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Abstract—The increasing demand for ultralow-latency and
high-throughput communication necessitates network architec-
tures capable of ensuring reliable real-time connectivity. To
address this requirement, integrated architectures combining
terrestrial networks (TNs) and non-TNs (NTNs)—particularly
hierarchical multilayer satellite systems composed of geosta-
tionary Earth orbit (GEO), medium Earth orbit (MEO), and
low Earth orbit (LEO) satellites—have attracted considerable
attention. Such hierarchical systems offer global coverage, low
latency, and high capacity. However, their highly dynamic topol-
ogy, fast-moving satellites, and fluctuating link quality pose
significant challenges to establishing efficient end-to-end (E2E)
routing paths. Traditional routing methods based on static paths
or centralized control lack the adaptability required for such
environments. To address these challenges, this article introduces
a neural hierarchical reinforcement learning (HRL)-based rout-
ing algorithm for satellite networks. The framework exploits the
layered structure of GEO, MEO, and LEO satellites, enabling
gateway-assisted routing and adaptive path selection. Control
responsibilities are distributed across orbital layers: the GEO
layer allocates hop-count budgets, the MEO layer selects feasible
LEO paths, and the LEO layer forwards data packets. When
intersatellite links (ISLs) are unavailable, terrestrial gateways
provide alternative routes. Routing decisions further account
for satellite-to-satellite and satellite-to-ground link quality, with
an E2E delay-based reward function capturing transmission,
processing, and propagation effects. Simulation results show
that the proposed neural hierarchical framework, supported
by integrated terrestrial and nonterrestrial networking, achieves
faster convergence, greater route stability, and better adaptability
than conventional routing algorithms and HRL approaches.

Index Terms—Coexistence system, nonterrestrial network
(NTN), reinforcement learning (RL), routing, satellite commu-
nication.
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I. INTRODUCTION

A. Background and Motivation

RECENT advancements in real-time services, including
autonomous driving and extended reality, have intensi-

fied the need for ultralow-latency and high-throughput commu-
nications. Supporting these services requires a communication
infrastructure capable of providing reliable connectivity and
high availability without spatial or temporal constraints. How-
ever, traditional terrestrial network (TN) face limitations
in ensuring coverage in areas with challenging terrain or
underdeveloped infrastructure. As a result, integrated network
architectures that combine TN and non-TN (NTN) components
have gained increasing attention [1]. In particular, megacon-
stellations composed of thousands of low Earth orbit (LEO)
satellites are being actively deployed to extend coverage to
underserved regions, such as oceans, deserts, and mountainous
areas, positioning themselves as key enablers for delivering
truly global communication services [2]. Given the increasing
relevance of NTN–TN integration, substantial research efforts
have been directed toward optimizing routing, resource allo-
cation, and link reliability in such hybrid NTN–TN networks
[3], [4], [5], [6], [7], [8].

Commercial satellite systems, including Starlink, OneWeb,
and others, aim to complement TNs by providing global
coverage with high throughput and low latency [9]. Despite
these advantages, large-scale LEO-based satellite networks
inherently exhibit highly dynamic and time-varying topolo-
gies due to fast satellite mobility, limited visibility windows,
constrained intersatellite links (ISLs), and distributed traffic
patterns [10], [11]. These characteristics pose significant chal-
lenges in configuring stable end-to-end (E2E) routing paths,
leading to frequent route fluctuations, accumulated latency, and
degraded reliability.

Traditional routing methods typically rely on localized
decision-making at individual satellites or on periodic/event-
driven path reconfiguration. While effective in static or
semi-static settings, such strategies fall short in environ-
ments where link availability and traffic demand fluctuate
rapidly. These limitations often result in excessive hop counts,
repeated routing through congested zones, and increased queu-
ing delays. Moreover, reliance solely on ISLs restricts routing
flexibility, especially under partial link failures or frequent
topology changes. In addition, placing full routing responsibil-
ities on individual satellite nodes, including path computation,
link state monitoring, and traffic control, imposes a significant
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computational burden. Considering the limited processing and
memory resources available on satellite platforms, this burden
can lead to inefficiencies in routing table management and
increased control signaling overhead, thereby degrading the
scalability and overall performance of the network. Although
some prior studies have proposed centralized software-defined
networking frameworks and distributed Dijkstra-based routing
algorithms, these approaches often fall short of capturing the
inherently decentralized and rapidly changing nature of LEO
satellite systems. In many cases, they also fail to leverage ter-
restrial gateways effectively, missing opportunities to enhance
routing flexibility and reduce E2E delay through gateway-
assisted detour paths.

Recent studies have, therefore, explored hierarchical and
hybrid network architectures that exploit multiorbit satellite
constellations, demonstrating notable gains in latency reduc-
tion, channel allocation, and task scheduling [12], [13], [14],
[15]. Building on this trend, a globally coordinated and
hierarchical routing architecture is required. Such an approach
should enable dynamic path updates based on network con-
gestion or routing inefficiency, while leveraging terrestrial
gateways as alternative detour paths to reduce latency and
enhance routing diversity. To this end, this article proposes
a hierarchical reinforcement learning (HRL)-based routing
framework leveraging neural networks and exploiting the
inherently hierarchical multilayer satellite architecture, con-
sisting of geostationary Earth orbit (GEO), medium Earth
orbit (MEO), and LEO satellites, while incorporating gateway-
assisted detour routing and signal-aware path optimization.

B. Contributions

Motivated by the limitations of conventional LEO routing
methods, including excessive hop counts, congestion-prone
routes, and limited adaptability to frequent topology changes,
this article aims to develop a routing mechanism that is adap-
tive, scalable, and resilient to the constraints of LEO-based
satellite constellations. In pursuit of this objective, we propose
a hierarchical hybrid double deep Q-network (H2DDQN), a
reinforcement learning (RL) framework designed to exploit
the inherently hierarchical GEO–MEO–LEO satellite net-
work architecture. In particular, the algorithm incorporates
angular constraints into both the decision-making process
and the reward function to ensure that next-hop selections
satisfy line-of-sight and pointing requirements, thereby pro-
ducing routing decisions via a neural-network-based policy
that leverages angular information, hereafter referred to as
neural angular routing. Furthermore, the framework integrates
link-quality-aware decisions with angle-constrained minimum-
path strategies and gateway-assisted path diversity, where the
hybrid aspect lies in jointly considering neural angular routing
and link-quality optimization to achieve robust and efficient
routing.

The key contributions are summarized as follows.
1) HRL-Based Routing Framework: We propose a scalable

routing architecture, implemented as the H2DDQN algo-
rithm, that leverages the hierarchical GEO–MEO–LEO
satellite network structure to separate decision-making
across orbital layers. This enables distributed control,

reduced computation per node, and better adaptation to
the dynamics of satellite networks.

2) Gateway-Assisted Detour Routing: The framework
leverages terrestrial gateways as alternative relays when
ISLs are degraded or unavailable, improving robustness
and reducing E2E delay.

3) Delay- and Quality-Aware Reward Design: The reward
function considers E2E, including transmission, process-
ing, and propagation, and reflects signal strength from
both satellite and ground connections, enabling signal-
aware learning and optimization.

4) Adaptive Weight-Based Path Selection: Dynamically
adjusts the weighting between link quality and path
length based on altitude and packet size, ensuring opti-
mal routing across varying conditions.

C. Organization

The structure of this article is as follows. Section II surveys
existing routing algorithms and related studies on satellite
communication networks. Section III outlines the proposed
system architecture and describes the integrated NTN–TN
coexistence system model. Section IV defines the gateway-
assisted routing problem and elaborates on its motivation and
benefits. Section V introduces the hierarchical routing algo-
rithm and presents its structural and implementation aspects.
Section VI conducts a performance evaluation of the proposed
method based on simulations. Finally, Section VII concludes
the article.

