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Abstract
We address a coverage optimization problem in a space-air-ground integrated network (SAGIN) with high-altitude platforms
(HAPs) and unmanned aerial vehicles (UAVs), where the joint optimization of aerial node placement, transmit power control,
bandwidth allocation, and beamforming results in a high-dimensional and strongly coupled optimization problem. To address
this challenge, we propose a deep actor-critic (DAC)-based framework capable of handling joint continuous control in complex
SAGIN environments and adapting to dynamic network conditions. To accelerate training convergence, we incorporate a
temperature function that identifies the most frequently used actions and enhances the exploration process of the DAC
algorithm. The performance of the proposed algorithm is evaluated through simulations conducted in a realistic network
scenario on Jeju Island, South Korea. We compare the performance of the proposed algorithm against benchmarks, including
a soft actor-critic (SAC), deep deterministic policy gradient (DDPG), deep actor-critic (DAC), genetic algorithm (GA), and a
gradient search (GS). The results demonstrate that our proposed algorithm achieves higher coverage performance and provides
more efficient bandwidth utilization, faster convergence, and a slightly improved data rate.

Keywords HAP placement · Temperature function · Beamforming · SAGIN coverage

1 Introduction

Satellite communication has recently gained attention from
researchers as an effective way to improve global cover-
age, driven by the successful deployment of numerous low
Earth orbit (LEO) satellites by Starlink [14]. To address the
growing demand for high-density coverage areas in satel-
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lite communication, technological advances such as multiple
beamforming, frequency reuse, and power control have been
studied.These technologies enhance satellite communication
by providing reliable, high-speed connectivity for ground
users (GUs) [9]. Despite recent advances, there remain chal-
lenges to achieve seamless coverage, particularly in remote or
urban areas where user locations can affect signal quality. To
tackle this challenge and improve the performance of satellite
communication systems, space-air-ground integrated net-
work (SAGIN) has been proposed, which integrates satellites
with aerial-based technologies, such as high-altitude plat-
forms (HAPs) and unmanned aerial vehicles (UAVs) [4].
HAPs and UAVs in SAGIN offer dynamic and flexible cov-
erage, which can address coverage gaps that satellites or
terrestrial networks alone might miss. This adaptability is
particularly critical for providing seamless connectivity in
areas with varying user densities and fluctuating demands.
However, this flexibility introduces additional challenges,
particularly in managing network resources.

In SAGIN, bandwidth allocation becomes more com-
plex compared to traditional satellite-based systems, as it
must dynamically adapt to the user density of the coverage
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area. HAPs and UAVs, as reconfigurable aerial platforms,
are required to be properly positioned and to precisely con-
trol their beamforming centers to address coverage gaps and
respond to high-density areas, while maintaining reliable
connectivity with the satellite layer. In addition, UAVs face
power constraints that require careful power control strate-
gies to balance their limited energy resources with the need
to maintain adequate coverage, while bandwidth allocation
further challenges minimum-rate satisfaction under dense
GU deployments [17]. These challenges require advanced
adaptive approaches to effectively integrate HAPs and UAVs
into SAGIN while ensuring reliable and efficient network
performance. To effectively handle this complex problem,
algorithms that take advantage of artificial intelligence (AI)
andmachine learning (ML) become essential, which can play
a critical role in coverage optimization while ensuring adap-
tive coordination among these diverse components.

On the other hand, Deep Reinforcement Learning (DRL)
has emerged as a powerful paradigm for solving complex
optimization problems in dynamic environments by combin-
ing the decision-making capabilities of reinforcement learn-
ing with the function approximation power of deep neural
networks. DRL has demonstrated remarkable success in vari-
ouswireless communication applications, including resource
allocation and network management, due to its ability to
adapt to changing conditionswithout prior systemknowledge
[11]. However, a critical challenge in DRL is the exploration-
exploitation trade-off, where traditional exploration strate-
gies like ε-greedy rely on uniform random sampling, which
can be inefficient in high-dimensional action spaces and often
lead to premature convergence to local optima, particularly
in complex multi-objective scenarios [36].

Many studies have addressed the significant issues of
SAGIN to enhance its communication capabilities. In [12],
the authors proposed the multi-attribute decision-making
(MADM) algorithm with graph-based handover (GBH) to
improveSAGIN’s overall throughput and access failure prob-
ability. The authors of [23] have studied the performance
of SAGIN considering a UAV-assisted satellite communi-
cation with an asymmetric dual-hop radio frequency/FSO
system to minimize the average bit error under high user-
device density. In [7], the authors aimed to maximize the
sum-rate problem of SAGIN by employing successive con-
vex approximations and semi-definite programming. The
work in [5] proposed a multi-objective genetic algorithm to
enhance the coverage of the target areas in SAGIN while
simultaneously minimizing the total number of satellites
in the constellation. UAV deployment problems have also
been extensively studied, including recent cooperative UAV-
assisted systems with joint three-dimensional deployment
and resource optimization using heuristic or evolutionary
algorithms [21]. However, these existing approaches have
several limitations. Most works typically optimize isolated

control parameters rather than joint resource allocation, and
rely on traditional optimization methods that may struggle
with the high-dimensional, non-convex nature of SAGIN
optimization problems.

In addition, many studies have leveraged ML techniques to
enhance SAGIN performance through optimized resource
allocation. In [32], the authors studied the end-to-end anomaly
traffic detection algorithm for SAGIN by proposing a semi-
supervisedMLmethod. In [34], the authors proposed an RL-
assisted bandwidth-aware virtual network resource alloca-
tion algorithm (RL-BA-VNA),which transforms the network
resource allocation problem in SAGIN into a multi-domain
virtual network resource allocation problem to optimize the
data rate of the system. The authors of [27] proposed a dou-
ble Q-learning algorithm with better delay-sensitive replay
memory (DSRPM) for offloading traffic for SAGIN, with the
objective of reducing the time needed to collect data from the
moving nodes around the network.

In [6], the authors proposed a network selection algo-
rithm based on a deep deterministic policy gradient (DDPG)
to improve resource utilization and achieve load balance in
SAGIN. While these ML-based approaches show promis-
ing results, they suffer from exploration inefficiency due
to reliance on conventional exploration strategies like ε-
greedy, which can lead to premature convergence in complex
multi-objective scenarios. Moreover, most existing works do
not jointly optimize the critical factors of UAV positioning,
power allocation, beamforming, and bandwidthmanagement
in an integrated framework.

In this work, we aim to improve SAGIN coverage through
a comprehensive optimization framework that addresses
multiple critical factors simultaneously. A Deep Actor-Critic
(DAC) algorithm combined with a temperature function is
employed to solve the problem.Theproposed approach lever-
ages a temperature-guided exploration mechanism inspired
by simulated annealing and generalized annealing theory
[30]. Its purpose is to regulate exploration diversity in high-
dimensional continuous action spaces and reduce premature
convergence, leading to faster and more stable training and
improved final performance.

The idea and the methodology in our study can be sum-
marized as follows.

