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Abstract—The flexible deployment of unmanned aerial vehicles
(UAVs) and the wide-area coverage of low Earth orbit (LEO)
satellites make their integration in space-air-ground integrated
networks (SAGINs) a promising solution for communication
in resource-constrained remote areas. This paper proposes a
SAGIN framework supporting mobile edge computing (MEC)
with a three-layer architecture, which provides heterogeneous
computing resources for ground Internet of Things (IoT) devices
and enables users in remote and underdeveloped regions to
access computational services. Our objective is to minimize the
weighted sum of energy consumption and latency in the SAGIN
subject to satellite coverage time constraints and partial task
offloading requirements. The optimization problem is formulated
as a mixed-integer nonlinear programming (MINLP) challenge
that jointly optimizes the UAV’s three-dimensional trajectory,
IoT device association, transmit power, and task assignment. The
coupled optimization variables form a hybrid action space with
both discrete and continuous actions. To address this challenge,
a parameterized double deep Q-network (P-DDQN) algorithm
based on deep reinforcement learning (DRL) is proposed. The
proposed method employs the DDQN algorithm to handle dis-
crete actions and the deep deterministic policy gradient (DDPG)
algorithm to generate continuous actions. Simulation results
show that the proposed algorithm outperforms several baseline
schemes in terms of system cost, providing an efficient solution for
highly coupled hybrid decision optimization problems in SAGINs.

Index Terms—Low Earth orbit (LEO) satellites, unmanned
aerial vehicles (UAVs), space-air-ground integrated networks
(SAGINSs), edge computing, deep reinforcement learning (DRL).
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I. INTRODUCTION
A. Background

Benefiting from advances in wireless communication and
Internet of Things (IoT) technologies, a wide range of
computation-intensive and latency-sensitive applications, such
as environmental monitoring, 4K/8K video transmission, and
virtual/augmented reality (VR/AR), are rapidly emerging and
imposing higher demands on communication and computing
resources [1]. However, traditional terrestrial networks rely
heavily on fixed base stations and communication infrastruc-
ture, leading to limited coverage and insufficient flexibility,
and thus are no longer capable of meeting the growing
global demand for ubiquitous connectivity [2]. Moreover, key
infrastructure components, such as base stations and fiber-
optic links, are highly susceptible to natural disasters (e.g.,
earthquakes and floods), which may cause severe commu-
nication disruptions [3]. Over the past few years, advances
in space communication networks have effectively mitigated
the limitations of terrestrial networks. Satellite communica-
tions offer significant advantages, including wide coverage
and high reliability, thereby enabling connectivity in remote
and underserved regions where traditional infrastructure is
lacking [4], [5]. Furthermore, satellite communications exhibit
strong resilience to natural disasters and terrestrial interfer-
ence, enabling them to play a vital role in applications such
as broadband Internet, navigation systems, broadcasting, and
weather monitoring [6].

Recently, satellite technology has achieved significant
breakthroughs across military, commercial, and civilian do-
mains, leading to more cost-effective and miniaturized satel-
lites—particularly low Earth orbit (LEO) satellites. Prominent
LEO satellite systems, such as OneWeb and Starlink, are
deploying large-scale constellations comprising thousands of
satellites to enable global connectivity. These systems are de-
signed to provide low-latency broadband services with world-
wide coverage. They not only bridge the gaps of traditional
terrestrial communications, but also play a crucial role in
advancing global digital transformation [7], [8]. Additionally,
extensive research in wireless communications has focused on
integrating LEO satellites with terrestrial networks to enhance
overall network performance and resilience [9], [10], [11].

As a key development direction of the sixth-generation
(6G) wireless communication system, the space-air-ground
integrated network (SAGIN), composed of LEO satellites,
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unmanned aerial vehicles (UAVs), and terrestrial networks, has
attracted widespread attention from the academic community.
UAVs, serving as mobile edge nodes, offer high mobility and
flexibility, making them an effective complement to SAGIN.
Specifically, UAVs can rapidly establish connectivity and
deliver low-latency communication services for a wide range
of applications, including Internet of Vehicles (IoV) com-
munications, smart city development, surveillance, and traffic
offloading in hotspot areas [12], [13]. Moreover, the limited
service coverage of UAVs can be effectively complemented by
LEO satellites, which are well-suited to provide seamless, all-
weather, and continuous global communication coverage [14].
By integrating these components, SAGIN enables efficient and
reliable communications across a wide range of applications,
including IoV [15], post-disaster rescue operations [16], and
maritime target localization [17].

On the other hand, integrating mobile edge computing
(MEC) into SAGIN provides an effective solution to meet the
growing demands of high-bandwidth and low-latency applica-
tions and services. Specifically, MEC enhances the quality of
service (QoS) for mobile applications by offloading computing
tasks from remote cloud servers to the network edge [18],
[19]. At present, many works have investigated various MEC-
enabled frameworks [20], [21], [22].

B. Related Work

Due to their low-altitude operation and high controllability,
UAVs can be flexibly deployed to designated areas to provide
low-latency and highly reliable temporary computing services
for ground IoT devices. Consequently, UAV-assisted MEC
has attracted widespread attention [23], [24], [25]. In [23],
Lin et al. proposed a parametrized dueling deep Q-network
and linear programming algorithm to jointly optimize UAV
trajectory, task offloading, and time allocation, aiming to
maximize energy efficiency while ensuring offloading fairness.
In [24], Zhong et al. proposed a distributed UAV function
switching and trajectory design algorithm to jointly optimize
UAV trajectory, resource allocation, and function switching,
aiming to improve security and reduce latency. In [25], Huang
et al. introduced a UAV-assisted task scheduling approach that
minimizes the total network overhead while meeting the QoS
demands of requested devices. However, while these studies
exploit the flexible deployment advantages of UAVs to support
MEQC, they overlook satellite communication services, which
can provide seamless global coverage. This limitation reduces
the effectiveness of the system in large-scale user scenarios.

Currently, the integration of LEO satellites into MEC net-
works has attracted widespread attention in the academic
community and is widely regarded as a promising direction for
future wireless communications [26], [27], [28]. In [26], Lyu
et al. proposed task scheduling within a collaborative LEO-IoT
framework. They introduced an innovative multi-agent infor-
mation broadcasting and judging (MAIBJ) algorithm aimed at
enabling efficient collaborative resource allocation. In [27], Li
et al. proposed a joint task offloading and resource allocation
strategy for LEO satellite-enabled MEC networks. A two-level
hierarchical game is developed to optimize task offloading,

channel and power allocation, and computation resource allo-
cation, aiming to minimize the overall system cost. In [28],
Cao et al. formulated a communication resource allocation
problem in an LEO satellite-assisted MEC architecture, aiming
to minimize the overall energy consumption of the network.
However, these studies focus solely on LEO satellite-enabled
MEC scenarios, overlooking the flexible connectivity offered
by UAVs in complex environments, thereby limiting their
applicability in obstacle-prone scenarios.

