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Abstract—As demand for ubiquitous connectivity grows, in-
tegrating satellite communications into sixth-generation (6G)
networks has emerged as a crucial strategy to enhance global
coverage, especially in remote and underserved regions. However,
achieving the stringent performance, reliability, and spectral
efficiency required for 6G presents significant challenges. Coex-
isting geostationary (GEO) and low Earth orbit (LEO) satellite
networks offer a promising solution by enabling complemen-
tary coverage and enhanced service capabilities. Nonetheless,
a critical challenge is managing intersystem interference from
the LEO satellite system on the GEO system when sharing
spectral resources, all while maintaining the performance of both
systems. To address this, this paper introduces a fast fuzzy deep
reinforcement learning (DRL)-based approach for joint beam
design and power allocation in multi-beam GEO-LEO coexisting
satellite networks. A robust design problem of LEO beam size
and power allocation is formulated to maximize the spectral
efficiency of the LEO system, considering tolerable interference
on the GEO system, frequency reuse schemes employed by both
GEO and LEO systems, and Doppler frequency offset induced
by LEO satellite movement. A fast DRL algorithm, integrating
fuzzy logic, post-decision state, and deep deterministic policy
gradient, is proposed to solve this problem. Numerical results
demonstrate a faster learning convergence rate for the proposed
DRL algorithm compared to benchmark algorithms and confirm
that the proposed method enhances LEO spectral efficiency
while maintaining tolerable intersystem interference on the GEO
system.

Index Terms—Multi-beam GEO-LEO networks, LEO beam
size design, Doppler frequency offset, fuzzy logic, post-decision
state, DDPG.

I. INTRODUCTION

Satellite communications (SatCom) offer a compelling so-
lution for the upcoming sixth-generation (6G) networks, ex-
tending global connectivity to remote and underserved regions.
Among SatCom architectures, the geostationary (GEO) and
low Earth orbit (LEO) coexisting satellite network (CSN)
stands out as a promising configuration for 6G, leveraging
GEO satellites’ wide coverage and LEO satellites’ low la-
tency and high throughput capabilities [1]. However, the rapid
growth of LEO satellite deployments is creating a scarcity
of available spectral resources. Unlike GEO satellites, which
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occupy fixed positions and provide broad, stable coverage,
LEO satellites operate in lower orbits, covering smaller, more
dynamic areas. This setup allows for higher frequency reuse
but also increases the risk of interference as more LEO
satellites operate concurrently. As LEO constellations expand,
they require more spectral resources to support continuous
service across vast regions, prompting regulatory attention to
mitigate the interference with GEO systems already using
these resources.

While traditional spectrum allocation strategies have as-
signed different frequency bands to GEO and LEO satellites to
reduce interference, several emerging and operational systems
demonstrate spectrum coexistence between these orbits. For
example, Starlink and OneWeb LEO constellations operate
in the Ku- and Ka-bands, which are also heavily utilized
by GEO satellites for fixed satellite services and broadband
communications [2]. Amazon’s Kuiper constellation is planned
to use the Ka-band, overlapping with GEO systems in the
same band [3]. Similarly, operators such as Eutelsat-OneWeb
and Telesat Lightspeed manage GEO and LEO constellations
within shared frequency bands [4]-[6], further emphasizing
the importance of interference mitigation strategies in multi-
orbit satellite networks. These real-world examples illustrate
the growing trend toward spectrum sharing and the necessity
for efficient coexistence mechanisms.

In GEO-LEO CSN, the International Telecommunication
Union (ITU) has established regulatory guidelines to address
these interference risks. These guidelines mandate that LEO
systems prioritize the protection of existing GEO systems by
avoiding unacceptable interference that could degrade GEO
services [7]. Specifically, LEO satellites are required to limit
their transmission power and manage spectral resources in a
way that minimizes interference with GEO satellites, which
serve as primary users of these frequencies. The ITU’s regu-
latory framework enforces strict power limitations, frequency
coordination, and spatial isolation measures between GEO and
LEO satellites [7]. These constraints are crucial to ensuring
that GEO systems, which often support critical applications
like broadcast television, weather monitoring, and emergency
communications, maintain reliable service quality despite the
rapid growth of LEO deployments.

To comply with these regulations, most studies have con-
centrated on protecting GEO satellite systems [8], which poses
significant challenges for LEO systems by often limiting their
access and operational flexibility. This highlights the need for



innovative strategies that allow LEO systems to navigate these
restrictions while maintaining service quality and coverage.
Consequently, the coexistence of GEO and LEO networks in
shared spectral environments requires innovative strategies that
can balance the spectrum demands of LEO networks with the
interference protection needs of GEO satellites.