II. RELATED WORK

Satellite network routing has historically been dominated
by static or predictive approaches. Traditional methods, such
as shortest-path routing and graph-based algorithms, utilize
orbital prediction data to precompute link availability and
establish routes using snapshot-based mechanisms. These
techniques have been widely adopted in studies addressing
ISL topologies in LEO mega-constellations, delay modeling,
link-aware architectures, and service-aware routing for quality-
of-service guarantees [16], [17], [18], [19]. A recent survey on
dynamic routing in integrated satellite–TNs further emphasizes
the relevance of these conventional schemes [20]. However,
such methods are inherently limited in adapting to dynamic
environments, such as sudden link failures or traffic surges,
and often lack scalability and flexibility in large-scale network
deployments.

To overcome these limitations, RL-based routing has
emerged as a compelling alternative. By interacting with
the environment and learning from feedback in the form
of rewards, RL agents can dynamically adapt routing poli-
cies to varying link conditions and traffic demands. Notable
examples include DQN-based routing strategies [21], link-
attribute-aware decision models leveraging ISL signal-to-noise
ratio (SNR) and duration [22], quality-of-experience-centric
handover schemes [23], and AI-driven satellite network con-
trol architectures [24]. In addition, Markov decision process
(MDP)-based angle-aware routing has introduced the use of
angular relationships between satellites to enhance candidate
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selection mechanisms [25]. Nevertheless, most existing stud-
ies adopt flat RL architectures, which suffer from degraded
learning performance and convergence issues as the state and
action spaces expand.

To address these challenges, hierarchical frameworks have
gained attention for their ability to decompose the learn-
ing process across multiple control layers [14], [26], [27],
[28]. In particular, HRL decouples high-level decision mak-
ing from local control by employing a meta-controller and
multiple subcontrollers, thereby improving scalability and
sample efficiency. Region-based HRL implementations have
been proposed for ultradense free-space optical (FSO) satel-
lite networks, separating link-level operations from regional
coordination to mitigate the limitations of flat architectures
[29], [30].

Simultaneously, optical ISLs have attracted growing interest
due to their high directivity, broad bandwidth, and low prop-
agation delay, offering a promising alternative to traditional
radio frequency communication. However, FSO links are
sensitive to pointing errors, weather conditions, and potential
obstructions. To address these constraints, recent studies have
incorporated beam divergence, pointing inaccuracy, and SNR-
based reliability metrics into the modeling and optimization
of FSO-based routing schemes [31], [32], [33], [34]. Further
works have evaluated FSO performance under various tur-
bulence models, providing deeper insight into their practical
viability [35], [36], [37], [38], [39].

Despite these advances, a unified routing framework that
incorporates a hierarchical GEO–MEO–LEO architecture,
integrates terrestrial gateways, and jointly applies angle-based
path optimization with delay-driven reward modeling remains
largely unexplored. To this end, this work proposes a novel
HRL-based routing strategy that embraces structural hierarchy,
spatial awareness, and communication efficiency to enable
robust, scalable, and delay-optimized routing in integrated
satellite–TNs.

III. SYSTEM MODEL

This section introduces the overall system model of the
integrated NTN–TN network and defines the associated chan-
nel and loss models for each communication path. These
definitions provide the foundation for the routing strategies
presented in the subsequent sections.

A. Satellite–Terrestrial Gateway Modeling

Accurate modeling of satellite-to-ground gateway commu-
nication requires consideration of atmospheric conditions. This
section defines the primary sources of signal degradation
and the corresponding parameters. The total path loss in a
satellite–ground link is composed of free-space loss, atmo-
spheric attenuation, and scattering loss, and is given by

LGS = PLfs · Latm · Lsca (1)

where PLfs represents the free-space path loss, Latm denotes
the atmospheric absorption loss, and Lsca accounts for the
scattering-induced attenuation. The free-space path loss is
calculated as follows:

PLfs =

�
λ

4πdgs

�2

(2)

Fig. 1. Integrated TN and NTN links.

where λ is the signal wavelength, and dgs is the slant distance
between the satellite and the gateway. The slant distance dgs
between the satellite and the ground gateway, as illustrated in
Fig. 1, is expressed as follows:

dgs =

q
(RE + ha)2 − R2

E cos2 θa − RE sin θa (3)

where RE is the Earth’s radius, ha denotes the satellite altitude,
and θa is the elevation angle between the satellite and the
ground gateway [40].

As optical signals traverse the atmosphere, they undergo
attenuation due to absorption and scattering by atmospheric
constituents, such as oxygen, water vapor, and aerosols. This
extinction loss is modeled using the Beer–Lambert law as
follows:

Latm = 10 log10

�
exp [−α (λ) · dATM]

�
= −α (λ) · dATM ·

10
ln 10

(4)

where α(λ) is the extinction coefficient at wavelength λ, and
dATM is the atmospheric path length encountered by the optical
beam.

Scintillation caused by atmospheric turbulence leads to tem-
poral fluctuations in received optical signal intensity, thereby
affecting the outage probability. To quantify this effect, the
fading margin Lsca, based on the log-normal distribution of
the received power, is expressed as follows:

Lsca = 4.343
�

erf−1
�

(2ρthr − 1) ·
q

2 ln
�
1 + σ2

I

� �
−

1
2

ln
�
1 + σ2

I

� �
(5)

where ρthr indicates the target outage probability and σ2
I

represents the normalized variance of the received signal
intensity. This equation yields the required transmitter margin
to achieve reliable link availability under fading conditions.

B. Satellite–Satellite Link Modeling

Due to the absence of atmospheric effects, communi-
cation between LEO satellites can be effectively modeled
using a simplified free-space path loss formulation. This
section defines the distance estimation and loss modeling

Authorized licensed use limited to: AJOU UNIVERSITY. Downloaded on June 13,2026 at 03:51:10 UTC from IEEE Xplore.  Restrictions apply. 



JANG et al.: GATEWAY-ASSISTED NEURAL ANGULAR ROUTING 12325

Fig. 2. Two-line element (TLE) data.

for intraorbital and interorbital plane links. For intersatellite
communication, the total path loss is typically defined by the
free-space component

LISL = PLfs (6)

PLfs =

�
λ

4πdISL

�2

. (7)

1) Intraplane ISL Modeling: The distance between two
satellites positioned at regular intervals within the same orbital
plane can be approximated using spherical geometry based on
the central angle ∆Θ, as illustrated in Fig. 2

dintra
ISL =

q
2(RE + ha)2 (1 − cos ∆Θ) (8)

where RE is the Earth’s radius, ha is the satellite altitude, and
∆Θ represents the angular separation between the satellites
[41]. This model assumes that satellites share the same alti-
tude, follow circular orbits, and are evenly distributed along a
single orbital plane.

2) Interplane ISL Modeling: For satellites in different
orbital planes, the intersatellite distance is derived by account-
ing for their relative positions, orbital inclination, and the
right ascension difference of ascending nodes, all of which
are defined by orbital parameters, as illustrated in Fig. 2. The
distance can then be expressed as follows:

dinter
ISL =

q
2(RE + ha)2 (1 − cos ∆Ψ) (9)

cos ∆Ψ = cos2(∆Ω/2) cos (∆ f ) − cos i sin (∆Ω) sin (∆ f )

− sin2 i sin2 (∆Ω/2) cos (2u + ∆ f ) (10)

where i is the orbital inclination, ∆ f is the phase difference,
∆Ω is the right ascension difference of ascending nodes, and u
is the argument of latitude [42]. This model assumes circular
orbits at equal altitudes and identical inclinations and is used
to compute the precise angular separation between satellites.

C. Integrated NTN–TN System Architecture

The system considered in this study comprises a multilayer
satellite network consisting of GEO, MEO, and LEO satel-
lites, in conjunction with terrestrial gateways. Satellites are
deployed in GEO, MEO, and LEO orbits, each responsible
for distinct functionalities within the network, while ground
gateways are colocated to support satellite connectivity with

terrestrial infrastructure. The entire network is partitioned into
multiple regions, each centered around an MEO satellite and
accompanied by multiple LEO satellites and ground gateways.
A GEO satellite is positioned to encompass all regions and
is responsible for high-level coordination and global control
decisions.