1. We consider a SAGIN coverage optimization problem
over a realistic service region, where multiple coupled
continuous control variables, including aerial deploy-
ment, transmit power, beamforming direction, and band-
width allocation, are jointly optimized to satisfy quality
of service (QoS) requirements of GUs.

2. To address this complex optimization problem, we pro-
pose a temperature-guided deep actor-critic (DAC-Temp)
algorithm, in which a temperature function is incorpo-
rated into the exploration process to regulate exploration
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diversity and exploration step size, thereby improving
learning behavior in high-dimensional continuous action
spaces.

3. To evaluate the performance of our approach, we con-
duct extensive simulations and compare it against both
traditional and learning-based baselines. Specifically, we
implement two heuristic methods, Genetic Algorithm
(GA) and Gradient Search (GS), as optimization-based
references. We also benchmark our method against
multiple DRL algorithms, including traditional DAC,
Soft Actor-Critic (SAC) and DDPG. Simulation results
show that the proposed DAC-Temp method consistently
achieves higher coverage and data rate efficiency com-
pared to all baseline algorithms while maintaining stable
convergence. To the best of our knowledge, existing stud-
ies have not investigated SAGIN coverage optimization
under this integrated formulation using a temperature-
guided DAC framework.

The remainder of the paper is structured as follows. Sec-
tion 2 presents the system model and problem formulation,
including key optimization variables and constraints rele-
vant to the SAGIN coverage problem. Section 3 introduces
the proposed solutionmethodology, detailing theDAC-Temp
algorithm and its temperature-based exploration strategy.

The section also provides the implementation details of the
baselinemethods includingGA,GS, DAC, SAC, andDDPG.
Section 4 offers a comprehensive performance evaluation
through simulations conducted on Jeju Island, South Korea,
comparing DAC-Temp with other approaches in terms of
coverage, convergence, and data rate. Finally, Section 5 con-
cludes the paper and outlines potential directions for future
research.

2 SystemModel and Problem Formulation

In this study, we consider a SAGIN network scenario that
consists of a LEO satellite, H HAPs, U UAVs, and G GUs.
The LEO satellite, HAPs, and UAVs are equipped with array
antennas with C beamformings to improve the coverage of
theSAGIN.Downlink communication from theLEOsatellite
to the GUs can be categorized by four types of connections:
LEO-GU link, LEO-HAP-GU link, LEO-UAV-GU link, and
LEO-HAP-UAV-GU link, as illustrated in Fig. 1. Link estab-
lishment is abstracted at the time-slot level, where each
GU associates with the available downlink path that max-
imizes the achievable data rate subject to the minimum rate
constraint (Table 1). Table 1 summarizes the mathematical
notations and symbols used in this work.

The system operates in discrete time slot indexed by
t . Let the indices of HAP, UAV, and GU be h ∈ H =

Fig. 1 SAGIN system model: a
LEO satellite cooperates with H
HAPs and U UAVs, each using
C-beam antennas, to serve G
ground users in a region.
Connections can be direct or
multi-hop via HAPs/UAVs
(LEO-GU, LEO-HAP-GU,
LEO-UAV-GU,
LEO-HAP-UAV-GU)
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Table 1 List of symbols and
variables

Symbols Description

H ,U ,G,C Number of HAPs, UAVs, GUs, and beamforming centers.

H,U,G, C Index sets of HAPs, UAVs, GUs, and beamforming centers.

t Time slot index.

LLEO (t), Lh(t), Lu(t), Lg Location of the LEO satellite, HAP h, UAV u, and GU g.

ZLEO , ZH AP , ZU AV Altitudes of LEO satellite, HAPs, and UAVs.

LLEO,c(t) Beamforming center of LEO satellite.

Lh,c(t), Lu,c(t) Beamforming centers of HAPs and UAVs.

� Geographical service region.

Gtx (t),GRX Transmit and receive antenna gains.

PLtx,r x (t), FDtx,r x (t) Path loss and fading between t x and r x .

dtx,r x (t) Distance between transmitter and receiver.

pLEO (t), ph(t), pu(t) Transmit power of LEO, HAPs, and UAVs.

PLEO
max , PH AP

max , PU AV
max Maximum transmit power limits.

bLEO (t), bh(t), bu(t) Bandwidth allocation ratios.

B Total system bandwidth.

�t x,r x (t) SINR from transmitter t x to receiver r x .

Rtx,r x (t), Rg(t) Link data rate and end-to-end GU data rate. r x .

Rmin Minimum required data rate.

ag(t) Connectivity indicator of GU g.

CON(t) Number of connected GUs at time t .

L(t), B(t), P(t) Location, bandwidth, and power control variables.

{1, 2, . . . , H}, u ∈ U = {1, 2, . . . ,U }, and g ∈ G =
{1, 2, . . . ,G}, respectively. The locations of the LEO satel-
lite, HAP h, UAV u, and GU g in Cartesian coordinates are
denoted as LLEO(t) = (x(t), y(t), ZLEO)LEO , Lh(t) =
(x(t), y(t), ZH AP )h , Lu(t) = (x(t), y(t), ZU AV )u , and
Lg = (x, y, 0)g , respectively. Here, ZLEO , ZH AP , and
ZU AV represent the altitudes of the LEO satellite, HAPs,
and UAVs, respectively. To simplify the network scenario,
we assume that the altitudes of the LEO satellite, the
HAPs and UAVs are fixed. Moreover, the LEO satellite
is assumed to move along a predefined orbital trajec-
tory with uniform motion, where its horizontal position
varies over time at a constant orbital speed Vs . Let the
location of the beamforming center on the ground be
denoted as LLEO,c(t) = (x(t), y(t), 0)LEO,c, Lh,c(t) =
(x(t), y(t), 0)h,c, and Lu,c(t) = (x(t), y(t), 0)u,c, respec-
tively, where c ∈ C = {1, 2, . . . ,C}. It is noted that the
coordinates x and y for the locations of HAPs, UAVs, and
GUs are confined within a polygon �, which represents a
geographically bounded region used for tractable regional
modeling of a province or city [20].

2.1 Channel model

In this work, a single channel expression is adopted for
all downlink hops, while differences between LEO satel-

lite, HAP, and UAV links are captured through link-specific
parameters such as altitude, propagation distance, path-loss
exponent, fading characteristics, and antenna configurations.
All transmitter devices use spot beams generated by array
antennas to transmit data to receivers. The LEO satellite acts
as the transmitter t x , while GUs serve as the receiver r x .
HAPs and UAVs function as transceivers, operating as either
transmitters (t x) or receivers (r x). The channel model used
in this scenario follows the transmitter’s antenna gainGtx (t),
path loss PLtx,r x (t), fading FDtx,r x (t), and the receiver’s
antenna gain GRX . Based on this, the channel model from
transmitter t x to receiver r x is expressed as

Gtx,r x (t) = Gtx (t) × PLtx,r x (t) × FDtx,r x (t) ×GRX . (1)

Equation 1 represents a unified channel model applicable to
all links.Here, the transmitter t x and receiver r x varydepend-
ing on the considered hop, including LEO-HAP, LEO-UAV,
LEO-GU, HAP-UAV, HAP-GU, and UAV-GU links.

