation-intensive and latency-sensitive applications
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(such as natural language processing, virtual reality, face recog-
nition, etc.) are running on MUDs [1]. However, constrained by
CPU and battery capacity, most MUDs cannot effectively handle
computationally intensive applications all by themselves [2], [3],
[4]. The framework of mobile edge computing (MEC) [5], [6],
[7], [8] is considered as a viable solution, i.e., edge servers with
computing resources are placed on network access points close
to MUDs [9]. Then, MUDs can transmit task data to edge servers,
thereby utilizing the computing resources of edge servers to
process computing tasks [10], [11]. This reduces the application
processing latency of MUDs, thereby improving users’ quality
of experience (QoE) [12], [13].

Traditional MEC usually utilizes ground base stations as
network access points, which however may not meet the ubiq-
uitous connection requirements [14], [15]. On the one hand,
it is difficult for ground network access points to completely
cover some complex terrains, such as oceans, deserts, and remote
mountainous areas. On the other hand, ground base stations are
vulnerable to damage from natural disasters such as earthquakes,
hurricanes, and tsunamis, resulting in communication interrup-
tions. In recent years, Unmanned Aerial Vehicles (UAVs) have
become popular because of their flexibility and low cost [16],
[17], [18]. Low-altitude UAVs can be regarded as base stations
to improve the performance of network systems [19], [20]. In ad-
dition, with the development of space communication networks,
satellite technology has developed rapidly. The on-ground de-
vices based on Low Earth Orbit (LEO) satellites can obtain better
signal strength and lower latency, which has received extensive
attention [21], [22], [23]. Therefore, deploying edge servers on
UAV and LEO satellites can effectively solve communication
and computing problems in areas with complex terrain and harsh
environments which has drawn extensive attention from both
academia and industry.

However, the problem of task offloading in ULSE network
systems faces challenges. First, there are heterogeneous re-
sources in the ULSE network, and the resources of UAVs
and LEO satellites are limited. MUDs in the system need to
compete for limited system resources to process tasks. Commu-
nication and computing resource allocation strategies face the
challenges brought by complex and heterogeneous network en-
vironments and user competition. Second, in addition to resource
constraints, the LEO satellite coverage time constraint should
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also be satisfied. For different MUDs, the upper bound of the
coverage time with different LEO satellites are different. How to
calculate the LEO satellite coverage time with different offload-
ing decisions, and obtain the decisions that satisfy both the cover-
age time and resource constraints is a challenge. Besides, MUD
has individual rationality, that is, it will not sacrifice its own
benefits to reduce the cost of other MUDs. Therefore, achieving
a balanced offloading strategy for all MUDs while minimizing
the cost of all MUDs in the entire system is also a challenging
problem. Finally, the solution space size of the problem increases
with the network system scale, and the complexity of finding the
optimal offloading strategy increases exponentially when the
number of MUDs, UAVs, or LEO satellites increases.

This paper studies the multi-user task offloading problem in
the ULSE networks. The optimization goal is to minimize the
cost of MUDs. The problem is reformulated as a LEO-UAV task
offloading game (LUTO-Game) model, and it is theoretically
proved that there is at least one Nash equilibrium solution for the
LUTO-Game. Then, we propose a joint UAV and LEO satellite
task offloading (JULTO) algorithm to obtain the task offloading
strategy and realize the balance of multi-MUD decision-making.
Finally, we perform both theoretical analysis and experiments
to evaluate the performance of the JULTO algorithm. The con-
tributions of this paper are summarized as follows.
� We propose a LEO-UAV task offloading framework which

utilizes the edge computing resources of LEO satellites and
UAVs. In this framework, satellites and UAVs with edge
servers can handle the tasks of MUDs. The offloading de-
cisions of MUDs are optimized with the objective of mini-
mizing the total cost of MUDs. When MUDs offload tasks,
they need to compete for limited transmission resources.
For UAV edge computing, UAVs transmit energy to MUDs
by applying wireless power transmission technology, and
the resource constraint is considered. For LEO satellite
edge computing, in addition to the restriction of resources,
satellite coverage time constraint is also considered. The
coverage time model for satellites in different situations is
discussed.

� We prove that the formulated task offloading problem is
NP-hard. Since MUDs are selfish, the multi-device and
multi-server task offloading problem in the ULSE system
is reformulated as the LUTO-Game model. The MUDs
in the system are game participants, focusing on reducing
their own costs. The desirable offloading strategy of the
problem is defined as the Nash equilibrium solution of
the LUTO-Game. Then, by defining a task offloading rule,
the potential function is given, and the LUTO-Game is
proved theoretically a potential game. Therefore, it can be
determined that LUTO-Game has at least one feasible Nash
equilibrium solution.

� The JULTO algorithm is proposed to obtain the Nash
equilibrium strategy of the task offloading problem. The
JULTO algorithm is implemented in a distributed manner,
and the MUDs make offloading decisions in parallel. On
the basis of the proposed JULTO algorithm, the price of
anarchy (PoA) is defined, which is the ratio of the worst
cost obtained by the Nash equilibrium unloading strategy

to the cost obtained by the centralized optimal strategy.
According to the PoA, we theoretically analyze the perfor-
mance of the JULTO algorithm.

� Extensive experiments are carried out to evaluate the
JULTO algorithm. The experiment results show that the
JULTO algorithm can converge after a limited iteration
number. When the scale of the problem expands, the prob-
lem’s solution space experiences exponential growth, and
the growth rate of the iteration number required for the
game to reach the Nash equilibrium state is lower than
the linear speed. In addition, comparison experiments are
conducted. The results show that the cost for the JULTO
algorithm is lower than that obtained by other algorithms,
which verifies the performance superiority of JULTO
algorithm.

The subsequent sections of this paper are structured as fol-
lows. In Section II, related works are presented. Section III
describes the ULSE system model, and formulates the task
offloading problem. In Section IV, the problem is reformulated
as the LUTO-Game model. Then, a theoretical analysis of the
LUTO-Game is conducted. Section V proposes the distributed
JULTO algorithm, and analyzes theoretically the JULTO’s per-
formance. The experimental evaluation is given in Section VI.
Finally, Section VII presents the paper’s conclusion.

II. RELATED WORK

As a flexible and efficient mobile aerial platform, UAVs
have attracted widespread attention in both civilian and mili-
tary fields. [24] studied the problem of collecting data in the
UAV wireless networks, using the maximum age of information
(AoI) to measure information freshness. On this basis, [25]
proposed a combined optimization objective of minimizing the
maximum AoI. Liu et al. proposed an iteration-based trajectory
planning and sensor node association strategy to obtain the
optimal AoI solution. With the development of MEC, some
related works have studied UAV computing architecture deploy-
ing edge servers. In [26], by jointly optimizing UAV position,
transmission bandwidth, and CPU frequency, all devices’ com-
putation delay was minimized. The joint optimization problem
was solved by applying the successive convex approximation
technique. In [27], Han et al. adopted optimal transportation
theory and classical particle swarm optimization algorithm to
conduct joint optimization of UAV deployment and user associ-
ation, and finally realized the minimization of average delay. [28]
jointly optimized resource allocation, equipment scheduling,
and UAV trajectories. Han et al. proposed an iterative algorithm
based on alternating optimization and convex optimization.