In the proposed hierarchical architecture, LEO satellites and
terrestrial gateways operate as data forwarding and collection
nodes, responsible for relaying packets toward their desti-
nations. MEO satellites function as regional controllers that
manage routing and forwarding within each region. At the top
layer, the GEO satellite acts as a global coordinator, overseeing
all MEO regional controllers and ensuring consistent policy
across regions. This hierarchical role division across GEO,
MEO, LEO, and gateway layers is illustrated in Fig. 3(a).
Routing paths between satellites and gateways may involve
direct intersatellite communication or gateway-assisted rout-
ing, depending on the network state. A representative routing
scenario within the integrated NTN–TN relay topology is
shown in Fig. 3(b).

To quantitatively evaluate the communication performance
of the network, this study adopts the link budget models
introduced in Sections III-A and III-B.

The received power of a satellite-to-ground downlink trans-
mission, Ps,down, is calculated as follows:

Ps,down = PT ,sat · ηT · ηR ·GT ·GR · LPL · LGS (11)

where PT ,sat denotes the satellite transmit power. The transmit
antenna gain, GT , considering a pointing error angle, θT , is
given by

GT =

�
16
θ2

T

�2

(12)

where θT represents the misalignment angle resulting from
pointing inaccuracies. The receive antenna gain GR is defined
as a function of the receive aperture diameter DR and the
wavelength λ

GR =

�
DRπ

λ

�2

. (13)

The pointing loss LPL is given by

LPL = exp
�
−G0θ

2
0

�
(14)

where θ0 is the pointing error angle, and G0 is the Gaussian
beam gain factor expressed as follows:

G0 =
4 ln 2
θ2

3dB
(15)

with θ3dB denoting the 3-dB beamwidth, which characterizes
the beam’s spatial dispersion.

The received power of an uplink from the ground gateway
to a satellite, Ps,up, is similarly calculated as follows:

Ps,up = PT ,gw · ηT · ηR ·GT ·GR · LPL · LGS (16)

where PT ,gw represents the transmit power of the ground
gateway. This formulation is structurally identical to (11) with
the exception of the transmit power source

Ps,isl = PT ,sat · ηT · ηR ·GT ·GR · LPL · LISL (17)
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Fig. 3. Hierarchical satellite–terrestrial integrated network model. (a) Hierarchical satellite system with GEO/MEO agents and NTN–TN relay. (b) NTN–TN
relay topology with gateway-assisted routing paths.

where LSS denotes the free-space path loss between satellites.
The structure of this equation resembles that of (11), with the
final term adapted for intersatellite scenarios.

Using the received power expressions (11), (16), and (17),
the SNR for a link between transmitter a and receiver b is
generalized as follows:

SNR(a,b) =
P(a,b)

s

kBTB
(18)

which represents the power ratio between the received sig-
nal power and the noise power, where kB is Boltzmann’s
constant, T is the receiver noise temperature, and B is the
communication system bandwidth. The term P(a,b)

s represents
the received power for the corresponding transmitter–receiver
pair and applies to the following link types.

1) P(Lj,Gi)
s : Downlink from LEO satellite Lj ∈ {L1, . . ., LJ}

to ground gateway Gi ∈ {G1, . . .,GI}.
2) P(Gi,Lj)

s : Uplink from gateway Gi to LEO satellite Lj.
3) P(Lj,L j′ )

s : ISL between LEO satellites Lj and L j′ .
Using the expression in (18), the primary performance

metric for routing evaluation is defined as the delay, expressed
as follows:

Ddelay =

0BBB@ dhop

c„ƒ‚…
T1

+
p

B log2

�
1 + SNR(a,b)�„ ƒ‚ …

T2

+ Tp„ƒ‚…
T3

1CCCA (19)

where dhop is the distance of the hop, c is the speed of
light, p is the packet size in bits, B is the system bandwidth,
SNR(a,b) is the SNR for the link between nodes a and b,
and Tp is the processing delay per hop. The delay comprises
three components: propagation delay (T1), transmission delay
(T2), and processing delay (T3). This delay model enables a
comprehensive evaluation of routing performance by incorpo-
rating both physical-layer link characteristics and system-level
parameters, thereby reflecting realistic operational conditions
of the hierarchical satellite network.

IV. GROUND GATEWAY-AIDED ROUTING FOR ENHANCED
RESILIENCE

Intersatellite routing is advantageous in terms of low latency
and autonomous operation. However, limited onboard power
constraints can lead to degraded link quality, particularly
when the communication distance is long or the elevation
angle is low. Under such conditions, reduced received signal
strength leads to decreased SNR, increasing the risk of routing
failure or delay. In contrast, ground gateways, supported by
stable power sources and capable of higher transmit power,
can offer improved SNR over the same distance. Thus, in
certain scenarios, detouring through a ground gateway may
provide a more robust and efficient routing option compared
to direct intersatellite communication. This section analyzes
the potential benefits of gateway-assisted routing in enhanc-
ing communication resilience, based on the system model
introduced in Section III, and focuses on leveraging the
power advantage of terrestrial gateways to improve E2E link
reliability and delay performance.

Fig. 4 presents a routing scenario where data is transmitted
from SatA to SatC. Two routing strategies are considered, both
with the same source and destination. The E2E delay for each
route is computed using (19). The routing schemes are as
follows.

Case 1 (ISL-Based Routing): SatA → SatB → SatC . Data
is relayed through an intermediate SatB via ISLs.
Case 2 (Gateway-Assisted Routing): SatA → Gateway→
SatC . Data is first downlinked to a terrestrial gateway and
then uplinked to SatC.

In the simulation, the central angle θc between SatA and
SatC is varied as the control parameter, directly affecting
the routing path and associated transmission characteristics.
The simulation setup considers both ISL-based and gateway-
assisted routing scenarios under varying geometric conditions.
The key physical and system-level parameters used in the
simulation are summarized in Table I. These include transmit
power, optical efficiencies, beam divergence characteristics,
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Fig. 4. E2E path alternatives with and without ground gateway-assisted path.

TABLE I
SIMULATION PARAMETERS [34]

and atmospheric attenuation coefficients for both satellite and
gateway links.

When θc is small, ISL-based routing exhibits superior
delay performance due to shorter propagation distances and
minimal atmospheric effects. As θc increases, however, the
ISL path lengthens more rapidly than the gateway-assisted
path. Beyond a certain threshold, the gateway route becomes
shorter and more efficient. Moreover, the gateway’s higher
transmit power helps compensate for longer distances by
improving the received SNR and transmission rate. Fig. 5
illustrates the E2E delay comparison as a function of θc. For
θc ≤ 12◦, the ISL-based path provides the lowest delay. In
the intermediate range 12◦ < θc < 39.5◦, the gateway-assisted
route achieves better performance due to enhanced SNR and
throughput, despite the longer physical distance. However,
when θc ≥ 39.5◦, the gateway’s elevation angle becomes
too low, causing increased atmospheric attenuation and signal
degradation, thereby making the ISL route preferable once
again.

These results indicate that the optimal routing strategy varies
with link geometry. To minimize E2E delay, dynamic path
selection should consider not only link distance but also factors
such as transmit power, elevation angle, and atmospheric loss.

Fig. 5. E2E delay comparison between ISL and gateway-assisted paths as a
function of central angle θc.

V. PROPOSED ALGORITHM DESIGN

This article presents a routing framework for hierarchi-
cal multilayer satellite networks, implemented using HRL,
leveraging neural networks to overcome the limitations of
conventional routing methods in dynamic satellite environ-
ments. The proposed architecture incorporates a multilayered
structure consisting of GEO, MEO, LEO, and terrestrial
gateways, enabling the division of routing decisions across
three hierarchical levels. This design facilitates decentralized
control while enhancing the scalability and adaptability of
the network. At the top level, GEO satellites act as GEO
controllers, assigning routing budgets to each regional segment
of the network. The middle layer comprises MEO satellites,
which operate as regional controllers that select next-hop
satellites within the given budget, based on angle constraints
and link quality considerations. The bottom layer, formed
by LEO satellites, is responsible for forwarding data packets
toward their destinations. In addition, in scenarios where
ISLs are disrupted or angular requirements are not met, the
framework supports rerouting through terrestrial gateways,
thereby increasing routing flexibility and network resilience
within the hierarchical satellite network architecture.