From [13], the antenna gain from transmitter t x to receiver
r x can be approximated as

Gtx (t) ≈ Gmax − 12

(
�

(�vt x,c(t), �vt x,r x (t)
)

θt x,3dB

)2

, (2)

where Gmax is the maximum antenna gain observed at the
beam center and θt x,3dB is the half-power beam-width. Here,
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the angle between the direction from transmitter t x to beam-
forming center c and from transmitter t x to receiver r x is
calculated as

�
(�vt x,c(t), �vt x,r x (t)

) = cos−1
( �vt x,c(t) · �vt x,r x (t)

‖�vt x,c(t)‖‖�vt x,r x (t)‖
)

, (3)

where �vt x,c(t) = (Ltx,c(t) − Ltx (t)) and �vt x,r x (t) =
(Lrx (t) − Ltx (t)) are vectors from the transmitter t x to the
beamforming center c and from the transmitter t x to the
receiver r x , respectively. For simplicity, we assume all GUs
share the same receiver antenna gain GRX [26].

The path loss from transmitter t x to receiver r x can be
defined as

PLtx,r x (t) = β0(
dtx,r x (t)

)α , (4)

where α is the path-loss exponent, β0 is the channel power at
a reference distance of 1 meter, and dtx,r x (t) is the distance
between the transmitter t x and receiver r x . The distance
between the transmitter t x and receiver r x is denoted as
dtx,r x (t) = ‖Lrx (t) − Ltx (t)‖, where ‖ · ‖ denotes the
Euclidean norm. FDtx,r x (t) represents the channel fading
from transmitter t x to receiver r x , which is characterized by
small-scale fading that follows a Rician distribution due to
the predominant line-of-sight (LoS) propagation from ele-
vated platforms to GUs in SAGIN downlink scenarios [31].

2.2 Data rate

Let ptx (t)be the transmit power of the transmitter t x at time t ,
where t x ∈ {LEO,HAP,UAV}. Accordingly, ptx (t) denotes
pLEO(t), ph(t), or pu(t) depending on the transmitting node
of the considered link. The received signal-to-interference-
plus-noise ratio (SINR) from the transmitter t x to the receiver
r x is expressed as

�t x,r x (t) = ptx (t) × Gtx,r x (t)

Itx ′(t) + σ 2
A

, (5)

where Itx ′(t) is the interference from other transmitters t x ′,
and σ 2

A is the power spectral density of additive white Gaus-
sian noise (AWGN). By using the Shannon–Hartley theorem,
the data rate from the transmitter t x to the receiver r x is cal-
culated as

Rtx,r x (t) = btx (t)B log2
(
1 + �t x,r x (t)

)
, (6)

where btx (t) is the bandwidth allocation of the transmitter
t x , and B is the total bandwidth.

2.3 End-to-end (E2E) data rate

The data rates of the downlink communication connections
at time t are explicitly defined as follows. The direct LEO-GU
link data rate is given by RLEO,g(t). For relay-assisted links,
the end-to-end data rates are determined by the bottleneck hop,
including RLEO,h,g(t) = min{RLEO,h(t), Rh,g(t)}, RLEO,u,g(t) =
min{RLEO,u(t), Ru,g(t)}, and RLEO,h,u,g(t)=min{RLEO,h(t),
Rh,u(t), Ru,g(t)}. The minimum operation reflects the bot-
tleneck constraint in multi-hop communications, where the
end-to-end data rate is limited by the weakest link in the
transmission chain. Assuming that the GU g selects the con-
nection with the highest data rate among all possible links,
the end-to-end (E2E) data rate for GU g is expressed as

Rg(t) = max
h∈H,
u∈U

{
RLEO,g(t), RLEO,h,g(t),
RLEO,u,g(t), RLEO,h,u,g(t)

}
. (7)

2.4 Coveragemodel

This study aims to improve SAGIN coverage by increasing
thenumber ofGUs that satisfy theminimumdata rate require-
ment. Let Rmin represent the minimum data rate required for
GU satisfaction. GU g is assumed to be connected to the
satellite when the data rate of GU g is greater than or equal
to Rmin. Then, the indicator for the connection from the LEO
satellite to GU g at time t is defined as

ag(t) =
{
1, Rg(t) ≥ Rmin

0, otherwise
. (8)

Then, the total number of GUs connected to the satellite at
time t is given by

CON(t) =
∑
g∈G

ag(t). (9)

2.5 Problem formulation

The total number of GUs satisfying the minimum data rate
requirement is influenced by several factors, such as the
locations of the HAPs and UAVs (Lh(t), Lu(t)), and the
beamforming center locations for LEO, HAPs, and UAVs
(LLEO,c(t), Lh,c(t), Lu,c(t)). Furthermore, it depends on
the bandwidth allocation for LEO, HAPs, UAVs (bLEO(t),
bh(t), bu(t)), as well as their respective transmit power
(pLEO(t), ph(t), pu(t)).

To simplify the notation, we define the set of control vari-
ables for locations as L(t) = {Lh(t), Lu(t), LLEO,c(t),
Lh,c(t), Lu,c(t)}, the set of control variables for bandwidth
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allocation as B(t) = {bLEO(t), bh(t), bu(t)}, and the set of
control variables for transmit power as P(t) = {pLEO(t),
ph(t), pu(t)}. Using the above notation, we can formulate
the coverage problem in SAGIN as

(P1) : max
L(t),B(t),P(t)

CON(t) (10)

s.t.

(C1) : Lh(t), Lu(t), LLEO,c(t), Lh,c(t), Lu,c(t) ∈ �

(C2) : bLEO(t), bh(t), bu(t) ∈ [0, 1] ,

(C3) : pLEO(t) ∈
[
0, PLEO

max

]
, ph(t) ∈

[
0, PH AP

max

]
,

pu(t) ∈
[
0, PU AV

max

]
,

(C4) : RLEO,h(t) ≥ 	g∈GRh,g(t),

RLEO,u(t) ≥ 	g∈GRu,g(t),

Rh,u(t) ≥ 	g∈GRu,g(t),

where PLEO
max , PH AP

max , and PU AV
max are the maximum trans-

mit power of the LEO satellite, HAPs, andUAVs, respectively.
ConstraintC1 represents geographical restrictions by requir-
ing that the positions of HAPs, UAVs, GUs, and all beam-
forming centers liewithin the defined service area. Constraint
C2 ensures that the allocated bandwidth for all transmit-
ters, including LEO satellite, HAPs, and UAVs, lies within
normalized bounds [0, 1]. ConstraintC3 imposes power con-
straints by limiting the transmit power not to exceed their
respective maximum power capacities. Finally, constraint
C4 represents a backhaul capacity constraint under a relay-
forwarding assumption, ensuring that the upper-layer link
capacity is no smaller than the aggregate access rate served
by the relay. Consequently, the end-to-end transmission rate
is determined by the bottleneck among the involved hops.