Because of the global coverage characteristics of LEO satel-
lites, they can break through the geographical restrictions of
communication and become an important part of future com-
munication systems. For example, in [29], an ultra-dense LEO
satellite network was considered. A pricing mechanism was
designed based on Stackelberg game to incentivize ground and
satellite operators’ data reloading. In addition, some studies
have considered LEO satellites combined with MEC. In [22],
Li et al. studied the MEC deployed on LEO satellites. Service
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scheduling and placement were optimized using mixed integer
linear programming (MILP). However, they did not consider the
coverage of LEO satellites. In our model, we further consider that
users need to calculate the corresponding satellite coverage time
and perform task offloading on the premise of meeting time con-
straints. In [30], the joint optimization problem of LEO satellite
MEC network was studied. An algorithm based on Lagrangian
Dual Decomposition (LDD) was proposed. [31] proposed a
satellite MEC architecture based on federated learning and used
the blockchain framework to achieve data privacy and security
protection. [15] studied the task offloading problem based on
LEO satellite MEC, and formulated the optimization problem
as a partially observable Markov decision process. A multi-agent
algorithm was proposed to achieve resource allocation in a col-
laborative manner. [32] considered a satellite-ground network
using dual edge computing, with the optimization goal of cost
minimization. A double-edged computing offloading algorithm
was proposed to achieve computing resource allocation. [33]
established a system model for satellite edge computing task
offloading, and used queuing theory and game theory to optimize
utility function.

The above works did not consider the resource limitations
of satellite edge computing, i.e., it may not be sufficient to
meet the needs of all types of user devices. Therefore, it is
an effective method to combine UAVs and LEO satellites to
form a Space-Air system. The Space-Air system can serve as
a supplement to the ground network, overcoming the impact of
harsh environments on communication conditions and providing
various computation resources and reliable services for user
devices. Therefore, we combine UAV edge computing and LEO
satellite network to form a heterogeneous integrated air-ground-
space network, aiming to make up for the shortcomings and
limitations of a single type of edge server. Some similar works
exist. For example, [2] studied the edge computing architecture
of the Space-Air-Ground Integrated Network (SAGIN), jointly
optimized task scheduling and resource allocation, and used
learning-based methods to obtain the optimal flow strategy
and UAV flight strategy, thereby minimizing system costs. [34]
studied the task offloading problem in SAGIN. The optimization
goal was to minimize UAVs’ energy consumption and maximize
the number of tasks that meet the delay constraints. A solution
method based on reinforcement learning was proposed to obtain
the optimal offloading solution. Different from [2] and [34], we
consider the coverage time constraints and computing resource
constraints of different LEO satellites, as well as user competi-
tion for resources. A distributed method is proposed to obtain
offloading decisions, which achieves multi-user optimization
while balancing the performance and computation complexity
of the method.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. Network Model

Fig. 1 shows the ULSE framework. There are N MUDs
(D = {d1, . . . , dN}),M1 UAVs (U = {u1, . . . , uM1

}), andM2

LEO satellites (S = {s1, . . . , sM2
}) in orbit. Each MUD di ∈ D

Fig. 1. An ULSE scenario example.

has one computation task Hi = (Bi, Ci) that needs to be pro-
cessed. Ci is the CPU cycles number required to complete
Hi. Bi is the size of Hi in bits. Ground base stations may
not be available in areas with harsh terrain or disasters. In the
ULSE networks, UAVs and LEO satellites are equipped with
edge servers (ESs) that can process the tasks of MUDs. There
are cu and cL wireless channels for UAVs and LEO satellites,
respectively. Table I summarizes the paper’s main notations.
Compared with MUDs, ESs have a larger computing capacity.
Therefore, MUDs can transmit computation-intensive task data
to ESs of UAVs or LEO satellites for processing. When channel
resources are insufficient, MUDs have to complete their tasks
locally. MUDs can choose an appropriate offloading decision to
process computation tasks according to their own demand.

The offloading decision of MUD di is represented by oi ∈
{(0, 0, 0)⋃(ai, bi, ci)}. When MUD di executes the task Hi

locally, its decision is oi = (0, 0, 0). oi = (ai, bi, ci) represents
that MUD di offloads the task Hi to ESs. ai represents the
offloading way selected by MUD di. Specifically, if MUD di
offloads the task to ESs of UAVs, ai = 1. If MUD di offloads
the task to ESs of LEO satellites, ai = 2. bi represents the UAV
or LEO satellite that is selected by MUD di for task processing.
ci represents the wireless channel that is selected by MUD di
for task data transmission. When MUD di offloads the task to
UAVs, i.e.,ai = 1, then bi ∈ {1, . . . ,M1} and ci ∈ {1, . . . , cu}.
When MUD di offloads the task to LEO satellites, i.e., ai = 2,
then bi ∈ {1, . . . ,M2} and ci ∈ {1, . . . , cL}. In addition, the
set of offloading decisions of all MUDs is called the offloading
strategy denoted by o = {o1, . . . , oN} .

In traditional mobile edge computing, terrestrial base stations
are used as network access points. When ground base stations
are damaged by natural disasters such as tsunamis, hurricanes,
and earthquakes, they may not meet the communication require-
ments of ground devices. Therefore, in this work, in order to cope
with the communication and computing challenges in areas with
complex terrain and harsh environments, a UAV-assisted LEO
satellite edge computing network framework is proposed.

B. Service Coverage Model

1) UAV Service Coverage: In UAV edge computing, each
UAV serves a certain range of services, and only MUDs within
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TABLE I
KEY NOTATIONS

the range of services can offload the computing task to the UAV
edge server for processing. In Fig. 2, (xuav

j , yuavj ) and huav
j

represent the coordinates and flight altitude of the UAV uj ∈ U,
respectively. Ruav represents the service coverage radius of the
UAV uj ∈ U. (xMUD

i , yMUD
i ) represents the coordinates of the

MUD di ∈ D. Therefore, if MUD di offloads the task Hi to the
edge server of UAV uj for processing, constraint (1) should be
satisfied.

√
(xuav

j − xMUD
i )2 + (yuavj − yMUD

i )2 ≤ Ruav. (1)

2) LEO Satellite Coverage Time: Generally, LEO satellites
move continuously in orbit. MUDs and LEO satellites cannot
guarantee communication at any time, and data transmission
is limited by satellite coverage time. Specifically, in the ULSE
networks, the position of the LEO satellite is variable. Therefore,
there are constraints in communicating with LEO satellites.