A. Problem Formulation

In satellite–terrestrial communication systems, the routing
task is to select a path p from the source to the destination that
minimizes the E2E delay over all hops. Each hop delay con-
sists of three components: propagation (T1), transmission (T2),
and processing (T3). Aggregating these components across the
n hops defines the cumulative E2E delay DE2E. Based on
this formulation, the routing problem can be expressed as the
following constrained optimization:

min
p

DE2E =

nX
i=1

 
dhop,i

c
+

p
B log2

�
1 + SNR(ai,bi)

� + Tp

!
(20a)

s.t. SNR(ai,bi) ≥ Γth ∀i ∈ {1, . . . , n} (20b)

θ(ai,bi)
c ≤ θmax ∀i ∈ {1, . . . , n} (20c)

rh ≤ rb ∀r ∈ R (20d)
si+1 ∈ C (si) ∀i < n. (20e)
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Fig. 6. RL-based angular routing strategy.

The objective in (20) is to minimize the cumulative E2E
delay DE2E along the selected path p, while satisfying several
physical and system-level constraints. First, the received SNR
at each hop must meet or exceed a predefined threshold Γth
to ensure reliable communication. Second, the central angle
θ(ai,bi)

c between transmitting and receiving nodes must not
exceed the maximum allowable value θmax, which accounts
for antenna beamwidth limitations and line-of-sight visibility
requirements. Third, to prevent regional resource imbalance,
the number of hops rh within each region r ∈ R must not
surpass the routing budget rb allocated by the GEO controller.
Finally, each next-hop node si+1 must be selected from the
candidate set C(si) associated with the current node si, where
eligibility is determined based on angle, distance, and SNR
constraints.

The above formulation constitutes a nonconvex optimization
problem due to the intricate and nonlinear coupling between
routing decisions, link quality metrics, and resource limita-
tions. The SNR values at each hop depend on multiple physical
factors, such as transmission distance, antenna gain, and
environmental attenuation. Moreover, the piecewise nature of
candidate selection and regional budgeting introduces discon-
tinuities into the optimization space, rendering conventional
convex optimization techniques and deterministic search-based
algorithms ineffective or inefficient in such high-dimensional
settings.

To overcome these limitations, we adopt a model-free
RL approach, which enables agents to learn optimal routing
policies through interaction with the environment, without
requiring an explicit model of system dynamics. This allows
the agent to flexibly handle complex constraint structures and
adapt to dynamic network conditions. In particular, we propose
an HRL framework tailored to the GEO–MEO–LEO/terrestrial
gateway layered architecture, supporting scalable and adaptive
routing across large-scale satellite–TNs. The following section
presents the detailed design of the proposed learning-based
routing algorithm.

B. Proposed RL Algorithm

To address the E2E delay minimization problem formulated
in (20), this work introduces an HRL framework specifi-
cally designed for satellite–terrestrial integrated networks. The

proposed framework enables the agents to learn efficient rout-
ing policies through coordinated decision-making between a
GEO-level controller and multiple MEO-level regional con-
trollers. By continuously interacting with the environment and
leveraging delay-based reward feedback, the agents adapt their
policies to optimize routing performance over time. In the
following, the routing problem is modeled as a hierarchical
MDP, and the learning architecture of each agent is described
in detail.

1) MDP for Proposed HRL-Based Routing Algorithm: RL
is a learning paradigm in which an agent interacts with an
environment, obtains reward signals, and learns an optimal
policy for sequential decision-making. These interactions are
typically formalized as an MDP, comprising four core ele-
ments: a state space (S), an action space (A), a state transition
probability function (P), and a reward function (R).

In this study, the objective of minimizing E2E routing delay
in a satellite–terrestrial communication network is modeled
as a hierarchical MDP, where the upper-layer (GEO) and
lower-layer (MEO) agents are defined with distinct MDP
formulations based on their roles within the architecture. Each
agent seeks to learn an optimal policy π∗ by interacting with
the environment and utilizing reward feedback to maximize
the expected cumulative return

π∗ = arg max
π
E

"
∞X

t=0

γtRt

#
(21)

where γ denotes the discount factor that determines the
significance of future rewards. Following the hierarchical RL
framework, the state, action, and reward components are indi-
vidually defined for the GEO and MEO agents, as described
in the subsequent sections.

a) GEO MDP: The GEO operates at the global level
by dividing the network into three regions and determining
routing budgets for each. Its MDP is defined by the following
components.

1) State (S GEO
t ): The state is defined by the region index k,

the geographic coordinates of the source and destination
nodes (λs, ϕs) and (λg, ϕg), and the blockage ratio x
representing the proportion of blocked satellites in the
region

S GEO
t =

˚
k, (λs, ϕs) ,

�
λg, ϕg

�
, x
	
. (22)

2) Action (AGEO
t ): The action corresponds to the assignment

of routing budgets to each region. Each routing budget
ri specifies the hop count assigned to region i, specifies
the number of hops that can be used for routing within
that region

AGEO
t = {r1, r2, . . ., rk} . (23)

3) Reward (RGEO): The reward is computed based on
the overall routing performance across all regions. It
considers the transmission delay di, spectral efficiency
determined by the SNR, and a fixed regional penalty
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term T3, while penalizing inefficient allocations via a
penalty coefficient α

RGEO =

NX
i=1

−

�
di

c
+

p
B log2 (1 + SNR)

+ T3

�
− α.

(24)
b) MEO regional MDP: The MEO regional determines

the next-hop satellite within the routing budget allocated by
the GEO controller. Each region is modeled as an independent
MDP with the following components.

1) State (S MEO
t ): The state represents the current environ-

ment observable by the MEO agent. It includes the
position of the current satellite (λc, ϕc), source and
destination coordinates (λs, ϕs) and (λg, ϕg), the current
hop index ht, the remaining regional routing budget br,
and the set of candidate satellites C. Each candidate
satellite is represented by its position and blockage
indicator (λj, ϕj, χj). The complete state is formulated as
follows:

S MEO
t =

˚
λc, ϕc, λs, ϕs, λg, ϕg, ht, br

(λ1, ϕ1, χ1) , . . ., (λN , ϕN , χN)
	
. (25)

2) Action (AMEO
t ): At each step, the agent selects one next-

hop satellite sj from the candidate set C(st)

AMEO
t =

˚
sj | sj ∈ C (st)

	
. (26)

Specifically, the candidate set is first filtered by angular
constraints to ensure line-of-sight feasibility.

3) Reward (rMEO
t ): The reward is based on the angular

deviation θ between the current transmission direction
and the source–destination direction. If the selected
satellite satisfies χi = 0, indicating that it is valid and
unblocked, the agent receives a reward proportional to
the alignment. Otherwise, a penalty is imposed

rMEO
t =

(
(1 − sin θ) · SNR, if valid and χi = 0
−cp, otherwise.

(27)

Here, cp represents the penalty assigned as a failure
reward. The angle θ is calculated as follows:

θ = cos−1

0@ �
~bi − ~ai

�
· ~sd


~bi − ~ai




 · 


 ~sd




1A (28)

where (~ai, ~bi) is the current link vector and ~sd denotes
the source–destination direction vector. Specifically, the
hybrid aspect of the reward function is achieved by
introducing a penalty for angular deviation together with
a reward for link quality, thereby integrating geometric
feasibility with communication performance.

This MDP formulation encourages the agent to select
routing paths that are geometrically efficient, avoid blocked
satellites, and operate within region-specific hop budgets.
Moreover, the hierarchical decision-making between GEO and
MEO agents enhances scalability and robustness in dynamic
satellite–TNs. The hybrid aspect is also realized by embedding
angular constraints and link-quality metrics into both the
action-selection process and the reward design.