UAVs and LEO satellites can effectively complement each
other through collaborative operations in SAGIN, thereby
enhancing overall communication coverage and service capa-
bilities [29], [30] [311, [32], [33], [34]. Specifically, Shao et al.
proposed a resource scheduling strategy based on the multi-
agent twin delayed deep deterministic policy gradient (TD3)
algorithm, aiming to enhance the anti-jamming capability of
SAGIN, reduce the overall network latency, and maintain real-
time services even under adverse conditions [29]. In [30], Chen
et al. investigated the task offloading problem in UAV-assisted
LEO satellite edge computing (ULSE) networks and proposed
a joint UAV and LEO satellite task offloading (JULTO)
algorithm, aiming to minimize the total cost of all mobile
users and derive the Nash equilibrium offloading strategy. In
[31], Nguyen et al. investigated the computation offloading
problem in a hybrid edge—cloud based SAGIN and proposed
using an alternating optimization approach combined with the
successive convex approximation (SCA) method to minimize
the weighted energy consumption of ground users and UAVs.
In [32], Cai et al. proposed a privacy-aware task scheduling
scheme in SAGIN using multi-agent proximal policy optimiza-
tion (PPO) to jointly optimize delay, energy consumption, and
security under varying privacy requirements. In [33], Zhu et
al. proposed a SAGIN-MEC framework that jointly optimizes
energy and delay costs using Newton’s interior point method
and deep Q-network (DQN) algorithm for resource and task
allocation. In [34], Du et al. proposed a SAGIN architecture
that incorporates MEC and blockchain technologies. They
designed an adaptive optimization algorithm based on the
deep deterministic policy gradien (DDPG) to optimize task
segmentation of IoT devices and the bandwidth allocation of
UAVs and satellite among their served IoT devices, aim to
minimize overall network energy consumption.

C. Motivation and Contributions

Motivated by the aforementioned related research, this paper
investigates task offloading and resource allocation in MEC-
enabled SAGIN. To the best of our knowledge, existing works
have not jointly addressed UAV dynamic access and 3D
trajectory optimization, multi-satellite access under coverage
time constraints, and transmit power allocation. Furthermore,
this paper extends the study to partial task offloading in MEC
and formulates the optimization objective as the weighted sum
of latency and energy consumption. To tackle this optimization
problem, we propose a novel deep reinforcement learning
(DRL)-based framework for hybrid action spaces to minimize
the overall system cost. The main contributions of this paper
are summarized as follows, and a detailed comparison with
existing works is presented in Table I.
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TABLE I: Comparison Between Our Work and Existing Works

Novelty Our work 2[3(2)] [331 T 1271 | 1291 [51 [6] [34] T 1321 [ [3IT | 1241 | T26] | I28]
S5 | 2025 | 2025 | 2025 | 2024 | 2024 | 2024 | 2024 | 2024 | 2024 | 2023 | 2023
Satellite v v v v v v v v v v v v
Multiple satellites v v v v v v v v v
Satellite coverage time v v v v v
UAV/HAP v v v v v v v v v
UAV 3D trajectory v v v v v
User association v v v v v v v v v
Power control v v v
Partial offloading v v v v v v v
DRL algorithm v v v v v v v
Hybrid action space v v v v v v v v v
Cost minimization v v v v v v v
Latency minimization v v v v v v v
Energy minimization v v v v v v v v

e For remote and underdeveloped areas lacking terrestrial
base station coverage, a LEO satellite—-UAV cooperative com-
puting offloading architecture is proposed. In this architecture,
the UAV is flexibly deployed to provide temporary communi-
cation and edge computing services, while LEO satellites offer
wide-area coverage and powerful computing capabilities to
compensate for the UAV’s limited coverage range and energy
supply. Accordingly, the system objective is formulated as
minimizing the total system cost under satellite coverage time
constraints and partial task offloading requirements.

e Based on the proposed architecture, the joint optimization
of task offloading, power allocation, and UAV trajectory is
formulated as a long-term sequential optimization problem
involving both discrete and continuous decision variables,
leading to a hybrid action space. Most existing approaches rely
on discretizing continuous actions or approximating discrete
actions with continuous functions, which inevitably results in
the curse of dimensionality and unstable training. To address
these challenges, we introduce an action space parameteriza-
tion technique and design a parameterized double deep Q-
network (P-DDQN) algorithm to handle the hybrid action
space problem.

e The P-DDQN algorithm employs DDQN to make discrete
action decisions (e.g., user scheduling and satellite association
selection), while the policy network of DDPG is used to
generate the corresponding continuous parameters (e.g., task
offloading ratios and transmit power) for each discrete action.
Simulation results demonstrate that the proposed algorithm
can effectively reduce the action space dimensionality while
alleviating Q-value overestimation and training instability,
thereby providing an efficient solution for highly coupled
hybrid decision optimization problems in SAGINs.

II. SYSTEM MODEL

The SAGIN framework, as illustrated in Fig. 1, provides
heterogeneous MEC services to ground IoT devices through
the collaboration of the UAV and LEO satellites. The con-
sidered users are located in remote areas without ground
network support [3], [6]. There are M IoT devices G,, on
the ground, where m € M {1,2,...,M}. The aerial

layer consists of a UAV, while the space layer includes K
LEO satellites, where k € K = {1,2,..., K}. Both the UAV
and LEO satellites are equipped with MEC servers, enabling
them to provide heterogeneous computational resources to IoT
devices. To facilitate UAV trajectory design, its 3D coordi-
nates at time slot n € AN = {1,2,..., N} is denoted by
u(n) = {zu(n), yu(n), 2u(n)}.

Many existing studies simplify the system model by assum-
ing that the UAV operates at a constant altitude [4], [35]. In
contrast, this work discretizes the UAV altitude into uniform
intervals of length €2, and the UAV can only adjust its altitude
in discrete steps of () during vertical movement. In addition,
due to the high mobility of LEO satellites, the communication
duration between the satellites and IoT devices is limited by
the satellite coverage time.

Local Computing

G2A Link <+~ ——~
tra @ G2S Link
raject 1
yectory e, MEC Server '
J
A

s [ F=
E ’E'
e = o

Fig. 1: System model of MEC-enabled SAGIN.

A. Service Coverage Model

1) LEO Satellite Coverage Time : Unlike the static posi-
tioning in ground MEC networks, the positions of LEO satel-
lites are changing dynamically. Therefore, the time window
during which LEO satellites can deliver services for ground
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IoT devices is restricted, and communication can only be
established when specific conditions between the satellites
and ground users are met. Fig. 2 illustrates the geometric
relationship between IoT devices and LEO satellites.

L A W
ot .
R LEO satellite
.

‘m,k

Fig. 2: Geometric relationship of the G2S link.