Fig. 2. The spatial configuration of the MUDs and UAVs.

Fig. 3. The spatial configuration of the MUD and LEO satellite.

Generally speaking, MUDs can only transmit data within the
coverage area of satellite signals.

In Fig. 3, L1 is the LEO satellite’s orbit height, L2 the earth’s
radius, and α the minimum elevation angle from the MUD to
the LEO satellite. β is one-half of the LEO satellite coverage
area’s geocentric angle. According to the Law of Sines, there is

sin γ

L2
=

sin(α+ π
2 )

L2 + L1

⇒ cos(β + α)

L2
=

cosα

L2 + L1

⇒ cos(β + α) =
L2

L2 + L1
cosα

⇒ β = arccos

(
L2

L2 + L1
cosα

)
− α. (2)

L is the distance between the MUD and LEO satellites, there
exists

L =
L2 + L1

cosα
sinβ. (3)

The maximum arc length Larc of LEO satellite coverage is

Larc = 2β(L1 + L2). (4)

For multiple MUDs and LEO satellites, there may be different
elevation angles αi,bi , di ∈ D, sbi ∈ S. There are two cases, as
follows:
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Case 1: α ≤ αi,bi ≤ π
2 .

According to (2), there exists

βi,bi = arccos

(
L2

L2 + L1
cosαi,bi

)
− αi,bi . (5)

Therefore, the remaining coverage range is

Lre
i,bi

= (β + βi,bi)(L1 + L2). (6)

Case 2: π
2 < αi,bi < π − α.

Similar to Case 1, there are

βi,bi = arccos

(
L2

L2 + L1
cos(π − αi,bi)

)
− (π − αi,bi),

(7)

Lre
i,bi

= (β − βi,bi)(L1 + L2). (8)

vL denotes the speed of the LEO satellites. Based on the
analysis of Case 1 and Case 2, the maximum communication
time of MUD di and LEO satellite bi is

TL
i =

Lre
i,bi

vL
. (9)

C. Communication Model

In the ULSE networks, UAVs and LEO satellites provide
multiple available channels for MUDs to transmit task data. Each
MUD can only transmit data to an ES through a wireless channel.
The MUDs that select the same channel interfere with each
other. Similar to the related works [35], [36], [37], the position
change of the UAV and the energy consumption associated with
UAV flight and hovering are beyond the scope of this paper. We
investigate the offloading decision in the current state. In the
optimization problem, the goal is to minimize the cost for all
MUDs.

When MUDs communicate with UAVs or LEO satellites,
the background noise variance is represented by σ2. Similar
to [35], [38], [39], we consider that the Signal-to-Interference-
plus-Noise Ratio (SINR) of MUD communicating with a UAV
or LEO satellite is

Γi =
pig

bi,ci
i

σ2 +
∑

dl �=di∩ol=oi
plg

bl,cl
l

. (10)

pi is the transmission power of di, g
bi,ci
i is the channel gain

between di and UAV ubi or LEO sbi on channel ci. The MUD
di’s data rate is

Dri = Wbi,ci log2(1 + Γi), (11)

where Wbi,ci is the channel ci’s bandwidth. When more MUDs
select the same channel, the data rate of MUDs decreases.

The MUD communicates with UAV through line-of-sight
links (LoS) and non-line-of-sight links (NLoS). As shown in
Fig. 2, (xMUD

i , yMUD
i ) is the coordinate position of MUD di.

(xuav
j , yuavj ) is the horizontal coordinate position of UAV uj ,

and huav
j is the hovering height of UAV uj . Referring to [40],

when the MUD di communicates with the UAV uj , the path loss

is as follows:

Lpath
i,j = 20 log10

(
4πfc||Pdi

− Puj
||

c

)
+ LoS(θi,j)η

LoS
i

+ (1− LoS(θi,j))η
NLoS
i ,

where fc represents the carrier frequency, v represents the speed
of light. ηLoS

i and ηNLoS
i indicate the path loss of LoS and

NLoS, respectively. According to [41], LoS(θi,j) indicates the
LoS probability when the MUD di communicates with UAV uj .

LoS(θi,j) =
1

1 + μ
−μ2(θi,j−μ1)
1

θi,j =
180

π
arctan

(
h

||Pdi
− Puj

||)
)

||Pdi
− Puj

||

=
√

(xMUD
i −xuav

j )2+(yMUD
i − yuavj )2+(huav

j )2

μ1 and μ2 are the environment related parameters. θi,j is the ele-
vation Angle of MUD di to UAVuj . ||Pdi

− Puj
|| is the distance

between UAVuj and MUD di, wherePuj
= (xuav

j , yuavj , huav
j )

and Pdi
= (xMUD

i , yMUD
i , 0) represent the position coordinate

of UAV uj and MUD di, respectively. Therefore, when MUD
di selects UAV edge computing, the channel gain is gbi,cii =

10−0.1Lpath
i,j .

When the MUD di selects LEO satellite edge computing,
the channel gain is gbi,cii = Gbi

i GFad
1 GFad

2 (Li,bi)
Cpath

, where
Gbi

i is the antenna gain of MUD di against satellite sbi ,
GFad

1 ∼ CN (0, 1) is the complex Gaussian variable represent-
ing Rayleigh fading, Li,bi is the distance between MUD di and
LEO satellite sbi , andCpath is the path exponent. Similar to [42],
GFad

2 = ( v
4πLi,bi

fc
)2Acr

i,bi
is the fading including shadowing

fading, rain, water vapor and other fading, where Li,bi is the
distance between MUD di and LEO satellite sbi , fc is the carrier
frequency, Acr

i,bi
= 10([3χLi,bi

]/10L1) is the attenuation due to
clouds and rain withL1 the height of a LEO andχ the attenuation
through the cloud and rain in dB/km.

D. Computation Model

The computation task Hi, i ∈ [1, N ] can be processed locally
or can be offloaded to UAVs or LEO satellites for remote
processing through wireless channels.