2) Hierarchical Hybrid Double Deep Q-Network: In this
study, the satellite network routing problem is formulated as
a hierarchical MDP and solved using a hierarchical double
deep Q-network (DDQN) where deep neural networks are
employed [43], [44], [45]. The hierarchy separates global
path management and local path optimization into a GEO
controller and multiple MEO regional controllers, enabling
parallel execution, reducing the search space, and alleviating
the state–action explosion of single-level MDPs. Each layer
learns its own policy under layer-specific state, action, and
reward definitions.

Q-learning is a value-based method that iteratively updates
action values but tends to overestimate due to the max oper-
ator over noisy estimates [46]. Double Q-learning mitigates
this bias by decoupling action selection and evaluation [47].
DDQN extends this principle to deep networks, which is effec-
tive in satellite–terrestrial settings with fluctuating link quality
and many candidate routes. Therefore, DDQN is adopted in
this work to ensure stable value estimation under dynamic and
time-varying link conditions. Concretely, the online network θ
selects

At+1 = arg max
a

Q
�
S t+1, a; θ

�
(29)

and the target network θ′ evaluates the selected action to form
the target

YDDQN
t = Rt+1 + γQ

�
S t+1, At+1; θ′

�
(30)

with parameters updated by minimizing

L (θ) = E

��
YDDQN

t − Q(S t, At; θ)
�2
�
. (31)

The computational efficiency of the proposed H2DDQN
framework can be assessed by analyzing its time complexity
relative to that of standard DDQN. As with DDQN, the cost
of a forward pass is determined by the architecture of the
Q-network. For a feedforward network with input dimension
ds, hidden layers [h1, h2, . . ., hL], and output dimension da, the
number of multiplications required per forward pass is

C = ds · h1 +

L−1X
l=1

hl · hl+ 1 + hL · da. (32)

Within the hierarchical design, the GEO controller performs
up to R budget allocation decisions in each episode, while
the MEO controllers collectively carry out at most Amax
forwarding operations per region. Consequently, the decision
steps per episode scale as O(R + R Amax). Accounting for
inference and mini-batch training with batch size B, the overall
training complexity of H2DDQN can be expressed as follows:

O (E · R · (1 + Amax) · B ·C) (33)

where E represents the number of training episodes.
This architecture reduces unnecessary path exploration and

improves the stability of value function convergence. As
shown in Algorithm 1, the training process begins with the
GEO controller allocating routing budgets to each region, after
which each MEO regional controller sequentially selects the
next-hop satellites within its assigned budget. In making these
decisions, each MEO regional controller considers link quality,

Authorized licensed use limited to: AJOU UNIVERSITY. Downloaded on June 13,2026 at 03:51:10 UTC from IEEE Xplore.  Restrictions apply. 



12330 IEEE INTERNET OF THINGS JOURNAL, VOL. 13, NO. 6, 15 MARCH 2026

Algorithm 1 Training Procedure of H2DDQN for Satellite
Routing

Fig. 7. Proposed H2DDQN framework for routing.

elevation constraints, and blockage ratios. Once a complete
route is established, hierarchical rewards are computed, and
experiences are stored in separate replay buffers, enabling
independent DDQN updates. This mechanism tightly inte-
grates global resource management with local route selection.

The proposed H2DDQN framework is designed to jointly
optimize routing efficiency, obstacle avoidance, fault tolerance,
and budget constraints, thereby enhancing both the efficiency
and reliability of satellite networks. By isolating decision-
making across layers, the approach also improves learning

Fig. 8. Satellite routing scenario between Seoul and Lisbon.

TABLE II
ENVIRONMENTAL SETUP PARAMETERS [9], [48]

stability and scalability, enabling rapid adaptation to dynamic
conditions such as link failures or satellite availability changes.
Fig. 7 provides a visual representation of the proposed archi-
tecture, while Algorithm 1 outlines the overall training process.

VI. PERFORMANCE EVALUATION

The performance of the proposed hierarchical routing
framework is evaluated under diverse satellite–TN scenarios.
E2E delay and SNR are employed as the primary performance
indicators, reflecting transmission efficiency and link quality.
Comparative results against conventional routing schemes,
including distance-based routing (DBR) baselines, are pro-
vided to demonstrate the effectiveness and robustness of the
proposed approach in dynamic network environments.

Comparative results against conventional routing schemes,
including DBR baselines, the angle scheme [25], and a gen-
erative adversarial network-assisted deep RL (GAN–DRL)
scheme [49], are provided to demonstrate the effectiveness
and robustness of the proposed approach in dynamic network
environments.

A. Simulation Scenario

The simulation scenario considers an integrated satellite–TN
to evaluate the proposed H2DDQN-based hierarchical routing
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Fig. 9. Starlink phase 1 constellation [9].

framework. The satellite constellation follows the Starlink
Walker star configuration with 32 orbital planes and 50 satel-
lites per plane, resulting in a total of 1600 LEO satellites
with an inclination of 53◦ [9]. The topology further includes
MEO and GEO layers positioned at 10 000 and 35 786 km,
respectively [48]. The source node is located in Seoul and
the destination node is located in Lisbon, as illustrated in
Fig. 8. The complete environmental setup parameters are
summarized in Table II, while the overall satellite constellation
is illustrated in Fig. 9. The terrestrial gateways are positioned
along the Seoul–Lisbon corridor. Their reference coordinates
are generated by linear interpolation between the source and
destination as follows:

ti =
i − 1
N − 1

, i = 1, . . .,N (34)

ϕ(0)
i = (1 − ti) ϕs + ti ϕg, λ(0)

i = (1 − ti) λs + ti λg (35)

where ti is the normalized interpolation index. To avoid
collinear placement, small uniformly distributed perturbations
are introduced as follows:

ϕi = ϕ(0)
i + ε

(ϕ)
i , λi = λ(0)

i + ε(λ)
i (36)

where ε
(ϕ)
i ∼ U[−∆ϕ,∆ϕ] and ε(λ)

i ∼ U[−∆λ,∆λ] denote
uniformly distributed perturbations in latitude and longitude,
respectively. This procedure yields a scattered but overall
east–west distribution of gateways, resulting in a realistic
spatial deployment.

Both ISLs and satellite–gateway links are modeled by
jointly considering free-space path loss, atmospheric attenu-
ation, and pointing errors. The satellite and gateway transmit
powers are set to PT ,sat = 30 dBm and PT ,gw = 50 dBm,
respectively. Optical link parameters follow the settings in
Table I, where the transmitter efficiency is ηT = 0.8, the
receiver aperture diameter is DR = 0.08 m, and the pointing
error is θ0 = 20 µrad. The receiver optical efficiencies are
ηR,sat = 0.8 for satellites and ηR,gw = 0.2308 for gateways.
The wavelength is fixed at λ = 1.55 µm, and atmospheric loss
is modeled with αatm = 0.058 over a propagation distance of
datm = 20 km. Channel fading effects are represented by a
scintillation index of σ2

I = 0.3, while the outage probability
threshold is set to ρthr = 0.99. The thermal noise power

TABLE III
RL PARAMETERS

Fig. 10. Normalized reward convergence of the proposed HRL framework.

is calculated using Boltzmann’s constant (kB), system noise
temperature T = 290 K, and bandwidth B = 20 MHz.

In the routing simulation, the GEO controller allocates hop
budgets to each region, while MEO regional controllers select
next-hop satellites based on local link quality and geometric
constraints. User traffic is uniformly distributed across the
coverage area, and performance is evaluated in terms of E2E
delay and SNR. Dynamic changes in link availability are
incorporated to test the robustness of the proposed method
under realistic conditions. At each simulation step, all satellite
positions and visibility relationships are updated based on
orbital motion, producing time-varying link states that emulate
realistic satellite movement and continuously changing net-
work topology. The RL hyperparameters used for training are
summarized in Table III.