3 Proposed optimization approaches

To address the problem in (P1), we propose a DRL approach
that can learn and adapt to the complexities of dynamic
environments [10]. The environment involves multiple tightly
coupled continuous control variables, resulting in a high-
dimensional action space that poses challenges for conven-
tional optimization and exploration strategies. Specifically,
we employ the DAC algorithm as illustrated in Fig. 2. Actor-
critic learning is adopted to handle continuous-valued control
decisions, where the critic network provides value-based guid-
ance to stabilize policy learning under the non-convex opti-
mization problem.ByutilizingaDivide-and-Conquer strategy
in DAC, complex optimization problems can be decomposed
into smaller, independent subproblems. This not only reduces
computational overhead but also enables efficient and paral-
lelizable solutions, which makes it particularly effective in
dynamic and heterogeneous network environments [18, 33].

However, the DAC algorithm in our work involves many
control variables, which results in long training times to
obtain the solution. To improve training efficiency, we inte-
grate a temperature function into the DAC algorithm whose
role is to explicitly control exploration diversity during
learning, particularly in high-dimensional continuous action
spaces where conventional random exploration becomes
inefficient. The temperature function proposed in this work
detects repeated actions, thus improving the exploration pro-
cess and overall performance. This modification enables
more efficient and accurate decision-making in complex
environments, together with the DAC algorithm.

3.1 Designing of the DRLmodel

The DRL model consists of three main components: state,
action, and reward. In this formulation, the state consists

Fig. 2 Architecture of the
proposed DAC-Temp algorithm.
The agent observes the current
state s(k), selects an action a(k)
via a temperature function-based
policy that explores by
accepting ε-guided trial actions
using fq (
ak) and exploits by
choosing the argmax-Q action
with probability 1 − ε, interacts
with the environment to receive
reward r(k) and next state
s(k + 1), stores transitions in
replay memory, and updates the
actor and critic networks using
temporal-difference (TD) error
and policy gradient with SGD
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of channel information, the action corresponds to resource
allocation and positioning control, the reward reflects instan-
taneous coverage satisfaction, and the state transition is
induced by channel dynamics and satellite motion. In this
work, these components are designed as follows.

3.1.1 State

The state space presents the current circumstances or context
inwhich an entity operates, capturing all relevant information
that could impact the decision-making process. In this study,
we define the state space based on the channel gain at time k
as

s(k) ∈ S = {GLEO,h(k),GLEO,u(k),GLEO,g(k),

Gh,u(k),Gh,g(k),Gu,g(k)}, (11)

where GLEO,h(k), GLEO,u(k), GLEO,g(k), Gh,u(k), Gh,g(k),
and Gu,g(k) are the channel gains between the following
entities: LEO satellite to HAPs, LEO satellite to UAVs,
LEO satellite to GUs, HAPs to UAVs, HAPs to GUs, and
UAVs to GUs, respectively. are the channel gains between
the following entities: LEO satellite to HAPs, LEO satel-
lite to UAVs, LEO satellite to GUs, HAPs to UAVs, HAPs
to GUs, and UAVs to GUs, respectively. It is noted that
the state is transformed into a flatten vector with N =
H(1+U )+G(1+H+U ) elements. Here, the channels from
theLEOsatellite toHAPs (GLEO,h(k)),UAVs (GLEO,u(k)),
and GUs (GLEO,g(k)) comprise (H+U+G) elements. The
channels from HAPs to UAVs (Gh,u(k)) and GUs (Gh,g(k))
comprise (HU + HG) elements. The channels from UAVs
to GUs (Gu,g(k)) comprise (UG) elements. The system is
modeled in discrete time slots, where the network state at
each slot captures instantaneous channel conditions and net-
work geometry, providing a slot-based MDP formulation for
downlink coverage optimization.

3.1.2 Action

The action space represents the set of choices or decisions
available to an agent in a specific state. In this study, the
action space at time k is designed based on the controllable
variables in problem (P1), which is given as

a(k) ∈ A = {Lh(k), Lu(k), LLEO,c(k), Lh,c(k), Lu,c(k),

bLEO (k), bh(k), bu(k), pLEO (k), ph(k), pu(k)}. (12)

The action is flattened to a vector with M = 2((H + U ) +
(C + 1)(1 + H + U )) elements. Here, the locations of
HAPs (Lh(k)) and UAVs (Lu(k)) contribute 2(H + U ) ele-
ments, representing position along the x- and y-axis. The
locations of the beamforming centers for the LEO satellite

(LLEO,c(k)), HAPs (Lh,c(k)), and UAVs (Lu,c(k)) con-
tribute 2C(1+ H +U ) elements, also representing changes
on the x- and y-axis. The bandwidth allocation for the LEO
satellite (bLEO(k)), HAPs (bh(k)), and UAVs (bu(k)) con-
tributes (1 + H + U ) elements. The transmit power levels
for the LEO satellite (pLEO(k)), HAPs (ph(k)), and UAVs
(pu(k)) contribute (1 + H + U ) elements. This structure
ensures that the action space comprehensively captures all
relevant variables for decision-making.

3.1.3 Reward

The reward function in DRL acts as a feedback mechanism
that indicates how successful or unsuccessful an action is
within a given state. In this study, the reward function is
designed based on the objective function of problem (P1)
and is expressed as

r(k) =
{
CON(k), satisfied C1-C4,

0, otherwise.
(13)

We assign 0 when constraints C1 − C4 are violated since
infeasible actions cannot be executed in practice, this gate
also avoids introducing an extra penalty scale that must be
tuned relative to the coverage reward.

3.2 Actor and critic networks

The DAC algorithm consists of two deep neural network
(DNN) components, known as the actor and critic networks
[37], is adopted due to its ability to handle high-dimensional
continuous action spaces and to provide stable learning
through value-guided policy updates. These components in
our work are described as follows.

3.2.1 Critic network

The critic network evaluates the selected action based on
the current state using the state-action-value function (Q-
function). This function estimates the expected future reward
for taking a particular action a(k) in a given state s(k). TheQ-
function Q(s(k), a(k);wc) in the critic network is designed
as a DNN, where wc represents the weights of the critic
network. The weights of the critic network are updated using
the temporal difference (TD) error, which serves as the loss
function given as

L (wc) = 1

2

(
Qtarg − Q (s(k), a(k);wc)

)2
. (14)

Here Qtarg is the target value function, calculated as

Qtarg = r(k) + γmax
a∈A Q (s(k + 1), a;wc) , (15)
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where r(k) is the reward received and γ ∈ [0, 1] is the dis-
count factor.

3.2.2 Actor network

The actor network is responsible for selecting actions a(k)
based on the current state s(k) following the policy π . The
policy π (a(k)|s(k);wa) is designed using a DNN, where
wa is the weight of the actor network. The policy function
is used to update the weight of actor network wa , which is
given as

P (wa) = E
[
logπ (a|s(k);wa) Q (s(k), a(k);wc)

]
. (16)

This equation reflects the relationship between the actor and
critic loss functions, which emphasizes the importance of
updating the critic networks.