1) Local Computing: MUD di executes computation taskHi

locally. Different MUDs may have different computing capabil-
ities (i.e. CPU cycles per second). The MUD di’s computing
capability is denoted by f local

i . The task Hi’s local computing
delay is as follows:

tlocali =
Ci

f local
i

. (12)

Similar to [35], [43], the computing energy consumption is

elocali = leiCi, (13)

where lei represents the energy consumed by MUD di per
CPU cycle while processing the task locally. According to (12)
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and (13), the cost of local computing can be obtained as

Klocal
i = λt

it
local
i + λe

i e
local
i , (14)

where λt
i and λe

i are weighted parameters of delay and en-
ergy consumption respectively. There are λt

i, λ
e
i ∈ [0, 1] and

λt
i + λe

i = 1. In practice, MUDs can appropriately adjust the
weighted parameters. When MUD di pays more attention to
energy consumption, it can set λt

i < λe
i . When MUD di pays

more attention to latency, it can set λt
i > λe

i .
2) Offloading to the UAVs: MUDs can offload tasks to the

ESs of UAVs for processing. UAVs can provide MUDs with
computing resources, and can also transfer energy to MUDs by
applying wireless power transfer technology. When MUD di
offloads the task to UAV ubi , the task Hi’s data transmission
delay is

ttri =
Bi

Dri
. (15)

The task computing delay is

tUAV
i =

Ci

fUAV
i,bi

, (16)

where fUAV
i,bi

denotes the computing capability (CPU cy-
cles/second) obtained by MUD di on the edge server of UAV
ubi . f

UAV
bi

is the computing capability of the UAV ubi , there
is

∑
dl∈D∩bl=bi

fUAV
l,bi

≤ fUAV
bi

. According to (15) and (16),
the total delay of MUD di offloading task Hi to UAV ubi for
processing is

TUAV
i = ttri + tUAV

i . (17)

For UAV edge computing, the energy consumption of the
MUD offloading task and the subsequent energy harvesting (EH)
performed by the MUD as a receiver are considered. The energy
consumption of MUD di is

etri = pit
tr
i . (18)

MUDs can obtain energy from the UAV through wireless power
transfer technology after completing the task offloading. The EH
of MUD di is

eehi = ηpuavgbi,cii , (19)

where η is the energy transmission efficiency, and puav is
the power of the UAV WPT. Therefore, the cost of MUD di
offloading task to the UAV ubi is

KUAV
i = λt

iT
UAV
i + λe

i (e
tr
i − eehi ). (20)

3) Offloading to the LEO Satellites: When MUD di offloads
the task Hi to the LEO satellite sbi , the computing delay is

tLEO
i =

Ci

fLEO
i,bi

, (21)

where fLEO
i,bi

denotes the computing capability obtained by
MUD di on the edge server of LEO satellite sbi . fLEO

bi
is the LEO satellite sbi ’s computing capability, there is∑

dl∈D∩bl=bi
fLEO
l,bi

≤ fLEO
bi

. In addition, the distance between
MUD and LEO satellites is relatively large. Therefore, MUDs

suffer from propagation delays when communicating with LEO
satellites. The propagation delay is

tpi =
Li,bi

v
, (22)

where Li,bi is the distance between MUD di and LEO satellite
sbi . Therefore, the delay for MUD di to offload task Hi to LEO
satellite sbi is

TLEO
i = tpi + ttri + tLEO

i . (23)

The cost of MUD di offloading task to the LEO satellite sbi is

KLEO
i = λt

iT
LEO
i + λe

i e
tr
i . (24)

E. Problem Formulation

For each MUD di ∈ D, the cost function is as follows.

Ko−i
(oi) =

⎧⎪⎨
⎪⎩
Klocal

i , oi = (0, 0, 0)

KUAV
i , oi = (1, bi, ci)

KLEO
i , oi = (2, bi, ci)

, (25)

where o−i represents the set of offloading decisions of all MUDs
except MUD di. The MUDs are subject to some constraints
in making decisions. The detailed problem formulation is as
follows:

min
∑
di∈D

Ko−i
(oi)

s.t. C1 : TLEO
i ≤ TL

i , if ai = 2

C2 : Ko−i
(oi) ≤ Klocal

i , ∀di ∈ D

C3 :
∑

dl∈D∩bl=j1

fUAV
l,j1

≤ fUAV
j1

, ∀uj1 ∈ U

C4 :
∑

dl∈D∩bl=j2

fLEO
l,j2

≤ fLEO
j2

, ∀sj2 ∈ S. (26)

C1 is the coverage time constraint when the MUDs offload tasks
to the LEO satellites. C2 means that when the MUDs offload the
tasks, the cost obtained should be lower than the cost of local
computing; otherwise, the MUDs will not offload the tasks. C3

andC4 are the computing resource constraints of UAVs and LEO
satellites, respectively.

Theorem 1: The problem (26) is NP-hard.
Proof: The problem can be proven to be NP-hard with

the multiple Knapsack (MK) problem. In the MK problem,
there are n items I = {im1, . . . , imn} and m backpacks B =
{bk1, . . . , bkm}. The capacity of each knapsack bkj ∈ bk is cj .
The income and weight of each item imi ∈ im are iei and
wi, respectively. qi = {qi,1, . . . , qi,m} indicates the decision to
the item imi. qi,j = 1 indicates that item imi is packed into
the knapsack bkj , and qi = 0 indicates that it is not packed
into any backpack. I{P} is a condition function. If P is true,
I{P} = 1. Otherwise, I{P} = 0. The goal of the MK problem
is to maximize the overall income.

max
∑

imi∈Im
ieiI{qi �= 0}

Authorized licensed use limited to: University of Waterloo. Downloaded on February 17,2026 at 23:30:37 UTC from IEEE Xplore.  Restrictions apply. 



CHEN et al.: MULTI-USER TASK OFFLOADING IN UAV-ASSISTED LEO SATELLITE EDGE COMPUTING 369

s.t.
∑

imi∈Im
wiI{qi,j = 1} ≤ cj , ∀bkj ∈ B.

In the problem (26), there is a certain resource requirement
for each MUD and a certain user capacity for each wireless
channel. Thus, they can be seen as items and backpacks in the
MK problem, respectively. The goal of problem (26) can be
seen as a transformation of the goal of problem MK, and con-
straints C3 and C4 are equivalent to

∑
imi∈Im wiI{qi,j = 1} ≤

cj , ∀bkj ∈ B. Other constraints of problem (26) can be projected
as weights into the MK problem. Therefore, the problem (26)
can be transformed from the MK problem and is NP-hard. �

According to Theorem 1, it is difficult to obtain the optimal so-
lution of problem (26) in polynomial time. The time complexity
required to obtain the optimal solution through the centralized
method is significant. Moreover, in problem (26), each MUD
focuses on its own benefit and competes for the limited system
resources. In other words, each MUD does not aim at reducing
the overall cost at the expense of increasing its own cost. How to
balance the benefits of the individual MUD and the benefits of
overall MUDs is a challenge. Therefore, we propose a distributed
approach based on game theory to solve this problem. With the
distributed approach, different MUDs are allowed to make their
own decisions and finally reach to an equilibrium state, i.e., the
Nash equilibrium state. In other words, the balanced benefits of
the individual MUD and the overall MUDs are achieved.

IV. LEO-UAV TASK OFFLOADING GAME

In this section, the LEO-UAV task offloading Game (LUTO-
Game) model is established, and the property of the game is
analyzed theoretically.