Simulations are implemented in Python and executed on a
workstation with an AMD Ryzen 9 7900X 12-core processor,
64-GB RAM, and an NVIDIA GeForce RTX 4070 SUPER
GPU. This configuration provides sufficient computational
resources for large-scale simulations and ensures reliable per-
formance evaluation.

B. Simulation Results

This section analyzes the internal performance of the pro-
posed H2DDQN in detail. The evaluation focuses on three
aspects: convergence during training, routing performance
under varying network conditions, and comparison with rep-
resentative benchmark schemes. Two primary metrics, E2E
delay and SNR, are used to jointly assess transmission
efficiency and link quality. In addition, the framework’s
adaptability and stability in dynamic satellite–terrestrial
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Fig. 11. Performance comparison of the proposed HRL-based routing schemes and DBR baselines under LEO altitudes of 550 and 1400 km. (a) Average
SNR performance across routing schemes. (b) Average E2E delay performance across routing schemes.

communication scenarios are examined to confirm its prac-
ticality in real-world deployments.

Fig. 10 presents the normalized reward trajectories of the
GEO controller and the three MEO regional controllers with
min–max normalization applied. The reward of the GEO
controller starts near 0.45, increases steeply during the first
500 episodes, and surpasses 0.9 by episode 1000. It con-
verges at approximately episode 1400 and stabilizes close
to 1.0, verifying the successful learning of the high-level
hop-budget allocation policy. The regional controllers follow
comparable learning patterns but with lower steady-state val-
ues. Regions 1 and 3 display nearly identical behaviors, both
rising gradually and leveling off near 0.75 after about 1000
episodes. Region 2 converges slightly higher, reaching about
0.85 between episodes 800 and 1000, and remains stable
thereafter. Although the final reward magnitudes differ across
regions, all three regional controllers exhibit consistent upward
progression, diminished variance, and smoother convergence
in the later training stages. These results demonstrate that
beyond episode 1400, robust and stable policy learning is
achieved under diverse regional conditions.

Six benchmark schemes are considered for comparison.
1) DBR-5: A distance-based scheme that selects the satel-

lite closest to the destination within a maximum of five
hops, subject to visibility and the angle constraint φmax.

2) DBR-7: Similar to DBR-5 but allowing up to seven hops.
3) HRL–SNR: The GEO controller allocates a regional hop

budget rB, and the MEO regional controller selects the
candidate with the highest instantaneous SNR, subject
to angle and distance limits.

4) HRL–Angle: Uses the same hop-budget allocation as
HRL–SNR, but selects the candidate with the smallest
geometric deviation angle to the destination.

5) H2DDQN: The proposed method, which considers both
SNR and geometric angle to balance link quality and
path efficiency.

6) GAN–DRL: A GAN–DRL scheme, where the GAN pre-
dicts or reconstructs missing or noisy link/state features,
enabling the agent to make robust next-hop decisions
under incomplete information.

Both HRL-based schemes, GAN–DRL, and DBR baselines
are evaluated using these two metrics. DBR is tested with
hop limits of five and seven, while the HRL variants are

categorized as HRL–SNR, HRL–Angle, and the proposed
H2DDQN according to their selection criteria. All methods are
tested under identical satellite–TN and orbital configurations.
Two LEO altitude cases, 550 and 1400 km, are examined
to analyze altitude effects. Since the considered routes start
and end at terrestrial nodes, Fig. 11 shows altitude-dependent
trends in SNR and E2E delay, where the 550-km case gener-
ally yields higher SNR and lower E2E delay than the 1400-km
case. The results are detailed in Fig. 11(a) and (b).

As shown in Fig. 11(a), HRL–SNR and HRL–Angle
maintain high-SNR values of about 58–65 dB, significantly
outperforming DBR-5 and DBR-7, which remain at around
49–50 dB. At 550-km altitude, the proposed H2DDQN
achieves the highest average SNR with low variance, ensuring
stable link quality. At 1400 km, HRL–Angle slightly surpasses
H2DDQN and HRL–SNR by roughly 1–3 dB. GAN–DRL
additionally achieves average SNR values of 61.1 dB at 550 km
and 60.3 dB at 1400 km. While it remains below H2DDQN at
550 km, it surpasses H2DDQN at 1400 km and shows perfor-
mance comparable to HRL–SNR. While all methods experi-
ence SNR degradation with increased altitude due to longer
paths and higher path loss, the proposed schemes consistently
deliver superior link quality. However, SNR alone does not
fully determine performance, as illustrated by E2E delay
results in Fig. 11(b). At 1400 km, H2DDQN, despite slightly
lower SNR, achieves the lowest average delay of approxi-
mately 400 ms, outperforming all other schemes. HRL–SNR
and HRL–Angle are 20–40 ms slower, DBR-5 averages about
420 ms, and DBR-7 exceeds 550 ms. GAN–DRL records about
398.7 ms at 550 km and 418.6 ms at 1,400 km, which are lower
than those of the HRL variants but remain longer than the
proposed H2DDQN. At 550 km, delay decreases across all
schemes, with H2DDQN again recording the lowest delay at
about 350 ms, followed by HRL–SNR and HRL–Angle in
the range of 380–410 ms. DBR-5 records around 410 ms,
and DBR-7 remains above 520 ms. These results confirm
that the proposed H2DDQN effectively balances link qual-
ity and routing efficiency through joint consideration of
gateway bypassing and path-length optimization, maintain-
ing stable performance under varying altitudes and network
conditions.

Fig. 12 depicts the average E2E delay of the H2DDQN
and DBR-5 schemes at different satellite altitudes. Compared
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Fig. 12. Average E2E delay according to LEO altitude for H2DDQN and
DBR-5.

Fig. 13. Routing proportion of gateway and ISL under different LEO altitudes.

with DBR-5, H2DDQN consistently yields lower delay, par-
ticularly in the 600–1200-km range, where gateway-assisted
routing dominates and maintains delays within 320–360 ms.
In this regime, H2DDQN favors gateway-centric routes that
jointly offer high SNR and short propagation paths, thereby
improving routing efficiency. In the highlighted 1300–1500-km
altitude range, the extended feeder link length reduces the
benefits of gateway-based routing and compels H2DDQN to
adopt ISL-oriented paths. This transition increases the overall
path length and results in a rapid delay escalation; however,
H2DDQN still achieves approximately 390 ms at 1400 km,
which is more than 30 ms lower than DBR-5.

Fig. 13 provides further evidence by showing the rout-
ing proportions of gateway-assisted and ISL paths under
different LEO altitudes. At 600–1200 km, gateway-assisted
routes prevail, which accounts for the low delays reported
in Fig. 12. As the satellite altitude increases, the relative
link quality between gateway-assisted and intersatellite paths
changes. The advantage of gateway-assisted routing gradually
diminishes with altitude due to the increasing satellite-to-
gateway distance. Beyond 1300 km, however, the share of
gateway-assisted routing declines significantly, and ISL-based
routing becomes dominant. This shift substantiates the delay
increase in Fig. 12, confirming that the deterioration of feeder

link quality at higher altitudes forces the routing strategy
toward ISL-dominant paths and consequently increases the
E2E delay.

The cumulative distribution functions of link SNR across
altitudes are presented in Fig. 14. As shown in Fig. 14(a), cor-
responding to H2DDQN, the SNR distribution clearly reflects
adaptive routing. At low altitudes of 600–1000 km, most links
exceed 60 dB, highlighting the predominance of gateway-
assisted paths that ensure both shorter distance and stronger
signal quality. In contrast, at high altitudes of 1300–1500 km,
the reduced effectiveness of long feeder links drives reliance
on ISL-dominant routing, which lowers the distribution by
decreasing the proportion of links above 60 dB and increasing
those below 50 dB. This degradation aligns with the delay
increase observed in Figs. 12 and 13. By contrast, Fig. 14(b)
demonstrates that DBR-5 maintains a more uniform SNR
distribution across altitudes, as its distance-based selection
inherently favors ISL paths over gateway-assisted routes.
Although this policy minimizes hop distance, it consistently
overlooks higher-SNR feeder links when they imply longer
paths. This constraint yields a stable but low-SNR distribu-
tion, with many links clustered below 55 dB. Consequently,
DBR-5 fails to achieve the delay efficiency of H2DDQN,
which dynamically balances gateway and ISL routing to
exploit both short propagation paths and strong signal quality.