The elevation angle between the LEO satellite k£ and the
IoT device G, is given by
h
sin wc> , @))

where R, represents the radius of the Earth. d7, , rep-
resents the distance between the LEO satellite k& and
IoT device G,,, which can be obtained as dfn’ e =
\/Rg + (Re + h)?2 — 2R.(R. + h) cosw,. h represents the al-
titude of the orbit of the LEO satellite. w,. denotes the central
angle associated with the LEO satellite’s coverage region. It
should be noted that w¢ is the predefined minimum elevation
angle for the satellite coverage area. When the elevation angle
between the IoT device and the LEO satellite falls below this
threshold, the LEO satellite can no longer provide service
to the corresponding IoT device. Accordingly, w. can be
expressed as

w@g = arccos (

m,k

Re
cos wG) — wa, 2)

We = arccos
¢ (Re +h

Subsequently, the maximum arc length covered by the LEO
satellite during its coverage period can be obtained by

L = 2we(R, + h), 3)

We assume that the elevation angle of LEO satellite & in
the current time slot is w’(;. Thus, there are two possible cases
for the remaining coverage range of the LEO satellite [30]:
Case 1: wg < wg < 7.

Based on (2), the central angle w/, in the current time slot
can be expressed as

R,
wé = arccos (R T h COSLU/G) — w/G, (4)
e

Thus, the remaining coverage arc length of the LEO satellite
k for the IoT device G, is

ik = (we +w)(Re + h), )

Case 2: § <wg < —wg.

Similar to Case 1, we can obtain w/, and L]¢, as

R.
w!, = arccos ( 7 cos(m — w/G)) —(r—wg), (6)

€

re

mke = (We — wy)(Re + h), (N

We use v; to denote the velocity of the LEO satellites.
Therefore, the remaining time for communication between the
LEO satellite k£ and the IoT device G,, is given by

re

re __ m,k
m,k Vs 9 (8)

2) UAV Coverage Area : UAVs equipped with computing
servers can be deployed at low altitudes to act as MEC nodes,
providing low-latency and highly reliable communication and
computing services for ground IoT devices within their cov-
erage areas [32]. Fig. 3 depicts the spatial distribution of IoT
devices and the UAV in the considered system.

Without loss of generality, the 3D position of IoT device G,
at time slot n is denoted by ¢,,(n) = {zm(n), Ym(n), 2m(n)}.
Since IoT devices are typically deployed on the ground, their
altitude is assumed to be zero, i.e., zy(n) = 0. Thus, the
Euclidean distance between IoT device G,,, and the UAV at
time slot n can be expressed as
(1) = [|gm(n) — u(n)]|

= [(@m(n) = 2u(n))” + (ym(n) = yu(n))* + 25 (n)]?,
)

Furthermore, the task offloading from IoT device G, to the
UAV is subject to the following constraint

(2 () = 20 (1) + (g () = yu(1)*]% < Rua, ¥, n.
(10)
where R“*Y denotes the maximum horizontal coverage radius
of the UAV.

Fig. 3: The coverage area of the UAV for IoT devices.

B. Communication Model

In this work, a UAV flies at a low altitude with certain
horizontal and vertical speeds to serve ground IoT devices in
open suburban scenarios. In such environments, the wireless
channel typically experiences a strong line-of-sight (LoS) link
along with scattered multipath components caused by the
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surrounding environment. Therefore, the channel between the
UAV and IoT devices is modeled using the Rician fading
model, which can simultaneously characterize the LoS link and
the small-scale fading effects [35]. The corresponding channel
coefficient between IoT device GG, and the UAV is expressed

as
_ < 7 1 g

where ( represents the Rician fading factor. The LoS part and
the non-line-of-sight (NLoS) part in Rician fading are given
by Honu = Lnudma™*(n) and Hypy = Ludrma™'*(n). The
LoS channel coefffcient meets |lmu\ = 1, while [,,,, represents
the NLoS channel coefficient, modeled as a Gaussian fading
channel with a mean of zero and a variance of one. oy, and
oy represent the path loss exponents for the LoS and NLoS
components. Based on (11), if IoT device GG, opts to offload
task to the UAV, the uplink transmission rate is given by

2
Rmu(n) — Bmu10g2 (1 + TVLLL( )(|Th2'7ﬂu( )| > , (12)
where B, denotes the bandwidth between G,,, and the UAV.
P! . denotes the transmit power of G,, to the UAV, and o2
is the variance of the additive white Gaussian noise (AWGN)
at the UAV.

Moreover, each IoT device is assumed to connect to one
LEO satellite for data transmission [27], and the selected LEO
satellite k& can serve IoT devices within a limited coverage
time. The channel coefficient between the LEO satellite & and
IoT device G, is given by

)\\/7 Jjvu

E/"L v b)
K1) = inds, ()

(13)
where A represents the wavelength, yj represents the beam
gain, and v denotes the antenna phase.

Due to the long propagation distance between LEO satellites
and ground IoT devices, the channel state information (CSI)
is typically outdated. Therefore, we consider the outdated
CSI model for satellite communications [6], which can be
expressed as

hon o (1) = Nl 1o (n) +

21, fm KT o Jo denotes the zeroth order

Bessel function of the first kind, fm’k and TP, represent
the maximum Doppler frequency and the propaéation delay
between IoT device G,,, and LEO satellite k, respectively, and
9m.k 1s a complex Gaussian random variable with the same
variance as Em, k- Therefore, the uplink transmission rate from
G, to LEO satellite k£ can be expressed as

Pt (n)| i (n)]?
B (n) = By slog, <1+ t k! )\2 ()] > s

O

- 772gm7k(n)7 (14)

where n =

where B, ;, represents the bandwidth between G, and the
LEO satellite k. P!, k represents the transmit power of G, to
the LEO satellite k and o’,c is the variance of the AWGN at
the LEO satellite k.

C. Computation Model

The task generated by IoT device G,, with size D,,, is
partitioned into three components: D! for local execution,
Dy for offloading to the UAV, and D;, for offloading to LEO
satellite. We assume that dividing the task does not result in
any additional computational data input [34]. Thus, we have

D}, (n) 4+ Dy (n) + Dj,(n) = Dy (n), (16)

when D} = D;, = 0, the task of IoT device G,
processed locally.

1) Local Computing : For the locally processed task D!,
let f,, denote the central processing unit (CPU) cycle fre-
quency of IoT device G,,. Thus, the local computation delay
is given by

is entirely

D! (n)C,,
fm
where C), denotes the number of CPU cycles required to

process one bit of data. Furthermore, the energy consumption
for local computation is expressed as

E’in( >_H 727LDZ ( )Onu

T},(n) = (17)

(18)

where x represents the effective switched capacitance coeffi-
cient, reflecting the energy efficiency of the processor during
task execution.

2)Ground — to — Air (G2A) : A binary variable ., (n) is
introduced to indicate whether IoT device G, is scheduled to
be served by the UAV at time slot n, with

am(n) € {0,1},Ym e M,n e N, (19)

where o, (n) = 1 indicates that the UAV delivers services to
IoT device G,,. Otherwise, a,,(n) = DY (n) = 0.