A. LUTO-Game Formulation

To solve this task offloading problem, the idea of game
theory is used, each MUD has a certain degree of au-
tonomy. We reformulate the problem as the LUTO-Game
G = (D, {Oi}di∈D, {Ko−i

(oi)}di∈D). D is a players set,
and MUD di ∈ D makes the offloading decision oi ∈
{(0, 0, 0)⋃(ai, bi, ci)}. Oi is the set of available offloading
decisions, and Ko−i

(oi) is the cost of MUD di. All players
compete for limited resources and minimize their own costs.
Definition 1 shows the detailed definition for the Nash Equilib-
rium (NE) solution of the LUTO-Game G.

Definition 1: If no MUD can change its decision to decrease
cost, o∗ = (o∗1, o

∗
2, . . . , o

∗
N ) can reach a Nash Equilibrium (NE)

for the LUTO-Game G = (D, {Oi}di∈D, {Ko−i
(oi)}di∈D),

i.e.,

Ko∗−i
(o∗i ) ≤ Ko∗−i

(oi), ∀di ∈ D, ∀oi ∈ Oi. (27)

Then, for a set of NE decisions, each participant’s decision is
the best response decision to the other participants, described in
detail in Property 1.

Property 1: For the offloading strategy o∗ = (o∗1, o
∗
2, . . . , o

∗
N )

of the LUTO-Game G, MUD di’s offloading decision o∗i ∈ Oi

is the best response to the other MUDs’ decisions o∗−i.

Proof: For MUD di, if o∗i ∈ Oi is not the best response
decision, there must exist a decision oi ∈ Oi that can decrease its
cost, i.e., Ko∗−i

(o∗i ) > Ko∗−i
(oi). This hypothesis conflicts with

(27). Therefore, o∗i is the MUD di’s best response decision. �
According to Property 1, the LUTO-Game allows each MUD

to make the offloading decision. Therefore, the offloading strat-
egy can be obtained in a distributed manner. This method can
reduce complexity and improve efficiency.

B. Analysis of LUTO-Game Solution

In order to solve the problem (26), a task offloading rule is
proposed to optimize the total utility of MUDs in LUTO-Game.
The offloading rule is designed based on the principle of overall
cost reduction, i.e., the decision update of any MUD can reduce
its own cost and the system cost. Suppose the current decision
of MUD di ∈ D is oi and it wants to change to decision o′i to
reduce cost. MUD di changing decisions will affect its own cost
and the cost of other MUDs. The offloading rules are defined in
Definition 2.

Definition 2: (Task Offloading Rule) After MUD di changes
the decision, the amount of cost reduction is�Ki = Ko−i

(oi)−
Ko−i

(o′i), and the impact on other MUDs is �K−i =∑
dl �=di

Ko′−l
(ol)−

∑
dl �=di

Ko−l
(ol). di can change the de-

cision if it reduces the overall cost after changing the
decision, i.e.,

�Ki > �K−i. (28)

It guarantees that MUD reduces its own cost while reducing
the overall cost. Then, we analyze the existence of NE in the
LUTO-Game by proving that the game is a potential game. The
definition of a potential game is as follows.

Definition 3: For a game problem, if there is a function
Y (oi, o−i) that satisfies (29), then the game is a potential game.

Ko−i
(o′i) ≤ Ko−i

(oi) ⇒ Y (o′i, o−i) ≤ Y (oi, o−i), (29)

where di ∈ D and oi, o
′
i ∈ Oi.

Theorem 2: The LUTO-Game is a potential game, and (30)
gives the potential function.

Y (oi, o−i) =
∑
di∈D

Ko−i
(oi) (30)

Proof: We assume that MUD di ∈ D has two decisions oi
and o′i, and Ko−i

(oi) > Ko−i
(o′i). According to Definition 2,

there is

Y (oi, o−i)− Y (o′i, o−i)

=
∑
di∈D

Ko−i
(oi)−

∑
di∈D

Ko−i
(o′i)

= Ko−i
(oi) +

∑
dl �=di

Ko−l
(ol)

−Ko−i
(o′i)−

∑
dl �=di

Ko′−l
(ol)

= Ko−i
(oi)−Ko−i

(o′i)
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−
⎛
⎝ ∑

dl �=di

Ko′−l
(ol)−

∑
dl �=di

Ko−l
(ol)

⎞
⎠

= �Ki −�K−i > 0 (31)

Therefore,

Ko−i
(oi) > Ko−i

(o′i) ⇒ Y (oi, o−i) > Y (o′i, o−i)

and Theorem 2 holds. �

V. JOINT UAV AND LEO SATELLITE TASK OFFLOADING

ALGORITHM

This section proposes the Joint UAV and LEO Satellite Task
Offloading (JULTO) algorithm to solve the offloading problem
for the ULSE network. The theoretical analysis for the JULTO
algorithm is also given.

A. Algorithm Design

Based on Theorem 2, the game has a limited improvement
property (FIP [44]). As a result, the NE offloading strategy
can be obtained by a limited iteration number. To find the
LUTO-Game’s NE solutions, the JULTO algorithm is designed.
The JULTO algorithm operates in an iterative manner, where
each MUD makes offloading decisions independently. In each
iteration, each MUD searches for the best decision and then
competes with other MUDs for the chance to update the decision.
Then, the winner of the participant competition gets an update
opportunity and can update its decision. The algorithm continues
to iterate until no MUD wants to change its decision further,
at which point the algorithm terminates. Overall, the JULTO
algorithm provides an efficient method for obtaining the NE
solution based on FIP. By allowing MUDs to make offloading
decisions independently and compete for update opportunities,
the game can find solutions that satisfy the NE conditions. The
details are illustrated in Algorithm 1.

First, the algorithm needs to set the necessary parameters.
In the initial state, no MUD makes an offloading decision, and
the decisions of all MUDs are initialized to (0,0,0). Next, each
MUD updates its decision by iteration. The FIP guarantees
the convergence of the JULTO algorithm, and finally reaches
the Nash equilibrium state, that is, no MUD can change its
offloading decision.

In each iteration, each MUD calculates the current delay
and cost (Line 6). If the MUD di ∈ D does not choose local
computing, it is necessary to judge whether the utility at this time
is better than that of local computing (Lines 7-8). In addition, if
the MUD di ∈ D chooses to offload tasks to the satellite, it needs
to check whether the satellite coverage time constraint is met at
this time (Lines 9-10). Next, the total cost

∑
di∈D Ko−i

(oi) of
all MUDs is calculated (Line 11). After that, each MUD di ∈ D
finds a new decision o′i that can reach the minimum Ko−i

(o′i) in
parallel (Lines 12-16). The new decision o′i of MUD di needs to
be beneficial for both MUD di’s cost and the overall system cost.
Therefore, the new decision needs to be guaranteed to reduce
the overall cost, i.e.,

∑
di∈D Ko−i

(o′i) <
∑

di∈D Ko−i
(oi). The

MUD that wants to update the decision sends the new decision o′i

Algorithm 1: Joint UAV and LEO Satellite Task Offloading
(JULTO) Algorithm.

to a set of competing decisions. Then, these MUDs compete for
update opportunities (lines 17-18). In this paper, the competition
determines the winner in a non-deterministic manner such as a
random method. If MUD di becomes the winner, it will get
an update opportunity and its decision oi will be updated to o′i
(Lines 19-20).