3.3 Temperature Function based Policy

The policy π(a|s(k)) determines the agent’s action a(k)
based on the given states s(k). This policy plays a crucial role
in the agent’s performance, learning efficiency, and adapt-
ability to changes in the dynamic environment, particularly
influencing training convergence. There are several policies,
including the Epsilon-greedy policy [28], the SoftMax pol-
icy [16], and the Boltzmann exploration policy [3], among
others. One commonly used policy is the ε-greedy policy,
which balances exploration and exploitation by selecting a
random actionwith probability ε and choosing the action that
maximizes the expected reward with probability 1 − ε. The
ε-greedy policy is expressed as

a(k) =
⎧⎨
⎩
random action with prob. ε

argmax
a∈A

Q(s(k), a;wc) with prob. 1 − ε.
(17)

However, the ε-greedy policy can face challenges with con-
vergence speed due to its reliance on uniformly random
actions for exploration. To address this issue and reduce train-
ing time, an enhanced version called the decaying ε-greedy
strategy has been developed. This approach aims to improve
convergence by gradually decreasing the exploration prob-
ability over time, which in turn increases the probability of
exploitation [19].

The decaying ε-greedy strategy can be expressed as

ε(k + 1) = max
{
εmin, ε(k)Rdecay(k)

}
, (18)

where εmin ≥ 0 is the minimum probability for explo-
ration, and 0 ≤ Rdecay(k) ≤ 1 is the decay function. While
the decaying ε-greedy strategy accelerates convergence by
gradually reducing the probability of exploration, it also
increases the risk of the algorithm getting trapped in a local

optimum as the agent may no longer sufficiently explore
alternative actions when ε becomes too low. To address this
limitation and prevent repeated or suboptimal choices, we
incorporate a temperature function in the proposed DAC
algorithm, which is inspired by simulated annealing (SA)
and generalized annealing principles [29, 30]. The purpose
of this mechanism is to regulate exploration diversity in our
high-dimensional continuous action space, where uniformly
random exploration in conventional ε-greedy strategies can
be inefficient and poorly scaled. This mechanism evaluates
trial actions using the energy-based criterion and updates
to preserve exploration diversity. From a theoretical per-
spective, annealing introduces a temperature schedule that
encourages broader exploration at early stages and gradu-
ally shifts toward exploitation as the temperature decreases,
which helps escape local optima in non-convex landscapes.
This operation enables the agent to explore the solution
space more broadly and escape local optima, especially dur-
ing early training stages when the temperature is high. The
expected impact is more stable convergence and improved
performance compared to conventional method.

It should be noted that the ε-greedy policy serves as
a baseline in the proposed DAC algorithm. However, the
exploratory action selected with probability ε is not uni-
formly random as in conventional ε-greedy strategies, but
is instead generated and accepted through a temperature-
guided energy evaluationmechanism that explicitly accounts
for exploration diversity and the structure of the action space.

Let ã(k) be the action determined by the temperature
function. To determine ã(k), we first select a trial action
ta(k) randomly. The trial jump distance between the pre-
vious action (a(k − 1)) and the current trial action (t̃a(k)) is
defined as
a(k) = ‖t̃a(k)−a(k−1)‖ by using the distorted
Cauchy-Lorentz visiting distribution [30], where ‖.‖ is the
Euclidean norm. And we calculate the energy function E(k),
representing the difference in jump distances at time k and
k − 1, which is given by

E(k) = fq(
a(k)) − fq(
a(k − 1)). (19)

This mechanism allows the agent to favor action updates that
preserve exploration diversity, thereby facilitating broader
search of the solution space during early training stages.
Here, the temperature function f (·) is defined based on the
visiting parameter q as

fq (
a(k)) = (Tq(k))
− d

3−q

[1 + (q − 1) (
a(k))2

(Tq (k))
2

3−q
] 1
q−1+ d−1

2

, (20)

where d = dim(A) is the dimension of the action space,
and Tq(k) = Tq(0) 2q−1−1

(1+k)q−1−1
is the artificial temperature,
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which decreases as time k increases. The visiting parameter
q controls the exploration characteristics, where q > 1 gen-
erates heavy-tailed distributions for diverse exploration and
q approaching 1 promotes exploitation.

The temperature function improves learning by evaluating
energy difference E(k) in (19), which measures exploration
diversity changes. In our work, when E(k) ≥ 0, ã(k) is
selected as t̃a(k); otherwise, another trial action is ran-
domly chosen until E(k) ≥ 0 is satisfied. By doing this, the
algorithm accepts actions that maintain exploration diver-
sity, preventing premature convergence and providing more
intelligent exploration than uniform random sampling in the
standard exploration mechanism.

For exploitation, thenext action is selectedbasedon themaxi-
mumexpected reward using theQ-value functionwith proba-
bility 1−ε,which is givenbya(k) = argmax

a∈A
Q (s(k), a;wc).

To sum up, the proposed temperature function based
policy update procedure, which differs from conventional ε-
greedy exploration bygenerating exploratory actions through
a temperature mechanism rather than uniform random sam-
pling, is expressed as

a(k) =
⎧⎨
⎩
ã(k), with prob. ε,

argmax
a∈A

Q (s(k), a;wc) , with prob. 1 − ε.
(21)

3.4 The operational procedure of the proposed
DAC-temp algorithm

Algorithm 1 Pseudo code of the proposed DAC-Temp.
1: initialization:
2: initial weight of actor network wa
3: initial weight of critic network wc
4: initial temperature function fq
5: initial replay memory, D
6: while not converge:
7: observe state s(k)
8: loop:
9: random a trial action, ã(k)
10: update temperature function, fq (
ã(k))
11: calculate energy function, E(k)
12: if E(k) ≥ 0:
13: select action as a(k) = ã(k)
14: break loop
15: observe next state s(k + 1), and reward r(k)
16: store (s(k), a(k), r(k), s(k + 1)) in D
17: if D is full:
18: compute target value

Qtarg = r(k) + γmax
a∈A Q (s(k + 1), a;wc)

19: compute loss function
L (wc) = 1

2

(
Qtarg − Q (s(k), a(k);wc)

)2
20: compute policy function

P (wa) = E
[
logπ (a|s(k);wa) Q (s(k), a(k);wc)

]
21: update weight of actor and critic network

wc ← wc − η∇wc L (wc)

wa ← wa − η∇wa J (wa)

The procedure for the proposed DAC-Temp combined with
the temperature function (DAC-Temp) is outlined as follows.
Figure 3 illustrates the overall architecture of the proposed
DAC-Temp framework, highlighting the temperature-guided
action selection, experience storage, and network update pro-
cess. First, an agent located on an LEO satellite is responsible
for training the DAC-Temp model. The agent collects chan-
nel information from all communication links, including the
channel gain from the LEO satellite to HAPs (GLEO,h(k)),
the LEO satellite to UAVs (GLEO,u(k)), the LEO satellite to
GUs (GLEO,g(k)), HAPs to UAVs (Gh,u(k)), HAPs to GUs
(Gh,g(k)), and UAVs to GUs (Gu,g(k)). This collected chan-
nel information serves as the input data, or state (s(k)), for
the DAC-Tempmodel. After that, the agent interacts with the
environment by taking an action using the temperature func-
tion based policy in (21).With the current state (s(k)) and the
selected action, the agent observes the next state (s(k + 1))
and the reward (r(k)), and stores them in the replay mem-
ory (D). When the replay memory (D) is full, the agent
trains the DAC-Temp model following the training process
of the DAC algorithm by computing the target value (Qtarg),
the policy function (P(wa)), and the loss function (L(wc)).
Finally, the weights of the actor and critic networks (wa and
wc) are updated using the stochastic gradient descent (SGD)
algorithm with the learning rate η, until convergence. Algo-
rithm 1 shows the details of the pseudo code for the proposed
DAC-Temp algorithm.