The total flight duration 7" is divided into N time slots.
Each time slot consists of two phases: the UAV first moves to a
sensing access point and then hovers to collect and execute the
tasks offloaded from IoT device GG,,,. Considering that the UAV
is equipped with a single-antenna transceiver, time division
multiple access (TDMA) is adopted for task offloading, where
at most one IoT device can offload its tasks to the UAV in each
time slot [36]. Therefore, the binary variable «,,(n) is subject
to the following constraint

3 anto

The total delay of G2A communication includes both the
data transmission delay between IoT device GG, and the UAV
and the task execution delay, which can be expressed as

Di(n) o Di(n)Cp
R (’I’L) fu ’
where f, denotes the computing capability of the UAV. The

change in the UAV’s horizontal coordinates as it moves from
its current position u(n) = {x(n),y(n),z(n)} to the next

=1,VneN, (20)

Ty (n) = 1)

sensing access point u(n+1) = {x(n+1),y(n+1),z(n+1)}
is given by
z(n+1) = 2(n) +v"(n) - tp,(n) - cosd(n), (22)
y(n+1) =y(n) + " (n) tpy(n) -sinf(n), (23



IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 14, NO. 8, AUGUST 2026 6

where 6(n) and v"(n) denote the horizontal flight angle and
speed. ts,(n) is the flight time of the UAV.

For changes in the UAV’s vertical coordinates, we assume
that the UAV’s flight altitude along the vertical axis is divided
into equal-length segments €2. In each time slot, the UAV either
maintains its previous flight altitude or ascends or descends
to an adjacent segment. To guarantee the existence of the

to denote the

flight trajectory, we use v"(n) = ;

y\
UAV’s vertical speed. Therefore, the UA{lys vertical coordinate
change can be expressed as

z(n) + €, g(n) =1,
z(n+1) =< z(n), g(n) =, (24)
z(n) =, g(n) =l

where g(n) € {1,e,]} represents the UAV’s vertical move-
ment, T, e and | correspond to ascent, hovering, and descent
actions, respectively.

The total energy consumption of G2A communication in-
cludes the UAV’s energy consumption for flight, hovering,
communication, and computation:

e Flight Energy Consumption

The UAV’s flight energy consumption is determined by its
speed and flight duration. Accordingly, the propulsion power
consumption can be expressed as

1 3||v"(n)||?
Py(n) = 5 psAds|lo" (n)][*+Py (1 + "U()'> +P" (n),
ip
(25)

where p, s, A, Uy, and djy are parameters related to the aero-
dynamics of the UAV [36]. P, is the blade profile power, and
P, is the ascending/descending power.

Therefore, the UAV’s flight energy consumption can be
expressed as

Ef (n) = Pf (n)tﬂy (n), (26)

e Hovering Energy Consumption

At each time slot, the UAV hovers at position u(n) to
receive and execute the task offloaded from IoT device G,,,
and then moves to u(n+1). Accordingly, the hovering energy
consumption of the UAV is determined by the transmission
and computation delays, which can be expressed as

en(n) = BT, (n), 27

where P, denotes the UAV’s hovering power.

e Communication and Computation Energy Consumption
Since the specific types of offloaded tasks are not explicitly

distinguished, the energy consumption for G2A communica-

tion and computation is given by

Dr.(n)
Ru(n)

Based on (26), (27), and (28), the total energy consumption
of G2A communication can be obtained as

E,.(n) = ef(n) + en(n) + ec(n), (29)

3)Ground — to — Space (G2S) : In the LEO satellite com-
puting scheme, a binary variable b,, ,(n) € {0,1} is intro-
duced to indicate whether IoT device G,, offloads its task to

ec(n) = Py, (n) +KD;,(n)Crn f,

(28)

LEO satellite k£ at time slot n. Accordingly, the offloading
strategy of IoT device G, can be represented as f3,,(n) =
{bm,1(n), b 2(n), ..., by i (n) }, where by, ,;(n) = 1 indicates
that the task is offloaded to LEO satellite k. Otherwise,
b, k(1) Dz (n) 0. Since each IoT device can be
associated with at most one LEO satellite for task offloading,
we can conclude that

K
D bmi(n) <1,¥m e M,neN, (30)
k=1

The long distance between IoT devices and LEO satellites
results in non-negligible propagation delay [30]. Thus, the
total processing delay for G2S communication consists of
three components: transmission delay, propagation delay, and
computation delay, which can be obtained as

: S D5,(n) , dai(n) | D5(n)Cr
) = 2 bl EORS e s
B 31
where ¢ denotes the speed of light, and f, indicates the
computational capacity allocated by LEO satellite £ to IoT
device G,,,. We assume that all LEO satellites possess iden-
tical computing capabilities [3]. Due to the limited satellite
coverage time, the total processing delay of the G2S link must
satisfy the following constraint
T

,k(n) < Tr:Le,k(n)v vm? ka n. (32)

Accordingly, the energy consumption for G2S communica-
tion can be expressed as

D;(n)

K
k() = )| Pl ) g 20 4 D )Co S

(33)
Since each IoT device can be associated with at most
one satellite, an appropriate offloading strategy is required to
select the optimal satellite when multiple satellites provide
overlapping coverage for IoT device G,,. Specifically, the
processing delay of offloading tasks to each candidate satellite
k is first computed based on (31), and the feasible satellite set
satisfying constraint (32) is then determined
Sm(n) = {k: Ty, x(n) <

Te

m,k(n)}v

If Sy, (n) # 0, the optimal satellite k* is selected from this

feasible set according to
D; . (n) dy, x(n)
o ’ 35
( Rowr(n) L N € R))

(34)

W =arg i

Since all LEO satellites are assumed to have identical
computational capabilities, the computation delay does not
influence the satellite selection process. Therefore, the optimal
satellite is determined by minimizing the transmission and
propagation delays. If S, (n) = 0, the task is either processed
locally or offloaded to the UAV.

Remark 1: Compared with G2A links, where the UAV
operates at relatively low altitudes and the propagation delay
is negligible relative to transmission and computation delays,
G2S links involve long distance signal propagation between
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ground users and LEO satellites. As a result, the propaga-
tion delay becomes non-negligible and is explicitly modeled
in (31). Incorporating this delay is essential for accurately
characterizing the latency of G2S links and ensuring that the
satellite coverage time constraint in (32) is properly enforced.

D. System Cost Model

According to the computation and communication models,
the total system cost in SAGIN include the delay and energy
consumption incurred by local computation, task offloading,
and edge computing. Therefore, the system cost at time slot
n is defined by two components: the maximum delay for
completing the computational tasks of IoT device GG,,, and the
total energy consumption during task execution, which can be
expressed as

7Lt (n) = max{T},(n), T%(n),T5 n(n)},  (36)
Elet (n) = EL (n) + Ef (n) + E5, x(n), (37)

By jointly considering the delay and energy consumption
incurred during task processing, a more comprehensive as-
sessment of resource utilization efficiency and task offloading
strategies can be achieved. Furthermore, it provides a flexible
framework for adapting to diverse application requirements
by adjusting the relative importance of delay and energy
consumption [33]. Thus, the system cost for processing the
task generated by IoT device GG, in time slot n is defined as

Cost;?*(n) = UTf,ft“l(n) +(1- U)Ef,fml(n), (38)

where o represents the weighting factor that balances the
impact of delay and energy consumption in the system cost.
Specifically, o plays a critical role in characterizing the trade-
off between delay and energy efficiency. A smaller value
of o emphasizes energy conservation, which is particularly
suitable for IoT devices with limited battery capacity, while
a larger value prioritizes delay reduction, making it suitable
for latency-sensitive applications such as real-time monitoring
and emergency response scenarios.