Finally, when no MUDs can change their decisions, the
JULTO algorithm ends (Line 21). At this point, the system
reaches an equilibrium state and the task offloading decisions
of all MUDs constitute the NE solution of the problem. During
the process, MUDs make their own task-offloading decisions
in parallel. Therefore, the JULTO algorithm is a distributed
algorithm.

B. Convergence Analysis

After a finite number of iterations, the LUTO-Game will
finally reach a Nash Equilibrium offloading strategy because of
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the FIP property. Next, we prove the upper bound of the number
of iterations, as in Theorem 3.

Theorem 3: There is an upper limit on the number of itera-
tions, which satisfies

RFIP ≤ N(max{tlocalmax , e
local
max }

−min{ttrmin + tUAV
min , etrmin − eehmax}),

where tlocalmax = Cmax

f local
min

, elocalmax = lemaxCmax, ttrmin =
Bmin

Wmax log2(1+
pmaxgmax

σ2 ) , tUAV
min = Cmin

fUAV
max

, etrmin =

pminBmin

Wmax log2(1+
pmaxgmax

σ2 ) , eehmax = ηpmaxgmax, Cmin =

min{C1, . . . , CN}, lemax = max{le1, . . . , leN}, f local
max = max

{f local
1 , . . . , f local

N }, Bmin = min{B1, . . . , BN}, pmin =
min{p1, . . . , pN}, pmax = max{p1, . . . , pN}, Wmax =
max{Wj,k, j ∈ {1, . . . ,M1}, k ∈ {1, . . . , cuj }}, gmax = max

{gj,ki , di ∈ D, j ∈ {1, . . . ,M1}, k ∈ {1, . . . , cuj }}, fUAV
max =

max{fUAV
i,j , di ∈ D, j ∈ {1, . . . ,M1}}.

Proof: There are maximum cost and minimum cost for any
MUD di ∈ D. Based on the model of the problem, MUD di
achieves the maximum cost when it chooses local process-
ing. There is K(oi, o−i) ≤ max{Klocal

i } = max{λt
it

local
i +

λe
i e

local
i }. According to λt

i + λe
i = 1, we can obtain

K(oi, o−i) ≤ max{tlocalmax , e
local
max }

≤ max

{
Cmax

f local
min

, lemaxCmax

}
.

The MUD di may obtain the minimum cost when it offloads
the task to the UAV for processing. There exists K(oi, o−i) ≥
min{KUAV

i } = min{λt
iT

UAV
i + λe

i e
tr
i }. We can obtain (32)

shown at the bottom of the this page.
If MUD di updates its decision from oi to o′i, di’s cost

decreases, Ko−i
(o′i) ≤ Ko−i

(oi). According to Definition 3, the
potential function φ−a(ai) meets

Y (oi, o−i)− Y (o′i, o−i) ≥ 0.

Therefore, the reduction of the potential function before and after
each iteration is at least 1. Therefore, Theorem 3 is proved. �

C. Price of Anarchy in Total Cost

Generally, there are many different Nash equilibrium states in
the LUTO-Game. The Nash equilibrium solution obtained by the
JULTO algorithm may not be the global optimal solution. For the
problem (26), to evaluate the gap between the NE solution and
the global optimal solution, we consider an important attribute:
price of anarchy (PoA).

The PoA is a metric used in game theory to evaluate the
efficiency of Nash equilibrium solutions. It measures the ratio
between the worst outcome achievable by adopting a Nash

equilibrium strategy and the outcome achievable by the optimal
solution to the problem. PoA is the ratio between the utility
of the least effective Nash equilibrium solution and the utility
of the globally optimal solution, used to evaluate and measure
the efficiency of LUTO-Game’s NE solution. In LUTO-Game,
A represents the set of all Nash equilibrium solutions, ô =
{ô1, . . . , ôN} represents a centralized optimal solution. The PoA
in the total cost is

POAcost =
maxo∗∈A{

∑
di∈D Ko∗−i

(o∗i )}∑
di∈D Kô−i

(ôi)
. (33)

In the LUTO-Game, the PoA in total cost obtained by the JULTO
algorithm is analyzed, and its upper and lower bounds can be
given. Therefore, Theorem 4 can be obtained.

Theorem 4: The PoA of the LUTO-Game in total cost satisfies

1 ≤ POAcost ≤ max{tlocalmax , e
local
max }

min{ttrmin + tUAV
min , etrmin − eehmax}

.

Proof: For any offloading strategy o∗ ∈ A and optimal
offloading strategy ô, there exists

∑
di∈D K(o∗i , o

∗
−i) ≥∑

di∈D K(ôi, ô−i). Therefore,
∑

di∈D K(o∗i,o
∗
−i)∑

di∈D K(ôi,ô−i)
≥ 1.

There are maximum cost and minimum cost for any MUD
di ∈ D. We can obtain

K(oi, o−i) ≤ max

{
Cmax

f local
min

, lemaxCmax

}

K(oi, o−i) ≥ min
{
ttrmin + tUAV

min , etrmin − eehmax

}
.

For offloading strategy o∗ ∈ A, there are

∑
di∈D

K(o∗i , o
∗
−i) ≤ N max

{
Cmax

f local
min

, lemaxCmax

}
.

The centralized optimal solution ô satisfies∑
di∈D

K(ôi, ô−i) ≥ N min{ttrmin + tUAV
min , etrmin − eehmax}.

Therefore, Theorem 4 can be proved. �

D. Complexity Analysis

In each iteration, first, each MUD calculates its delay and
cost (lines 5-11), with only a few basic mathematical opera-
tions, the time complexity of which can be viewed as O(1).
Each MUD then searches for its own optimal decision in
parallel (lines 13-16) with a time complexity of O(M1c

u +
M2c

L). Therefore, the time complexity of each iteration
is O(1) +O(M1c

u +M2c
L) = O(M1c

u +M2c
L). Further,

Theorem 3 proves that the upper bound of the number of iter-
ations, that is, RFIP ≤ N(max{tlocalmax , e

local
max } −min{ttrmin +

tUAV
min , etrmin − eehmax}). Therefore, the time complexity of

K(oi, o−i) ≥ min{TUAV
min , etrmin} = min{ttrmin + tUAV

min , etrmin − eehmax}

⇒ K(oi, o−i) ≥ min

{
Bmin

Wmax log2(1 +
pmaxgmax

σ2 )
+

Cmin

fUAV
max

,
pminBmin

Wmax log2(1 +
pmaxgmax

σ2 )
− ηpmaxgmax

}
. (32)
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TABLE II
EXPERIMENT SETTINGS (1)

Fig. 4. The total cost of MUDs with different weighted parameters.

the algorithm is O(N(M1c
u +M2c

L)(max{tlocalmax , e
local
max } −

min{ttrmin + tUAV
min , etrmin − eehmax})).