3.5 Comparative algorithms for SAGIN coverage
optimization

To benchmark the effectiveness of our proposed DAC-Temp
algorithm, we compare it with five alternative algorithms:
DAC, SAC, DDPG, GA, and GS. These methods are
adapted to solve the same joint optimization problem. DAC
is included as the closest structural baseline to the pro-
posed method, sharing the same actor-critic architecture
but without the temperature-guided exploration mechanism,
which provides the direct impact of the temperature function
to be isolated. SAC and DDPG are selected as repre-
sentative actor-critic DRL methods with different policy
learning and exploration strategies, serving to verify that
the proposed DAC-Temp outperforms alternative learning-
based control approaches. In contrast, GA and GS represent
classical population-based and gradient-based optimization
techniques that are widely used for non-convex problems,
providing non-learning baselines for assessing performance
gains and scalability.

3.5.1 Deep actor-critic

This method follows the same actor-critic architecture as
our proposed DAC-Temp algorithm. The structural design of

123



161 Page 10 of 17 Journal of King Saud University Computer and Information Sciences (2026) 38 :161

Fig. 3 Flowchart of the proposed DAC-Temp algorithm

DAC includes two core components: an actor network and a
critic network. The actor networkmaps the observed environ-
ment state to action, which determines the positions of aerial
nodes, beamforming directions, bandwidth allocation, and
transmit power. The critic network evaluates these actions
by estimating the value function, which guides the learning
of the actor. Unlike DAC-Temp, which uses a temperature-
basedmechanism for adaptive exploration, this baselineDAC
implementation relies on a conventional ε-greedy strategy.
The ε value decays over time to balance exploration and
exploitation during training. The state and action spaces and
reward formulation remain consistent with those defined in
Section 3. DAC updates its policy through advantage estima-
tion derived from the critic’s feedback, enabling the agent to
iteratively refine its decisions by interacting with the envi-
ronment. This architecture allows DAC to jointly optimize
multiple system parameters while learning directly from
experience.

3.5.2 Soft actor-critic

SAC is a DRL algorithm that uses a stochastic policy
to explore the action space. Unlike DAC, which outputs
deterministic actions, SAC models its policy as a proba-
bility distribution over actions [8]. At each decision step,
actions are sampled from this distribution rather than directly
selected, allowing the agent to maintain exploration through-
out training. In this work, the SAC architecture consists of an
actor network, two Q-value networks (critics), and a separate
value network. The actor network learns a stochastic policy
by outputting the parameters of a probability distribution.
The two Q-value networks help mitigate overestimation bias
by selecting the minimum predicted value during updates.
The value network estimates the expected return of the cur-
rent state under the policy. All networks are updated using
experience replay and soft target updates. SAC optimizes an
entropy-augmented objective function that encourages the
policy to maximize both reward and entropy. This entropy
termhelps exploration by allowingmore diverse action selec-
tion. The key structural difference from DAC lies in SAC’s
use of this maximum entropy framework, which simultane-
ously maximizes expected return and randomness in action
selection. While this strategy improves performance in com-
plex environments with many optimal policies, it may lead
to slower convergence in simpler or low-variance tasks due
to sustained exploration [22].

3.5.3 Deep deterministic policy gradient

DDPG is an actor-critic algorithm developed for contin-
uous control tasks. In this work, the structural design of
DDPG consists of four neural networks: an actor network
that deterministically maps states to actions, a critic network
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that estimates Q-values, and their respective target networks
that are used to stabilize training. These target networks are
updated slowly to reduce the variance in value estimates and
prevent instability [35]. UnlikeDAC,which uses an ε-greedy
strategy for exploration, DDPG introduces temporally cor-
related noise to the action output during training using the
Ornstein-Uhlenbeck process. This allows smoother explo-
ration trajectories. The actor network is trained to maximize
the expected Q-value predicted by the critic, and the critic
is updated by minimizing the temporal difference (TD) error
using experience replay. While DDPG can achieve strong
performance in high-dimensional continuous spaces, it is
often more sensitive to hyperparameters and exploration
quality, which can limit its robustness in complex or noisy
environments [2].

3.5.4 Genetic algorithm

GA is a population-based metaheuristic inspired by the
process of natural selection [15].We aim to optimize the cov-
erage of SAGIN by jointly controlling the location of aerial
devices, transmit power, beamforming direction, and band-
width allocation. To address this problem,we implementGA,
which provides an evolutionary approach to finding near-
optimal solutions. The GA implementation for our SAGIN
coverage optimization is detailed as follows [1].

Step-1) Initialization: A population of size Z is randomly
initialized. Each individual solution z ∈ Z encodes a candi-
date action az .

Step-2) Fitness Evaluation: Each action is evaluated based
on the reward r(t), which reflects the percentage of connected
GUs satisfying the data rate threshold.

Step-3) Selection: A selection mechanism (tournament
selection) is used to probabilistically favor high-reward
actions for reproduction.

Step-4) Crossover: Selected actions are combined to form
new offspring solutions.

Step-5) Mutation: To maintain diversity and avoid local
optima, each gene in the offspring action az is perturbed
with a small mutation probability μ. This process repeats
over multiple generations until convergence. GA is robust
and requires no gradient information, making it well-suited
for high dimensional black-box optimization. However, it
may require a large number of evaluations to find optimal or
near-optimal solutions.

3.5.5 Gradient search

GS is a local optimization method that relies on computing
the gradient of the reward function with respect to the con-
trolled parameters. In our case, it works as follows.

Step-1) Initialization: The process starts with a randomly
initialized vector az,d ∈ az where d is the element of action.

Step-2) Gradient Computation: At iteration w, the gra-
dient of the reward function r t (az) with respect to each
parameter is approximated using finite differences

∂r(t)

∂az,d
≈ r t (az + κed) − r t (az)

ε

where κ is a small constant and ed is the unit vector in the
d-th direction.

Step-3) Update Step: The action vector is updated via

a(w+1)
z = a(w)

z +η∇r t (a(k)
z )+η

(
∇r t (a(w)

z ) − λ∇�(a(w)
z )

)

where η is the learning rate, λ is the penalty imposed by the
log-barrier and�(a(w)

z ) is the log-barrier penalty function to
maintain feasibility [25].

Step-4) Convergence Check: Stop if the improvement is
below a predefined threshold |r t (a(w+1)

z ) − r t (a(w)
z )| < δ or

a maximum number of iterations W is reached.