Moreover, o can be dynamically adjusted according to
network conditions, workload distribution, and device status,
thereby enabling the system to adapt to diverse and evolving
requirements in IoT environments [37].

E. Problem Formulation

To effectively reduce the system cost, we jointly optimize
the UAV trajectory, user association, power allocation, and task
assignment to obtain an optimal computation offloading and
resource allocation scheme. Specifically, our objective is to
minimize the weighted sum of delay and energy consumption
under the constraints of limited LEO satellite coverage time
and partial task offloading. Thus, the corresponding formula-
tion and constraints are given by

N M
Z Z am(n)Cost;?*(n),

n=1m=1

min

AD,U,P (39)

M
st ) am(n) =1,n, (39a)

m=1

K

> bmi(n) <1,¥m,n, (39b)
k=1

ﬁl,k(n) < T&fk(n),Vm, k,n, (39¢)
Dfn(n) + Dy (n)+ D;.(n) = Dy (n),Vm,n, (39d)
0< P, (n) < PR ym n, (39)
0 < P!, (n) < PR3, Ym, k,n, (3919)

N M

> > am(n)Din(n) > Diotar, (39g)
n=1m=1

where A = {«,,(n), Bn(n)} represents the association control
variables for [0T device Gy,,. D = {D!, (n), DY (n), D3,(n)}
represents the task assignment in the three-layer network
architecture. U = {u(n)} represents the UAV’s 3D trajectory,
and P = {P,,(n), P! ,(n)} represents the transmit power of
IoT device GG, to the UAV and LEO satellite k, respectively.
Constraint (39a) ensures that the UAV can communicate with
one IoT device in each time slot. (39b) enforces that each
IoT device is associated with at most one LEO satellite.
(39¢c) guarantees that the total delay of G2S communication
does not exceed the satellite coverage time. (39d) corresponds
to the task assignment constraint. (39¢) and (39f) represent
the transmit power constraints of IoT devices for different
communication links. Finally, (39g) guarantees that all tasks
are fully processed.

ITII. A DEEP REINFORCEMENT LEARNING
SOLUTION FOR HYBRID ACTION SPACE

Problem (39) is formulated as a mixed-integer nonlinear
programming (MINLP) problem, involving both discrete and
continuous decision variables with nonlinear objective func-
tions and constraints. Traditional optimization methods, which
rely on accurate system models and static parameters, are
often insufficient for tackling such complex problems with
time-varying characteristics and high-dimensional coupling.
In contrast, DRL enables model-free learning through con-
tinuous interaction with the environment and exhibits strong
adaptability to dynamic optimization scenarios with long-term
objectives. Therefore, a DRL-based approach is employed to
solve problem (39).

A. The MDP in SAGIN Scenario

Before applying DRL, optimization problem is reformulated
as a Markov decision process (MDP), which consists of three
fundamental components: state, action, and reward. The de-
tailed definitions of these components are provided as follows:

1) State : The state characterizes the system environment
of the proposed SAGIN. At time slot n, it is defined as

5(”) = {Q1(n)7 "~7qM(n)7u(n)a Dl(n)7 () DM(n)7T{,el(n)7
s I (M), s T 1 (), - Thf (1), D:zftal(n)(z,o

where ¢, (n) and u(n) denote the location information of IoT
device G, and the UAV, respectively. D,,(n) represents the
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amount of tasks generated by G, at time slot n. 17, (n)
denotes the remaining service time of LEO satellite & for G
Dy, . (n) represents the remaining task volume of the system.

2) Action : The action space in the proposed SAGIN
framework consists of both discrete and continuous compo-
nents. Specifically, the discrete actions include the association
control of IoT devices and the UAV’s vertical flight actions.
Let j(n) denote the discrete action at time slot n, which is
defined as

j(n) ={er(n), ... anr(n), Bn(n), g(n)},

where each discrete action j(n) is associated with a set of
continuous actions a;(n). For instance, when an IoT device
selects offloading nodes, it determines the corresponding trans-
mit power and the amount of data offloaded to the UAV and
LEO satellite k. Additionally, after completing the tasks in a
given time slot, the UAV adjusts its flight parameters to move
toward the next sensing access point. Therefore, the continuous
action is defined as

(41)

a; (n) = {]Pv D, @}’

where Q = {v"(n),0(n)} represents the continuous param-
eters related to the UAV trajectory, with 0 < v"(n) < v,
and 0 < 6(n) < 27. Therefore, the hybrid action at time slot

n is given by
a(n) = {j(n),a;(n)},

3) Reward : According to (39), the system cost incurred by
processing the computational tasks of the scheduled IoT device
at time slot n is defined as the reward. To align this definition
with the optimization objective of minimizing the system cost
and the RL objective of maximizing the cumulative discounted
reward, the reward is defined as the negative of the system cost.
Specifically, the reward function is given by

- ot

If constraint (39c) is violated during training, the task can
only be processed locally or offloaded to the UAV (e.g.,
bmk(n) = DZ (n) = 0), resulting in a reduced reward at
the corresponding time slot. For constraint (39d), the task
is partltloned as D!, = RL - D,,,D* = RY - D, and

D$, = R, - D, where RL  RY RS € [0,1] denote the task
offloading ratios for local processing, the UAV, and the LEO
satellite, respectively. To ensure that the sum of these ratios
does not exceed 1, normalization is applied as follows R!, =

(42)

(43)

r(s(n),a )Cost;¥%(n), (44)

Xm Ru Xu RS — Xb
X’EYL+X;L:L+XS ’ X£71+Xu +X”SYL ’ X57L+Xu +X’;SYL ’
where X!, X% X3 € [0,1] are the unnormalized task of-

m?
floading ratlos.

B. P-DDQN Algorithm for Hybrid Action Space

The action vector in (43) comprises both discrete and
continuous components, posing significant challenges for con-
ventional DRL methods. A common approach is to discretize
continuous actions or transform discrete actions into contin-
uous parameters. However, these strategies often lead to an
excessively large action space or introduce higher complexity

and ambiguity at the decision boundaries. To address these
limitations, we propose a hybrid action space framework
in which discrete and continuous actions are handled by
different agents for collaborative learning, thereby effectively
decoupling the hybrid actions and enabling efficient and stable
joint computation offloading and resource allocation.

1) Preliminaries : Traditional Q-learning learns optimal
policies through interactions with the environment. However,
it struggles in high-dimensional spaces due to the need to
maintain Q-values for every state—action pair. To address
this issue, neural networks were introduced for function ap-
proximation, leading to the development of the DQN algo-
rithm. Nevertheless, DQN is prone to overestimating Q-values.
DDQN mitigates this issue by decoupling action selection
and evaluation through the use of separate networks, thereby
improving training stability. Despite these advantages, both
DQN and DDQN are inherently limited to discrete action
spaces. When extended to continuous domains, discretization
of actions often results in the curse of dimensionality.