VI. PERFORMANCE EVALUATION

A. Parameter Configuration

We consider that multiple MUDs are randomly distributed in a
certain area, and UAVs and LEO satellites carrying edge servers
can provide MUDs with computing services. Each MUD gener-
ates a computing task that needs to be processed (task offloading
or local computing). The task Hi’s data size Bi is randomly set
between 3 MB and 5 MB. The CPU cycle Ci required by task
Hi can be obtained according to Ci = Biν, where ν = 1000
cycle/bit. The Table II shows the main parameter configuration.
For MUD di ∈ D, the transmission power pi = 1000 mWatts,
and the computing capability is 2 GHz. The wireless channel
bandwidth is 5 MHz [4]. For UAV uj1 ∈ U, the computing
capability fUAV

i,j1
allocated to the MUD di is 10 GHz. For LEO

satellite sj2 ∈ S , the satellite’s height is 784 km. The computing
capability fLEO

i,j2
allocated by the satellite sj2 to the MUD di is

10 GHz. The radius of the earth is 6371 km [39].

B. Analysis of Parameter

Fig. 4 shows the MUDs’ total cost obtained by the JULTO
algorithms with different weighted parameters of delay λt

i and

Fig. 5. The JULTO algorithm’s convergence analysis.

TABLE III
EXECUTION TIME WITH DIFFERENT NUMBERS OF MUDS

energy consumption (1− λt
i). We set N = 50, M1 = 5, M2 =

3, cu = 3, and cL = 3. It can be found that the total cost of
MUDs increases with the increase in delay weight. Therefore,
in the cost function, the delay cost plays a more important part
in the cost.

Fig. 5 shows the JULTO algorithm’s convergence perfor-
mance. The optimal algorithm is a centralized method and can
obtain a globally optimal solution. The MUD number (N ) is 10,
the UAV number (M1) is 3, the LEO satellite number (M2) is 1,
and the wireless channel numbers of UAVs and LEO satellites
(cu and cL) are 1. In Fig. 5, before the 12th iteration, the total cost
of MUD obtained by the JULTO algorithm gradually decreases.
After 12 iterations, the total cost of MUD reaches a stable
state. This verifies the JULTO algorithm is capable of reaching
convergence. In addition, the total cost obtained by the JULTO
algorithm is close to the optimal algorithm. This shows that the
JULTO algorithm can achieve good performance after iteration.

Table III shows the execution time of the centralized method
and our proposed JULTO method with different MUD numbers.
The numbers of UAVs, LEO satellites, and wireless channels
are 3, 1, and 1 respectively. As the number of MUDs increases,
the execution time of centralized method and JULTO method
increases. The execution time of the JULTO method is much
shorter compared to the centralized method.
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Fig. 6. Iteration number versus MUD number.

Generally, the different hardware of the experiment machine
may lead to different convergence times of the algorithm. There-
fore, convergence time can be measured based on the number of
iterations. Specifically, in order to evaluate the iteration number
required for the JULTO method, we vary the number of MUDs,
wireless channels, UAVs, and LEO satellites.

Fig. 6 shows the iteration numbers for the JULTO algorithm
versus varying MUDs’ numbers.N is increasing from 10 to 100.
M1 is 5, M2 is 3, cu is 3, and cL is 3. In Fig. 6, the number of
iterations increases as the number of MUDs increases. In addi-
tion, the growth rate of the number of iterations gradually slows
down. This shows that as N increases, the JULTO algorithm’s
convergence time grows slower than linearly. This is because of
the participant competition mechanism in JULTO’s algorithm. In
particular, whenN is small, there are enough resources to service
MUDs. As the number of MUDs increases, the competition of
MUDs for resources intensifies, so the JULTO algorithm needs
more iterative processes to reach the equilibrium state. As N
increases to a certain number, system resources are insufficient.
At this point, the number of MUDs allocated to the edge server
has been saturated, and if the number of MUDs continues to
increase further, MUDs can only process tasks locally, without
competing with other MUDs. Therefore, the algorithm does not
need more iterations to reach the equilibrium state.

Figs. 7 and 8 respectively show the iteration number required
by the JULTO algorithm versus M1 and M2. In Fig. 7, the
iteration number keeps increasing as M1 increases from 2 to
10. When M1 increases from 12 to 20, the iteration number
changes little. Similarly, in Fig. 8, as M2 increases from 1 to
5, the iteration number keeps increasing. When M2 increases
from 6 to 10, the iteration number does not increase signifi-
cantly. This is because when M1 or M2 is small, MUD has
more optional decisions as M1 or M1 increases. The JULTO
algorithm needs more iterations to get the equilibrium solu-
tion. However, for a fixed number of MUDs, system resources
become sufficient when UAVs or LEO satellites reach a cer-
tain number. Therefore, the iteration number does not increase
significantly.

Fig. 9 shows the iteration number with different numbers of
channels.N is 50,M1 is 5,M2 is 3, and cu and cL are increasing

Fig. 7. Iteration number versus UAV number.

Fig. 8. Iteration number versus LEO satellite number.

Fig. 9. Iteration number versus channel number.

from 1 to 10. In Fig. 9, the iteration number increases as cu

and cL increase. More wireless channels to choose from bring
more strategies to MUDs. However, while the solution space’s
size grows exponentially with the wireless channel number, the
iteration number of the JULTO algorithm grows shorter than
linearly.
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Fig. 10. Total cost versus size of task.

C. Comparison Experiments

We compare the JULTO algorithm with 3 other comparison
methods to evaluate its performance. The comparison algorithms
are shown below.
� ICSOC: This method is an extension of the method of [45]

to solve the offloading problem. Particularly, each MUD
selfishly seeks to obtain the more resources to minimize its
cost while satisfying the constraints.

� CCPM: This method is extended from [46]. In this method,
MUDs are ranked according to channel transmission condi-
tions. Then, according to the sequence of the sorted MUDs,
the decisions are updated to find the optimal decision.

� Random: In this method, each MUD makes a decision
randomly. When the LEO satellite coverage time con-
straints are met, the MUD randomly selects a method (local
computing, offloading tasks to UAVs or LEO satellites for
processing). Otherwise, the MUD randomly chooses one of
two ways to process the task (local computing or offloading
the task to the drone).