3.6 Time complexity analysis

The proposed DAC-Temp model consists of two networks:
the actor network and the critic network. In the deployment
process, the time complexity is determined by the actor net-
work, as the critic network is no longer used to evaluate
actions. The actor network is designed with N neurons in the
input layer, corresponding to the number of elements in the
state, N neurons in each of the L hidden layers, and M neu-
rons in the output layer representing the number of elements
in the action. All layers are fully connected. According to
matrix computations [24], the feed-forward calculations for
the actor network require Nin.×Nhid., (L−1)×Nhid.×Nhid.,
and Nhid. × Mout. computation steps for the input (in.), hid-
den (hid.), and output (out.) layers, respectively. Therefore,
the time complexity for deploying the DAC-Temp model
is O(N 2 + (L − 1)N 2 + NM). Since N � M , we can
simplify the time complexity of the proposed DAC-Temp as
O(LN 2). The proposed DAC-Temp follows an offline train-
ing and online deployment paradigm. Training is performed
offline, while online deployment uses only the trained actor
network to generate actions through a single feed-forward
inference, which has low latency and support real-time con-
trol.

DDPG and SAC are actor-critic algorithms with a struc-
ture similar toDAC-Temp.Both use an actor network and one
or more critic networks. During deployment, only the actor
is used. The main difference lies in the number of critic net-
works and the update rules during training. Since deployment
only relies on the actor network, the inference complexity of
DDPG and SAC is also O(LN 2), assuming a similar archi-
tecture size.
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Fig. 4 Optimized coverage of
GUs in Jeju Island under
DAC-Temp. Green circles
denote connected GUs (meeting
the 1 Mbps threshold), blue
crosses denote disconnected
GUs, and the LEO beam center,
HAPs, and UAVs are indicated.
DAC-Temp places HAPs/UAVs
near the boundary of LEO
coverage to reinforce dense,
weak-link regions. Some edge
users remain disconnected due
to limited bandwidth

GS is a deterministic optimization method that iteratively
adjusts control parameters to maximize the objective. The
computational complexity of GS depends on the number
of parameters being updated and the number of iterations
required for convergence. Let D denote the total number
of parameters and W be the number of iterations required
to reach a given convergence threshold δ. In each iteration,
computing the gradient and updating parameters incurs a cost
of O(D). Hence, the total computational complexity of GS
can be represented as O(T × D).

GA is a population-based metaheuristic inspired by bio-
logical evolution. It explores the search space by applying
selection, crossover, and mutation operators to a population
of candidate solutions. Let Z denote the population size,
W the number of generations, and D the number of con-
trol parameters (decision variables). Evaluating the fitness
function for each candidate requires O(D) leads to a per-
generation complexity of O(Z × D). Therefore, the overall
complexity of GA across all generations is O(Z × W × D).

4 Performance evaluations

In this section, we evaluate the performance of the proposed
DAC-Temp algorithm against several baseline methods for
SAGIN coverage optimization. These include three DRL
algorithms such as DAC, DDPG, and SAC, as well as two
traditional optimization methods including GA and GS. All
methods are tested under the same simulation setup based on
a realistic urban-scale environment over Jeju Island, South
Korea. This comprehensive comparison allows us to assess
the effectiveness and robustness of DAC-Temp in maximiz-
ing user coverage while satisfying system constraints. In this

simulation, Jeju Island is represented as a polygon �, which
is approximated using publicly available satellite and street
imagery from Google Maps. The boundary of the island is
manually outlined to construct the simulation region. GUs
are synthetically generated along the extracted road network
using a Poisson point process, with up to 8000 GUs consid-
ered to represent dense deployment scenarios. This approach
preserves key geographic features and realisticGUclustering
constrainedby actual street layouts, rather than assuminguni-
form spatial distributions. Figure 4 illustrates the constructed
polygonal region of Jeju Island and the density heatmap of
GUs distributed along the road network. The simulations are
performed on a computer equipped with an AMD Ryzen 5
3600 CPU and an NVIDIA GeForce RTX 2080 Ti GPU.

Table 2 Simulation environment setup

Parameters Value

Altitude of LEO satellite, ZLEO 340 Km

Altitude of HAPs, ZH AP 10 Km

Altitude of UAVs, ZU AV 1 Km

Number of HAPs, H 2 devices

Number of UAVs, U 3 devices

Polygon Region, � Jeju Island

Maximum antennas gain of transmitters, Gmax 30 dB

Maximum power of transmitters,
(PLEO

max ,PH AP
max ,PU AV

max )
32 dBm

3dB angle of LEO satellite, θLEO,3dB 1 Degree

3dB angle of HAPs, θh,3dB 10 Degree

3dB angle of UAV, θu,3dB 30 Degree

Noise power AWGN, σ 2
A -100 dBm

Minimum data rate threshold, Rmin 1 Mbps
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Table 2 provides a summary of the simulation environment
and configuration.

The proposed DAC-Temp model employs the Rectified
Linear Unit (ReLU) activation function for all neurons in the
hidden layers of both the actor and critic networks. ReLU
is widely used in neural networks due to its simplicity and
effectiveness in handling the vanishing gradient problem. To
update the weights of all neurons, we use stochastic gradient
descent (SGD)with backpropagation, which adjusts network
weights incrementally based on the gradient of the loss func-
tion. To ensure fair comparison, all DRL baselines including
DAC,SAC, andDDPGuse identical hyperparameters includ-
ing learning rate, discount factor, network architecture, and
initialization settings as shown in Table 3, allowing the effect
of the temperature-based exploration mechanism to be iso-
lated. The same random seeds are used across all DRL
methods to eliminate initialization bias, all methods adopt
the same decaying ε-greedy exploration strategy, and each
method is evaluated over multiple independent runs to assess
statistical robustness.

Figure 4 illustrates the optimized beam coverage achieved
by the DAC-Temp algorithm when serving 8000 GUs across
Jeju Island. In the figure, green circles represent GUs that are
successfully connected, each receiving at least the minimum
data rate of 1 Mbps, while blue crosses indicate GUs that
could not be served due to limited resources. The HAPs and
UAVs are distributed toward the outer regions of the LEO
satellite beam coverage. This placement strategy demon-
strates how the DAC-Temp algorithm dynamically adapts
to GU density by placing transceivers where they are most
needed typically near the boundaries of LEO’s direct cover-
age, where GU density is high but link quality is weaker. By
optimizing both node placement and resource allocation, the

Table 3 DRL algorithms setup

Parameters Value

Learning rate, η 0.0001

Discount factor, γ 0.99

Replay memory size 10000

Batch size 1024

Number of hidden layer for actor network 10 layers

Number of hidden layer for critic network 10 layers

Activation function ReLU

Optimizer SGD

Soft update factor, τ 0.005

Initial exploration, ε0 0.20

Minimum exploration, εmin 0.05

Exploration decay rate, Rdecay 0.995

Training episodes 1000

Device GPU

Fig. 5 Convergence performance of DAC-Temp compared to DAC,
SAC, and DDPG: episodic reward versus training episodes. DAC-Temp
achieves higher reward and stabilizes within 160 episodes, indicating
faster and more stable learning

algorithm significantly improves overall connectivity. How-
ever, due to the large number of GUs and limited bandwidth,
some GUs located at the distant edges remain disconnected.
This outcome highlights the practical limitations of the sys-
tem under constrained capacity, while also showcasing the
effectiveness of the proposed algorithm in maximizing cov-
erage under high-demand conditions.