The policy-based DDPG algorithm is well-suited for han-
dling continuous action spaces, but it is specifically designed
for purely continuous control problems. Therefore, we intro-
duce an action decoupling algorithm to address the hybrid
action space problem.

2) P — DDQ@N : The P-DDQN algorithm is an actor—critic
method that combines both policy-based and value-based
approaches. It consists of four neural networks, where the actor
network adopts the policy network of the DDPG algorithm
along with its corresponding target network, while the critic
network employs the DDQN algorithm, as illustrated in Fig.
4. The decision-making process of P-DDQN is divided into
two stages: action generation and policy update.

Initially, the policy network generates continuous actions
conditioned on the observed state for each discrete action.
Subsequently, the obtained continuous actions together with
the state are fed into the DDQN network, which selects the
discrete action that maximizes the Q-value. In this manner, the
optimal discrete action and its corresponding continuous action
for the current state are jointly determined. Based on this
mechanism, P-DDQN explicitly preserves the discrete nature
of action selection, thereby avoiding the policy bias introduced
when approximating discrete actions with continuous distribu-
tions. As a result, the proposed approach enhances both the
accuracy and stability of the learned policy.

According to (43), we define a hybrid action space consist-
ing of both continuous and discrete components as

A=A{((n),a;()|j € J,a; € Az},

where J denotes the set of discrete actions. A; denotes the
the set of continuous actions. For a € A, the state-action
value function Q(s,a) = Q(s, j, a;) is utilized to evaluate the
quality of taking an action in a given state. Here, s € S, and
S denotes the state space. Accordingly, the Bellman equation
can be expressed as

Q(s(n),](n), a; (n)) =

(45)

E 1),7,a;
r(n)7s(n+1)[r(n)+7Q(8(n+ ), dsa;

wls(n) = s,a(n) = {j(n), a;(n)},
(40)
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Fig. 4: The network structure of the P-DDQN algorithm.

where ~ denotes the discountA factor, which determines the
importance of future rewards. j and as represent the optimal
discrete action and its corresponding continuous action, re-
spectively. w’ represents the weight parameter of the target
network in DDQN. To obtain the optimal action, we first
compute a; = argsup,,ca, @(s(n+1),7,a;) for each j € J,
and then take the largest Q(s(n + 1),7,@,) to obtain the
optimal discrete action }\ However, directly computing the
supremum over the continuous action space A; is computa-
tionally intractable. Therefore, we leverage a policy network
(-5 &) to approximate this process by mapping the state to
the corresponding continuous action vector. Specifically, the
continuous action is obtained as

a; = p(s;€) = argsupQ(s, j,a;),Vj € J, 47)
a; EAJ

After obtaining the continuous action from the policy net-

work, the DDQN online network parameterizes Q(s, j,a;) to

select the optimal discrete action j, which is determined as

j = argmaxQ(s, j, a;),
jeJ

Q(Svjv aj) = Q(s,j,aj;w),

where w denotes the weight parameter of the DDQN online
network. The P-DDQN algorithm is trained using the Tem-
poral Difference (TD) learning framework. Specifically, the
update process is carried out in an alternating manner. First,
we fix the network parameter w of DDQN and minimize the
TD loss function to update the policy network parameter &.
Then, we fix ¢ and update the weight w of the DDQN online
network by minimizing a least-squares loss function associated
with the evaluation of discrete actions. The parameter update
process is described as follows

ye =1 +7Q(s', 1 (55 €); ),
1

lo(w) = 5[Q(s. s uls; ©);w) — w)?,

J
0,(8) = — ZQ(s,j,u(s;ﬁ);wL

(48)

(49)

w=w—10; VuloWw),
§=¢— da, - v&&i(f%

where y; denotes the target state-action value, and s’ and jA’
represent the next state and the corresponding optimal discrete
action, respectively. ' (+; £’) denotes the target policy network,
with &' being its weight parameters. ¢,,(£) and {g(w) denote
the loss functions of the DDPG policy network and the DDQN
online network, respectively. Moreover, §, and 6. represent the
learning rates of the actor network and the critic network.

Finally, a soft update mechanism is employed to periodically
update the parameters of the target networks, ensuring training
stability. The update rules are given by

{w’ =gw+ (1 -, o<1,

=re+(01-ne, 7«1, °0)

where ¢ and 7 are the soft update coefficients [1].

C. Implementation Details of Algorithm 1

By analyzing the network architecture and decision-making
process of P-DDQN, we design the corresponding training
framework, as illustrated in Fig. 5. The framework consists of
two main components: the upper part is responsible for action
generation, while the lower part focuses on policy updates.
Algorithm 1 summarizes the overall training procedure of
the proposed P-DDQN algorithm. At time slot n, the state
s(n) is first fed into the actor network, which generates
continuous actions according to the policy u(s(n);¢). Given
the generated continuous actions and the current state, the
critic network then determines the optimal discrete action
7(n) based on (48). Therefore, the hybrid action a(n) at time
slot n is obtained. Subsequently, the agent executes a(n),
interacts with the SAGIN environment, and transitions to the
next state s(n + 1). During this process, the environment
provides a reward r(n) according to (44). The experience
tuple {s(n), a(n),r(n), s(n+1)} is stored in the replay buffer.
During the policy update phase, mini-batches are sampled
from the buffer to update the network parameters, resulting
in an updated policy 7(¢,¢’,w,w’),,, ;. The updated policy is
then used to determine the action a(n + 1) based on the new
state s(n + 1). Through iterative interactions and updates, the
policy is progressively improved and eventually converges to
an optimal strategy that effectively minimizes the system cost.

D. Complexity Analysis

In this paper, the UAV is modeled as an agent to make task
offloading and resource allocation decisions for IoT devices.
Accordingly, the computational complexity of the proposed P-
DDQN algorithm mainly depends on the number of training
episodes, the number of steps per episode, the mini-batch size,
and the architectures of the actor and critic networks.

Let I, Se, and R,,, denote the number of training episodes,
the number of steps per episode, and the mini-batch size
used for each parameter update, respectively. The P-DDQN
algorithm follows an actor—critic framework. Therefore, we
define L¢ and L, as the numbers of layers in the actor and
critic networks, respectively, and let N;, and N, denote the
numbers of neurons in the l¢-th actor layer and the [,-th
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Fig. 5: The training framework of the P-DDQN algorithm.

critic layer. Accordingly, the computational complexity of the
proposed P-DDQN algorithm can be expressed as

Lg—l L,—1
cC=0 EpSeRm Z N15N1§+1 + Z leNlqul ,
le=0 l,—=0

(51
where the two summation terms represent the computational
complexities of the actor and critic networks, respectively.