Fig. 10 shows the MUDs’ total cost obtained by the four
algorithms with different task sizes. N is 50, M1 is 5, M2 is
3, cu is 3, and cL is 3. The larger the task size, the larger the total
cost of MUDs. This is because the task’s size becomes larger,
and the MUDs’ cost required to process the task data increases.
In addition, the proposed JULTO algorithm has a lower cost
compared with the other comparison algorithms.

The Random algorithm randomly selects the offloading deci-
sion for each MUD, and ultimately cannot guarantee the lowest
total cost. For the ICSOC method, MUDs greedily choose the
decision that can give themselves the lowest cost, which may
lead to conflicts between multiple MUDs and increase the total
cost. In the CCPM method, MUDs are sorted according to the
channel transmission conditions, and then appropriate decisions
are selected according to the order. When all MUDs go through
a round of decision selection, the CCPM method cannot further
optimize the total cost. At this point, there may be some MUDs
that can achieve lower costs by updating their decisions. For
the JULTO method, through multiple rounds of iteration and
competition among MUDs, the total cost will be relatively low
until no MUD changes the decision. Therefore, for the utility

Fig. 11. Total cost versus computing capability of MUD.

Fig. 12. Total cost versus transmission power.

comparison of these four methods, the proposed JULTO method
can outperform other methods and is close to the optimal total
cost.

Fig. 11 shows the total MUDs’ cost obtained by the four
algorithms for different computing capabilities of MUDs. The
total cost of MUDs decreases as the computing capability of
MUDs increases. This is because the latency of task processing
locally decreases as the processing power increases, causing the
total cost of MUDs to increase. Moreover, in Fig. 11, it can be
found that the utility achieved by the JULTO algorithm is better
than the other three algorithms.

Fig. 12 shows the total cost of the MUDs obtained by the four
algorithms when the transmission power is different. We can find
that the higher the transmission power of the MUD, the higher
the total cost. This is because increasing the transmit power
results in increased energy consumption for MUDs offloading
tasks to edge servers. Therefore, the total cost of all MUDs in-
creases. Furthermore, in Fig. 12, the performance of the JULTO
algorithm is better than the other three comparison algorithms,
which reflects the performance superiority of JULTO.

In addition, to analyze the JULTO algorithm’s performance
with different problem sizes, we establish three different exper-
iment settings, which are listed in Table IV.

In Fig. 13, the four algorithms’ average cost with different
MUD numbers are shown. N is 10 to 100, M1 is 5, M2 is 3, cu
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TABLE IV
EXPERIMENT SETTINGS (2)

Fig. 13. Average cost versus number of MUDs.

Fig. 14. The average delay of MUDs with different numbers of MUDs.

is 3, and cL is 3. All four algorithms’ average cost increases with
N . In the experiment’s set, the edge server number and wireless
channel number are fixed. More MUDs are added, leading to the
exhaustion of communication and computing resources on the
system. Therefore, the number of MUDs processing tasks locally
increases, and the average cost gradually increases. In addition,
In Fig. 13, compared with other comparison algorithms, the
MUDs’ average cost implemented by the JULTO algorithm is
lower.

Figs. 14 and 15 respectively give the average delay and energy
consumption of the four algorithms under different MUD num-
bers. We vary the values of N from 10 to 100, and set M1 = 5,
M2 = 3, cu = 3, cL = 3. The average delay and energy con-
sumption of all four algorithms increase when the value of N

Fig. 15. The average energy consumption of MUDs with different numbers
of MUDs.

Fig. 16. Total cost versus number of UAVs.

increases. This is because with more MUDs the communication
and computing resources on the system tend to be insufficient.
When the communication resources are insufficient, the inter-
ference of the MUD’s task data transmission increases, and the
transmission delay and energy consumption of the MUD for task
offloading increases. At the same time, since the resources are
insufficient to support more MUDs to offload tasks, the number
of MUDs for local task processing increases, and the average
delay and energy consumption gradually increase. Nevertheless,
compared with other comparison algorithms, the average delay
and energy consumption of MUDs implemented by the JULTO
algorithm are the lowest.

Fig. 16 shows all MUDs’ total cost for the four algorithms
when M1 is 2 to 20. N is 50, M2 is 3, cu is 3, and cL is 3.
The total cost obtained by the four algorithms decreases with
the increase in M1. The reason is that as M1 increases, so do
transmission resources and computing resources increase. More
MUDs’ tasks can be offloaded to UAVs, and the total cost of
all MUDs is reduced. However, the cost does not improve much
when M1 exceeds 16. This is because increasing the number
of UAVs does not improve MUDs’ utility when resources are
sufficient. In addition, in Fig. 16, it is easy to see that the
JULTO algorithm achieves a lower MUDs’ total cost than other
comparison algorithms.
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Fig. 17. Total cost versus number of LEO satellites.

Fig. 18. Total cost versus number of channels.

Fig. 17 shows the total cost for the different algorithms
when M2 is 1 to 10. N is 50, M1 is 5, cu is 3, and cL is 3.
As M2 increases, more transmission resources and computing
resources are provided, and more MUDs can offload tasks to
LEO satellites. Therefore, we can see from Fig. 17 that the total
cost decreases with increasing in M2. In addition, it is easy to
find that the JULTO algorithm achieves better performance than
the other three comparison algorithms.

Fig. 18 shows the change in the total cost obtained by the
four algorithms as cu and cL increase from 1 to 10. The total
cost obtained by the four algorithms decreases as cu and cL

increase. This is because cu and cL increase, leading to an
increase in transmission resources and an increase in MUDs
who choose task offloading increases. Thus, the total cost for
all MUDs is reduced. When cu and cL are less than 9, the total
cost obtained by the JULTO algorithm is lower than comparison
algorithms. However, when cu and cL exceed 9, the costs of the
three algorithms (JULTO, ICSOC and CCPM) do not have a
large gap. This is because when resources are already sufficient,
further increases of cu and cL do not affect the performance of
all algorithms.

VII. CONCLUSION

In this paper, the problem of task offloading in UAV-assisted
LEO satellite edge computing networks is investigated. We

formulate the task offloading problem with the goal of min-
imizing the total cost of MUDs while satisfying the satel-
lite coverage constraints. We prove that the formulated task
offloading problem is NP-hard. Then, we redefine it as the
LUTO-Game model, propose the potential function, and prove
that the LUTO-Game is a potential game. Next, a distributed
JULTO algorithm is proposed to obtain the Nash equilibrium
offloading strategy. We then perform the theoretical analy-
sis for the utility of our JULTO algorithm in the worst-case.
Finally, we conduct both convergence analysis and compar-
ison experiments to verify the performance of the JULTO
algorithm.

An important future research direction is to model the position
changes, flight, and hovering of UAVs, taking into account
the energy consumption of UAVs and satellites in optimization
problems.
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