Figure 5 presents the convergence behavior of the pro-
posedDAC-Tempalgorithmcompared to three baselineDRL
methods: DAC, SAC, and DDPG. The y-axis represents the
episodic reward obtained during training, while the x-axis
shows the number of training episodes. As observed, DAC-
Temp consistently achieves higher rewards across episodes
and converges faster than the other methods. The reward
curve of DAC-Temp stabilizes within the first 160 episodes,
which indicates improved learning efficiency and reduced
variance during exploration. In contrast, DAC, SAC, and
DDPG show slower convergence and greater fluctuations in
reward, particularly in early training stages. This highlights
the benefit of incorporating temperature-based exploration,
which helps DAC-Temp to balance exploration and exploita-
tion more effectively during learning.

Figure 6 shows the performance of various optimiza-
tion algorithms in connecting 1000 GUs, measured by the
percentage of GUs successfully connected across a band-
width range of 50 MHz to 110 MHz. Here the number of
generated GUs is fixed in this experiment, and only the
total bandwidth is varied. As the total bandwidth increases,
all algorithms show improved GUs connectivity, highlight-
ing the importance of bandwidth as an important resource
in coverage optimization. DAC-Temp consistently outper-
forms the other algorithms, achieving the highest percentage
of connected users at each bandwidth level. This suggests
that its temperature-based exploration mechanism enables
better policy learning for optimizing user coverage. Other
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Fig. 6 The performance of
various optimization algorithms
in connecting 1000 GUs,
measured by the percentage of
GUs successfully connected
across a bandwidth range of 50
MHz to 110 MHz

DRL-based methods perform similarly and exhibit steady
improvements with increasing bandwidth, although their
gains are slightly lower than DAC-Temp. GA shows compet-
itive performance, especially at higher bandwidths, where it
closely matches the DAC-Temp. In contrast, GS performs
significantly worse across all bandwidth levels. The rea-
son lies in its deterministic, gradient-based nature, which
makes it prone to getting trapped in local minima in high-
dimensional spaces like our problem. Furthermore, GS lacks
the exploratory behavior necessary to escape suboptimal
solutions.

Figure 7 shows how the total data rate changes as the
number of generated GUs increases, with the bandwidth
set to 100 MHz, the total bandwidth is fixed at 100 MHz

Fig. 7 Percentage of connected GUs versus the number of generated
GUs (1000-8000) at a fixed total bandwidth of 100 MHz. DAC-
Temp maintains the highest connectivity as user density increases. GA
plateaus beyond around 6000GUs.GSdegrades rapidly andDRL-based
baselines degrade less but remain below DAC-Temp

in this experiment, and only the number of generated GUs
is varied. As user density increases, the network becomes
more congested,whichmakes it harder tomaintain consistent
connectivity across all GUs. Among all the methods, DAC-
Temp consistently achieves the highest connectivity, as its
temperature-guided exploration enables adaptive refinement
of control actions under increasing GU density. GA main-
tains competitive performance up to 6000GUs but eventually
stops improving due to its static population-based search,
while GS degrades rapidly as GU density increases, reflect-
ing its limitations in adaptability and scalability. In contrast,
DRL-basedmethods handle growing complexity by continu-
ously adjusting to dynamic environments. Overall, the figure
shows that while all algorithms degrade under heavier loads,
DAC-Tempmaintains the highest level of connectivity,which
makes it more suitable for dense and dynamic SAGIN envi-
ronments.

Figure 8 illustrates how the total data rate changes as
the number of generated GUs increases, with the bandwidth
set to 100 MHz. In this experiment, the total bandwidth
is fixed to 100 MHz, and the2 umber of GUs is varied to
evaluate throughput scaling under denser GU deployments.
The proposed method, particularly DAC-Temp, consistently
achieves higher data rates across all user scales due to its
adaptive learning capabilities. Traditional methods like GA
perform well but begin to lag slightly as the number of
users grows. In contrast, GS shows the lowest performance at
higher user densities due to its local search behavior and lim-
ited adaptability. Overall, DRL methods demonstrate better
scalability and throughput in dense SAGIN scenarios.

Table 4 reports the mean performance, variance, and 95%
confidence intervals (CI) over 100 independent runs. Heuris-
tic methods such as GA and GS exhibit lower variance due
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Fig. 8 Total data rate versus the
number of generated GUs at a
fixed total bandwidth of 100
MHz. DAC-Temp sustains the
highest throughput across
scales. GA performs well but
lags as the number of GUs
grows. GS performs worst at
high densities. DRL methods
show better scalability overall

to their deterministic or population-based search processes.
However, GS converges to suboptimal solutions, while GA,
although competitive in terms of performance quality, suffers
from limited scalability and long execution time in dynamic,
high-dimensional SAGIN environments. In contrast, DRL-
based methods inherently exhibit higher variance due to
stochastic exploration. The proposed DAC-Temp achieves
a favorable balance by reducing variance relative to standard
DRLbaselines, demonstrating improved stability and consis-
tent performance which benefits from the temperature-based
exploration mechanism.

5 Conclusion

In this paper, we addressed the challenge of optimizing cov-
erage in SAGIN by jointly adjusting the placement of HAPs
and UAVs, transmit power, bandwidth allocation, and beam-
forming direction. To solve the problem, we proposed a DAC
algorithm combined with a temperature-based exploration
mechanism (DAC-Temp) to improve exploration and reduce
training time. To validate our approach, we conducted sim-
ulations and compared DAC-Temp against several baseline

Table 4 Statistical performance comparison over 100 independent runs

Method Mean (%) Variance 95% CI

DAC-Temp 83.0 1.64 [82.75, 83.25]

DAC 80.9 2.19 [80.61, 81.19]

DDPG 80.1 2.36 [79.80, 80.40]

SAC 79.8 2.55 [79.47, 80.13]

GA 81.8 0.86 [81.65, 81.95]

GS 72.0 0.75 [71.87, 72.13]

methods, including two traditional optimization techniques
such as GA and GS as well as several DRL algorithms,
namely standard DAC, SAC, and DDPG. The experimen-
tal results conducted over Jeju Island, South Korea, showed
thatDAC-Temp consistently outperformed all baselinemeth-
ods in terms of coverage, convergence speed, and bandwidth
efficiency due to its adaptive temperature-based exploration
mechanism that effectively handles increasing GU density
and dynamic network conditions. Overall, this study presents
a scalable and efficient solution for improving global com-
munication in SAGIN networks. By leveraging intelligent
control of aerial nodes and advanced reinforcement learn-
ing techniques, our work contributes to the development of
adaptive, high-performance communication infrastructure.

For future work, we plan to explore more dynamic net-
work environments by incorporating GU and aerial platform
mobility, as well as mobility-induced handover mechanisms
under varying traffic demands. In addition, we plan to extend
the framework to support multi-agent collaboration between
aerial platforms, which enables decentralized learning and
decision-making. Integrating energy constraints, fairness
metrics, and real-time traffic prioritization is also promis-
ing directions to further enhance the practical applicability
of the proposed approach in next-generation SAGIN.
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