Building on the SNR–delay tradeoff observed in Fig. 12
and the highlighted 1300–1500-km region, we conduct tar-
geted experiments to quantify adaptation across this altitude
range. Fig. 15 presents a comparative analysis of SNR,
routing distance, and average E2E delay for the H2DDQN,
HRL–Angle, and HRL–SNR schemes over altitudes ranging
from 1000 to 1500 km. For p = 10 MB shown in Fig. 15(a),
H2DDQN achieves the highest SNR at low altitudes but
exhibits a sharp decline beyond 1300 km, while HRL–Angle
and HRL–SNR demonstrate more gradual decreases. The
routing distance increases almost linearly with altitude for all
schemes, with delay at 1000 km, H2DDQN and HRL–Angle
are nearly identical, but from approximately 1200 km onward,
H2DDQN consistently outperforms HRL–Angle, being shorter
by several tens of kilometers at 1500 km. HRL–SNR maintains
the longest routing distance throughout. In terms of delay,
H2DDQN remains superior across all altitudes, increasing
moderately from 215 ms at 1000 km to 233 ms at 1500 km,
with advantages of about 10 ms over HRL–Angle and 20 ms
over HRL–SNR at lower altitudes, and maintaining a few
milliseconds of superiority at higher altitudes. Given the small
packet size, the delay for HRL–Angle remains lower than that
of HRL–SNR across all altitudes.

For p = 20 MB shown in Fig. 15(b), the relative order
of SNR and routing distance remains the same as in the
p = 10 MB case. H2DDQN achieves the highest SNR at
low altitudes, with a sharp decline as altitude increases,
whereas HRL–Angle and HRL–SNR decline gradually. The
routing distance grows with altitude, and while H2DDQN
and HRL–Angle are close at 1000 km, Hybrid gains a
clear advantage from 1200 km onward, with tens of kilo-
meters shorter paths at 1500 km. Overall delay shifts
upward, but the Hybrid advantage persists, with values of
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Fig. 14. Comparison of SNR cumulative distribution functions under different LEO altitudes for H2DDQN and DBR-5 routing schemes. (a) H2DDQN SNR
cdf for different LEO altitudes. (b) DBR-5 SNR cdf for different LEO altitudes.

Fig. 15. Comparison of SNR, routing distance, and E2E delay for different packet sizes in the proposed hierarchical routing framework. Routing performance
with a packet size of (a) 10 MB, (b) 20 MB, and (c) 40 MB.

approximately 360 ms at 1000 km and 409 ms at 1500 km.
HRL–Angle and HRL–SNR converge within the range of
405–413 ms, while Hybrid leads by tens of milliseconds at
lower altitudes and a few milliseconds at higher altitudes.

Across all altitudes, HRL–Angle shows delays comparable to
HRL–SNR.

For p = 40 MB shown in Fig. 15(c), delay increases further
with packet size. The relative order of SNR and routing
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TABLE IV

COMPUTATIONAL COMPLEXITY COMPARISON

distance remains the same as in the previous two cases. The
distance gap between H2DDQN and HRL–Angle widens up
to 1300 km, where H2DDQN initially has a longer path, then
narrows as altitude increases, eventually making H2DDQN
shorter beyond 1300 km. Hybrid records approximately 442 ms
at 1000 km and 471 ms at 1500 km, maintaining the lowest
delay. HRL–Angle starts in the low 450-ms range and rises to
around 470 ms, widening its disadvantage. HRL–SNR benefits
more from the high-SNR gain with large packets, starting near
460 ms and increasing to about 475 ms, occasionally closing
the gap with Angle or slightly outperforming it at higher
altitudes. Given the large packet size, HRL–SNR exhibits
lower delays than HRL–Angle across all altitudes.

1) Computational Efficiency: The computational complex-
ity of the proposed H2DDQN, GAN–DRL, and DBR schemes
is summarized in Table IV. Each method is characterized by
the number of episodes E, the number of steps per episode T,
the mini-batch size B, and the per-update computational cost
of the Q-network CQ. In addition, R denotes the number of
regions, Amax denotes the maximum hop budget per region,
while k, B, and P represent the number of GAN updates, the
GAN batch size, and the computational cost of the generator
and discriminator, respectively. The parameter K corresponds
to the average number of candidate satellites per hop in DBR.

Among the three approaches, the DBR method provides
the lowest offline cost since no training phase is required.
However, it must repeatedly perform distance calculations and
visibility checks for all candidate satellites during inference,
resulting in a per-episode complexity of O(T · K), which
increases linearly with the number of hops and available
candidates. In contrast, GAN–DRL incorporates adversarial
training and feature generation modules, yielding an overall
complexity of O(E · T · (BCQ + k BP)), where the additional
term accounts for the generator–discriminator update overhead
during training. Finally, the proposed H2DDQN framework
adopts a hierarchical GEO–MEO structure, in which the GEO
controller assigns routing budgets and the MEO controllers
perform next-hop selections. Accordingly, its total training
complexity can be approximated as O(E · R(1 + Amax) · B ·
CQ). Although the offline training phase is computationally
demanding, both H2DDQN and GAN–DRL require only a
single forward pass O(CQ) during inference, which enables
real-time routing decisions in large-scale satellite–TNs.

In our implementation, a three-layer multilayer perceptron
with hidden dimensions of 512, 256, and 128 is employed, fol-
lowed by a linear output layer. The measured inference times
for the GEO and MEO controllers are presented in Fig. 16.
The GEO controller achieves an average inference latency of
approximately 0.17 ms, while the three regional controllers

Fig. 16. Inference latency of the GEO and MEO controllers in H2DDQN.

record delays of about 0.16 ms. These measurements confirm
that the proposed H2DDQN framework performs routing
decisions well within 0.2 ms, highlighting its practicality for
real-time operation in integrated satellite–TNs.

Beyond computational efficiency, the proposed H2DDQN
also demonstrates superior routing performance. In summary,
H2DDQN dynamically adjusts the weight between SNR and
routing distance according to altitude and packet size, consis-
tently achieving the lowest delay. At low altitudes, it favors
gateway-based paths to exploit strong SNR and short distances,
whereas at higher altitudes, it switches to ISL-centric routes
to mitigate the tradeoff between longer paths and weaker
SNR. For small packets, delay is mainly determined by
path length, giving Hybrid an advantage, while for medium
packets, distance and SNR have comparable influence, causing
HRL–Angle and HRL–SNR to converge. For large packets,
SNR becomes dominant, and H2DDQN increases its emphasis
on SNR while minimizing detours to sustain the lowest delay.
Overall, these results confirm that H2DDQN effectively bal-
ances link quality and routing efficiency under varying altitude
and traffic conditions, providing a robust and optimal routing
strategy for delay minimization in integrated satellite–TNs.

VII. CONCLUSION

This article presented an HRL-based routing framework
that exploits the inherently hierarchical GEO–MEO–LEO
satellite architecture integrated with terrestrial gateways, and
employs neural networks for learning and decision-making.
The proposed H2DDQN dynamically balances link quality
and path length according to altitude and traffic characteris-
tics, consistently achieving the lowest average delay. At low
altitudes, gateway-assisted routing secures both high SNR and
short paths, while at higher altitudes, an ISL-centric approach
mitigates SNR degradation and distance growth. In upper
altitude ranges, H2DDQN achieves routes significantly shorter
than HRL–Angle and avoids unnecessary detours common
in HRL–SNR. For small packets, delay reduction is driven
mainly by minimizing path length, whereas for large packets,
improved SNR is the primary factor. In both cases, the adaptive
weighting mechanism provides performance benefits. These
results demonstrate that H2DDQN maintains stable low delay
and efficient routing under varying operational conditions,
thereby providing a practical foundation for real-time routing
policy design in integrated hierarchical satellite–TNs.
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APPENDIX A
DETAILED LINK BUDGET MODELS

This appendix presents four representative link budget mod-
els considered in the study. Each model expresses the received
power as a combination of transmit power, optical efficiencies,
antenna gains, and loss terms, such as free-space path loss,
pointing loss, atmospheric absorption, and scattering effects.
For clarity, each equation is described immediately after its
definition.