IV. SIMULATION RESULTS
A. Simulation Setup

1) Experiment parameters setting : In the simulation en-
vironment, we consider M = 8 IoT users moving randomly at
low speed within a 100 m x 100 m horizontal area. The data
size of each IoT device is set to D,, € [2,4] Mbits [33], and
the CPU cycles required for each task are set to 1.5 Gceycles.
The maximum transmit power from ground IoT devices to
the UAV and LEO satellites is set to P»2* = 24 dBm and

m = 30 dBm, respectively [31]. The UAV operates at an
altitude ranging from H™" = 90 m to H™2* = 120 m, which
is uniformly discretized into segments of length 2 = 2 m.
The UAV battery capacity is set to E,, = 200 KJ [38]. We
consider K = 3 LEO satellites, each operating at an orbital
altitude of h = 500 km [39] with a minimum elevation angle
of wg = 40°. The path loss exponents for LoS and NLoS links
are set to ap, = 2 and oy = 2.5, respectively [6]. The channel
bandwidths for the UAV and LEO satellites are B,,,, = 2 MHz
and B,, ; = 10 MHz, respectively [38], [40]. The actor and
critic networks of P-DDQN both adopt fully connected neural
network architectures. The corresponding network structures
are configured as |s.dim | x 256 x 128 x 64 X |a;.dim| and

|s. dim +a;. dim | x 256 x 128 x 64 x |a. dim |, respectively. The
reward discount factor is set to v = 0.9. The initial exploration
rate of the e-greedy strategy is set to € = 0.9 and decays to
0.01. The soft update coefficient is set to ¢ = 7 = 0.01. A
summary of the key parameters is provided in Table II.

TABLE II: Simulation Parameter Configuration

Parameter Symbol Value
The total number of LEO staellites K 3
The total number of IoT devices M 8
The weighting factor o 0.7
The length of segment Q 2 m
The channel bandwidth of the UAV Bmu 2 MHz
The channel bandwidth of LEO staellites Bk 10 MHz
The UAV battery capacity E. 200 KJ
The maximum horizontal speed b 10 m/s
The data size of IoT devices m [2,4] Mbits
The processing rate of IoT devices fm 0.2 GHz
The processing rate of the UAV fu 0.6 GHz
The processing rate of LEO satellites fs 1.2 GHz

2) Hyperparameters and convergence analysis : To deter-
mine the optimal hyperparameter values, we compared the im-
pact of different learning rates on the convergence performance
of the P-DDQN algorithm under a replay buffer capacity of
M = 10000 and a mini-batch size of R,, = 128.

The learning rate controls the step size of network param-
eter updates, and its value has a significant impact on the
convergence speed and stability of the model. Fig. 6 illus-
trates the impact of different learning rates on the cumulative
rewards achieved by the P-DDQN algorithm during training.
As observed, all four curves exhibit a similar overall trend.
However, for the orange and green curves corresponding to
smaller learning rates, the convergence process is noticeably
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Algorithm 1 P-DDQN-Based Joint Offloading and Resource
Allocation Algorithm

1: Initialize the network parameters &, &', w and W’;

2: Initialize the experience replay buffer with capacity M,
define the mini-batch size as R,,, and initialize the total
system task volume Dyytq1;

3: for each episode do

4: Reset environment, and record the initial state sq;

5: for time slot = [1,...,n,...,N] do

6: Compute continuous action a;(n) < u(s(n);§);

7: Select the hybrid action a(n) = {j(n),a;(n)}
based on the e-greedy policy;

8: Execute action a(n), obtain reward r(n) and
observe the next state s(n + 1);

9: Save quadruple {s(n),a(n),r(n),s(n + 1)} into
the experience replay buffer;

10: Randomly sample a mini-batch of R,, experience
tuples {s(i),a(i),r(i),s(i + 1)} from the buffer;

11: if s(i 4+ 1) indicates the end of the episode then

12: y(i) = r(i);

13 else N

14: y(i) =r@) +yQ(s(i + 1),7(¢ + 1),

' (s(i+1);€);0);

15: end if

16: Use the mini-batch data to calculate the gradients
Volo(w) and Vel, (€):

17: Update the network parameters based on Eq. (49)
and Eq. (50);

18: if remaining tasks D}, ,(n) = 0 then

19: Initiate a new episode;

20: end if

21: end for

22: end for

slower, with the rewards stabilizing only after approximately
600-800 episodes. This indicates that smaller learning rates
require more training time for the model to approach the
optimal solution. In contrast, the red curve, which represents
a moderate learning rate, demonstrates faster convergence and
achieves higher reward values with fewer training episodes.
Based on these observations, the learning rates are set to 6, =
0.001 and . = 0.001 in the subsequent simulations.
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Fig. 6: Cumulative rewards under different learning rates.

B. Performance Evaluation and Analysis

1) Benchmark algorithms : The effectiveness of the pro-
posed model is evaluated by comparing it with several base-
line algorithms, including P-DQN, PPO, DDPG, and DDQN.
Specifically, P-DQN and PPO are selected as benchmark
methods that are inherently suitable for hybrid action space
problems, while DDPG and DDQN are included as repre-
sentative algorithms for purely continuous and purely discrete
action spaces, respectively.

P-DQN: P-DQN and P-DDQN share the same network
structure. The primary difference lies in the estimation of
the target Q-value. Specifically, P-DQN adopts a maximiza-
tion operation to compute the target, which is expressed as
Yy = 1+ 'VI-I}gfo(S/,j/,u'(sl;f’);“’/), where mé?,‘Q(‘;W)
represents thejmaximum Q-value for the next stat]e, evaluated
by the target network.

PPO: PPO is a widely utilized algorithm for policy opti-
mization and is suitable for a variety of RL tasks. In hybrid
action space scenarios, PPO typically employs separate policy
heads for discrete and continuous actions, enabling simultane-
ous optimization of hybrid decision variables.

DDPG: DDPG is originally designed for continuous action
spaces. To enable its application to discrete decision-making
tasks, such as user scheduling and satellite association selec-
tion, the corresponding continuous actions generated by DDPG
are discretized.

DDQN: Since DDQN is designed for purely discrete action
spaces, the continuous decision variables are discretized, e.g.,
X! =10,0.2,...,1.0}. To alleviate the action space explosion
resulting from discretization, the transmit power of IoT devices
is assumed to be fixed.

2) Performance evaluation : To validate the effectiveness
of the proposed algorithm, we conduct experimental evalua-
tions from multiple perspectives, including comparisons with
baseline methods and ablation studies on the transmit power of
IoT devices and the UAV flight altitude, thereby systematically
demonstrating its superiority.

—100

| |

= =
o >
o S

Rewards
L
2

=200 4

—220 4

—240 T T T T T T T
0 100 200 300 400 500 600 700 800

Episode

Fig. 7: Performance comparison of different algorithms.

Fig. 7 illustrates the training result of different algorithms
in solving optimization problem (39). It can be observed that
P-DDQN achieves the highest reward among all the compared
methods. During the early stages of training, P-DDQN exhibits
low and fluctuating rewards due to the exploratory nature
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of DRL and the reliance on randomly sampled experiences
from the replay buffer. As training progresses, the agent per-
forms fewer random actions and learns more effective actions,
resulting in higher and more stable rewards, and ultimately
converges to approximately —85 after 500 episodes.

Moreover, the P-DQN algorithm, which follows closely,
suffers from Q-value overestimation, as it directly applies
the maximization operation on the target network to compute
the target Q-value, leading to unstable decision-making. PPO
can handle hybrid action space problems by sampling from
appropriate probability distributions. However, under the con-
sidered system model and optimization objective, its policy
updates tend to be relatively conservative, which may cause the
algorithm to converge prematurely to a suboptimal solution.
DDPG is specifically designed for continuous action spaces
and is therefore not well-suited for the proposed scenario
involving a hybrid action space with a large number of discrete
actions. DDQN exhibits the poorest performance due to its
restriction to discrete action spaces. When applied to hybrid
settings, the discretization of continuous actions significantly
enlarges the action space, which increases training complexity
and hinders convergence.

To evaluate the adaptability of the proposed scheme, we
compare the system cost of various algorithms under different
task complexities, numbers of IoT devices, and numbers of
LEO satellites. As illustrated in Fig. 8(a), the system cost of all
algorithms increases as the CPU cycle demand of tasks grows.
This is because ground IoT devices have limited computational
capabilities, and higher computational complexity forces them
to offload more tasks to the UAV and LEO satellites, resulting
in increased energy consumption and latency. Furthermore,
the proposed P-DDQN algorithm consistently outperforms
the baseline methods, with its advantage becoming more
pronounced when the CPU cycle demand exceeds 1 Geycles.

Fig. 8(b) shows that the system cost increases as the number
of IoT devices grows. This is primarily due to the increased
offloading demand on the UAV and LEO satellites, which
intensifies the competition among IoT devices for system
resources. Moreover, a larger number of IoT devices leads
to more complex UAV flight trajectories, which increases the
difficulty of trajectory optimization and consequently results
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Fig. 9: System cost under different power and altitude con-
figurations. (a) Cumulative system cost of different strategies.
(b) System cost per time slot.

in higher latency and energy consumption.

Fig. 8(c) illustrates the system cost under different num-
bers of LEO satellites. It can be observed that the system
cost decreases as the number of satellites increases. This is
because a larger number of satellites results in higher satellite
density, thereby increasing the likelihood that users can access
satellites with higher elevation angles. A higher elevation angle
wg corresponds to a smaller central angle w.. According to
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Fig. 10: UAV trajectory optimization based on IoT device distribution. (a) Spatial distribution of the UAV and IoT devices.
(b) 2D trajectories of the UAV and IoT devices. (c) Altitude variation of the UAV in each time slot.

sk = VB2 + (Re +h)? —2Rc(Re + h) cosw,, a smaller
central angle leads to a shorter transmission distance, which
improves the G2S link quality and enhances the achievable
data rate. Moreover, with more satellites available, ground
users can remain within the effective coverage area for longer
durations, enabling more computation tasks to be offloaded to
LEO satellites. This reduces the reliance on local computing
and UAV processing, thereby reducing the overall system cost.

To evaluate the impact of power allocation and trajectory
optimization on system cost, we conduct ablation studies on
the transmit power of IoT devices and the UAV flight altitude,
respectively. As illustrated in Fig. 9(a), fixing these parameters
leads to higher system costs due to reduced flexibility (e.g.,

Hmin max

P = w, Hyow = %HW“). Specifically, a fixed
transmission power cannot adapt to varying task requirements
and dynamic network conditions, resulting in either underuti-
lization or excessive resource consumption. Although fixing
the flight altitude has a relatively smaller impact on system
cost, it neglects altitude optimization, leading to inefficient
UAV trajectory planning and increased energy consumption.

Fig. 9(b) illustrates the system cost of three schemes over
one task cycle. Specifically, the P-DDQN algorithm, which
jointly optimizes transmission power and flight altitude, main-
tains the system cost at approximately 2.30 for each time slot
with relatively small fluctuations. In contrast, fixing the flight
altitude results in system costs fluctuating around 2.65 per
time slot, while fixing the transmission power leads to the
most unstable performance and consistently incurs the highest
system cost in most time slots.

Next, we investigate the UAV trajectory optimization prob-
lem under the condition of low-speed mobility of ground IoT
devices, and analyze the impact of IoT device distribution
on the UAV flight altitude. As illustrated in Fig. 10(a), the
red line represents the UAV’s 3D trajectory over one cycle,
while the green dots indicate the initial positions of the eight
IoT devices. Fig. 10(c) shows the variation in the UAV’s
altitude during the same period. It can be observed that the
UAV’s altitude increases from 96 m to 118 m within the
first 15 time slots, and then gradually decreases starting from
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Fig. 11: System performance under extreme weighting factors.
(a) Cumulative system delay (¢ = 1). (b) Cumulative energy
consumption (o = 0).

the 19th time slot. This behavior reflects the UAV’s adaptive
trajectory adjustment based on the state information of the IoT
devices. As shown in Fig. 10(b), when IoT devices 1-4 are
relatively dispersed, the UAV tends to fly at a higher altitude to
ensure good communication visibility. In contrast, when IoT
devices 5-8 are more densely distributed, the UAV lowers
its altitude to reduce energy consumption, as long-distance
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communication is no longer necessary.

Finally, the effectiveness of the proposed algorithm is vali-
dated under extreme weight settings. As shown in Fig. 11(a)
and Fig. 11(b), the DDPG algorithm exhibits noticeable fluc-
tuations during training and achieves relatively poor conver-
gence performance. This is mainly because DDPG is designed
for continuous action spaces, and discretizing its outputs to
handle hybrid action spaces introduces approximation errors
and degrades training stability. In contrast, although PPO can
inherently handle hybrid action spaces, its policy updates are
relatively conservative under the considered system model
and optimization objectives, making it prone to converging
to suboptimal solutions and resulting in inferior performance
compared with the proposed algorithm. These results demon-
strate that the proposed P-DDQN algorithm achieves superior
stability and performance, even under extreme scenarios.

V. CONCLUSION

This paper investigates the joint optimization of energy
consumption and latency in MEC-enabled SAGINs, where
the UAV and LEO satellites collaboratively provide edge
computing services for ground IoT devices. We formulate a
hybrid action space optimization problem to jointly optimize
IoT device association, transmission power, and task assign-
ment, as well as the UAV trajectory, with the objective of
minimizing the weighted sum of energy consumption and
latency. To address the hybrid action space, a P-DDQN al-
gorithm is proposed, which integrates DDPG for continuous
action optimization and DDQN for discrete action selection.
Simulation results demonstrate that the proposed P-DDQN
algorithm can effectively achieve adaptive resource allocation
and task offloading, outperform baseline schemes and attaining
the lowest system cost. In future work, the proposed frame-
work will be extended to more complex SAGIN scenarios,
including multi-UAV cooperative optimization, to better reflect
practical deployments. In addition, we will explore multi-agent
hybrid action space algorithms based on the soft actor—critic
framework, enabling more comprehensive evaluations under
extended system models.
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