A. Link Budget 1 [37]

1) Intersatellite Link: The received power is expressed as
follows:

Ps = PT · ηT · ηR ·GT ·GR · LPL · LPS (37)

where PT is the transmit power, ηT and ηR denote the trans-
mitter and receiver optical efficiencies, respectively, GT and
GR are the antenna gains, LPL accounts for pointing loss, and
LPS represents the free-space path loss. The antenna gains are
defined as follows:

GT =

�
πDT

λ

�2

, GR =

�
πDR

λ

�2

(38)

where DT and DR denote the transmitter and receiver aperture
diameters, respectively, and λ is the operating wavelength. The
pointing loss is modeled as follows:

LPL = exp
�
−GT θ

2
T

�
exp

�
−GRθ

2
R

�
(39)

where θT and θR are the transmitter and receiver pointing error
angles, respectively. Finally, the free-space path loss is defined
as follows:

LPS =

�
λ

4πdSS

�2

(40)

with dSS denoting the intersatellite distance.
2) Gateway–Satellite Link: For the gateway–satellite link,

the received power is expressed as follows:

Ps = PT · ηT · ηR ·GT ·GR · Labs · Lsca · LPS. (41)

Here, Labs models the atmospheric absorption loss, Lsca
denotes the scattering loss, and LPS is the free-space path loss.
The absorption loss is approximated as follows:

Labs ≈ 100.01/10. (42)

The scattering loss is modeled as the sum of geometric and
Mie scattering

Lsca = Lgeo + Lmie. (43)

The geometric scattering loss is directly expressed as follows:

Lgeo =
4.343× 3.91

V

�
λ

550

�−δ
dT (44)

where V denotes the visibility, δ is the wavelength exponent, λ
is the operating wavelength, and dT represents the transmission
distance. The Mie scattering loss is modeled as follows:

Lmie =
4.343 ERmie

sin θE
(45)

where ERmie denotes the extinction coefficient and θE the
elevation angle.

B. Link Budget 2 [30]

1) Intersatellite Link: The received power is expressed as
follows:

Ps = PT · ηT · ηR ·GT ·GR · LPL · LPS. (46)

The antenna gains are defined as follows:

GT =
16
θ2

T
, GR =

�
πDR

λ

�2

(47)

where θT denotes the transmit beam divergence and DR is
the receiver aperture diameter, with λ being the operating
wavelength. The pointing loss is modeled as follows:

LPL = exp
�
−G0θ

2
0

�
, G0 =

4 ln 2
θ2

3dB
(48)

where θ0 denotes the misalignment angle and θ3dB represents
the 3-dB beamwidth.

C. Link Budget 3 [39]

1) Gateway–Satellite Link: The received power is
expressed as follows:

Ps = PT · ηT · ηR ·GT ·GR · ηF · LPL · LPS · Latm · Lsca. (49)

Here, ηF denotes the feeder link efficiency, and the other terms
are defined similar to previous models. The antenna gains are
defined as follows:

GT =

�
4DT

λ

�2

, GR =

�
πDR

λ

�2

(50)

where DT and DR denote the transmitter and receiver aperture
diameters, respectively, and λ is the operating wavelength.
Atmospheric loss is modeled as follows:

Latm = exp (−α (λ) dATM) (51)

where α(λ) is the wavelength-dependent attenuation coefficient
and dATM is the propagation distance through the atmosphere.
The scintillation margin Lsca is modeled by a log-normal
distribution as follows:

Lsca = 4.343
�

erf−1
�

(2ρthr − 1) ·
q

2 ln
�
1 + σ2

I

��
−

1
2

ln
�
1 + σ2

I

��
(52)

where ρthr indicates the target outage probability and σ2
I

represents the normalized variance of the received signal
intensity. This equation yields the required transmitter margin
to achieve reliable link availability under fading conditions.

D. Link Budget 4 [36]

1) Intersatellite Link: The received power is expressed as
follows:

Ps = PT · ηT · ηR ·GT ·GR · LPL · LPS. (53)

The antenna gains are defined as follows:

GT = 8
�πω
λ

�2
, GR =

�
πDR

λ

�2

(54)
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Fig. 17. Received power and pointing loss for ISL and ground links under different link budgets. (a) Ps over distance for ISLs. (b) LPS over pointing error.
(c) Ps over distance for satellite-to-ground links.

where ω denotes the beam waist radius, DR is the receiver
aperture diameter, and λ represents the operating wavelength.
The pointing loss is modeled as follows:

LPL = exp
h
−2
�

∆θ
θ

�2
i
, θ =

λ

πω
(55)

where ∆θ is the pointing error and ω is the beam waist radius.
2) Gateway–Satellite Link: For the gateway–satellite link,

the received power is expressed as follows:

Ps = PT · ηT · ηR ·GT ·GR · LPL · LPS · Latm · Lsca · Lc. (56)

The atmospheric absorption is modeled as follows:

Latm = exp (−αz) (57)

where α is the absorption coefficient and z the zenith distance.
The scattering loss as a function of fade probability P f is
modeled as follows:

Lsca
�
Pf
�

= 4.343 erf−1 �2Pf − 1
�
· 2σI − σI (58)

with σI denoting the turbulence index. Finally, the turbulence-
induced coupling loss is approximated as follows:

Lc ≈ 0.8
�

1 + 1.03
�

D
r0

�5/3
�−1

(59)

where D is the aperture diameter and r0 is the Fried coherence
length.

APPENDIX B
SELECTED LINK BUDGET MODELS FOR ANALYSIS

To ensure a fair assessment of link performance, multi-
ple link budget formulations were developed under different
antenna gain and pointing loss assumptions and compared for
their suitability in practical intersatellite and gateway–satellite
scenarios. A comparative evaluation of four candidate link
budgets was conducted to identify the configurations most
representative of the operating conditions in this study.

Fig. 17(a) depicts the received signal power Ps for ISLs.
Link Budgets 1–3 show nearly identical performance due to
equivalent optical efficiencies and telescope gains, whereas
Link Budget 4 yields lower received power from reduced
transmitter gain and is therefore excluded from ISL analysis.
Fig. 17(b) shows the pointing loss LP, where Link Budget 1
accounts for transmitter- and receiver-specific pointing errors,
Link Budget 2 adopts a Gaussian-beam model with a 3-dB

beamwidth, and Link Budgets 3 and 4 use divergence-ratio
formulations. Despite these structural differences, Link Bud-
gets 2–4 exhibit similar trends, and Link Budget 2 is selected
for ISL pointing error evaluation. For satellite–ground links,
Fig. 17(c) indicates that atmospheric attenuation (Latm), scat-
tering loss (Lsca), and turbulence compensation (Lc) dominate
the received power, with Link Budget 3 capturing these effects
accurately while remaining analytically tractable; it is thus
adopted for satellite-to-ground analysis.

In summary, Link Budget 2 is adopted for ISLs, where the
antenna gain in (47) appears in the main text as (12) and
(13), and the pointing-loss model in (48) is represented as
(14) and (15). For satellite–ground links, Link Budget 3 is
employed, with the atmospheric attenuation in (51) used as
(4), and the scintillation fading margin in (52) expressed as (5).
This selection ensures a balanced tradeoff between analytical
tractability and physical fidelity, thereby making the proposed
routing framework both robust and representative of practical
operating conditions.
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