In recent years, the application of advanced antenna tech-
nologies, particularly phased array systems, has led to sig-
nificant advancements in high-throughput multi-beam satel-
lite systems with highly adaptable beam coverage. These
innovations are shaping the new space era, where multi-
beam satellite systems are increasingly prevalent due to their
ability to dynamically allocate bandwidth and improve spectral
efficiency [9]. Phased array antennas enable precise control
over beam shapes, directions, and power levels, supporting
a range of capabilities, including rapid beam steering and
reconfiguration [10]. Multi-beam techniques offer significant
potential for implementing advanced spatial domain strategies
that mitigate intersystem interference between GEO and LEO
satellite networks. In addition, the 3rd Generation Partnership
Project (3GPP) has recognized frequency reuse as a critical
technique to enhance spectrum efficiency within non-terrestrial
networks [1]. This approach, first emphasized in 3GPP Release
17, enables satellite and high-altitude platform systems to
better utilize limited spectrum resources by allowing multiple
transmissions to share the same frequency bands with mini-
mal interference. By implementing frequency reuse strategies,
3GPP aims to support the increasing demand for connectivity,
facilitating wider coverage and improved data capacity while
maintaining reliable and efficient communication links across
diverse environments. Recent studies have explored various
approaches to address this issue. [11] proposed a cooperative
beamforming strategy using multiple satellites and multiple re-
configurable intelligent surfaces (RIS) to manage interference
between GEO and LEO networks effectively. This approach
leverages coordinated beam adjustments across satellites and
RIS elements to minimize interference across shared spectral
bands. Authors in [12] introduced an interference-mitigation
method by grouping LEO satellites and their users to prevent
severe co-channel interference. They also proposed a contin-
uous beam-pointing technique for LEO user antennas, which
dynamically adjusts beam direction to avoid co-channel in-
terference with GEO systems. This adaptive beam orientation
is particularly beneficial in reducing interference in crowded
frequency bands. [13] developed a framework for analyzing
intersystem interference from non-geostationary orbit constel-
lations, such as LEO systems, to GEO satellites based on
spatio-temporal slices. This framework models interference
patterns by accounting for the spatial and temporal variations
in satellite orbits and beam coverage areas, providing insights
into interference dynamics over time. [14] introduced a dy-
namic spectrum access scheme tailored for LEO satellites,
enabling them to opportunistically reuse the frequency bands
initially allocated to GEO satellites within the GEO-LEO CSN
framework. This study provides the analysis of the interference
experienced by GEO users as a result of the frequency reuse
scheme, alongside an evaluation of LEO average throughput.

These studies, however, rely on the assumption of perfect

Doppler compensation, where Doppler shifts from the high-
speed movement of LEO satellites are fully mitigated. In
practical GEO-LEO CSN, however, the high relative velocity
of LEO satellites introduces significant Doppler shifts [15],
complicating interference management between GEO and
LEO systems. To address these shifts, pre-compensation tech-
niques are often employed, adjusting transmission parameters
at the LEO satellite to offset anticipated Doppler shifts. This
approach is particularly effective for users located at the center
of a LEO beam, where Doppler compensation can be more
accurate. However, users located off-center experience residual
Doppler effects, known as Doppler frequency offsets, which
lead to incomplete Doppler compensation. In multi-beam
satellite systems, Doppler frequency offsets pose additional
challenges, especially for narrow beams. Even slight misalign-
ments can cause the intended signal to drift into neighboring
subbands, making narrow beams particularly susceptible to
frequency shifts due to Doppler effects. These shifts increase
the potential for inter-beam and intersystem interference, af-
fecting both GEO users located at the center and those outside
the central area of the LEO beam. Consequently, Doppler
frequency offsets must be carefully considered when designing
interference management strategies for GEO-LEO CSNs, to
ensure reliable communication and effective mitigation of
interference across these dynamic networks.

To address the above gaps, this article presents a joint design
of LEO beam size and power allocation, taking into account
tolerable intersystem interference, Doppler frequency offsets,
and frequency reuse to maximize the spectral efficiency of
the LEO system within a multi-beam GEO-LEO CSN. To
our knowledge, this is the first work in the literature to
incorporate Doppler frequency offsets directly into the design
framework for GEO-LEO CSNs. Our design leverages deep
reinforcement learning (DRL) to optimize decision-making in
dynamic environments. The proposed DRL-based approach
is designed for robustness, ensuring adaptability to dynamic
and previously unseen network conditions. This is achieved
through a fast-converging DRL algorithm that integrates fuzzy
logic for adaptive action exploration, post-decision state (PDS)
techniques for enhanced learning stability, and the deep deter-
ministic policy gradient (DDPG) approach [16]. These ele-
ments collectively improve the agent’s ability to learn optimal
policies efficiently while maintaining high performance across
diverse network conditions. The main contributions of this
article are as follows.

1) We analyze the impact of Doppler frequency offsets on
transmission bandwidth in a practical multi-beam GEO-LEO
CSN, considering various frequency reuse schemes.

2) We develop an analytical framework to quantify in-
tersystem interference and evaluate LEO spectral efficiency
within a multi-beam GEO-LEO CSN, incorporating Doppler
frequency offsets and frequency reuse schemes for both typical
operational scenario and handover situation between LEO
satellites.

3) We design a joint optimization strategy for LEO beam
size and power allocation to maximize LEO spectral efficiency.
This non-convex optimization problem is addressed using a
DRL approach, where fuzzy logic is incorporated into the



action exploration process, and PDS learning is integrated into
the DDPG algorithm to enhance convergence speed.

4) We evaluate the performance of our proposed approach
under different frequency reuse schemes and realistic opera-
tional scenarios for LEO satellites. Additionally, we compare
our method against alternative strategies, including indepen-
dent power allocation and beam size optimization, as well as
approaches that do not account for Doppler shift variations.
The results highlight the advantages of our approach in terms
of adaptability and spectral efficiency improvements.

The remainder of this article is organized as follows: Sec-
tion II provides an overview of the system model, discusses
the impact of Doppler frequency offsets, and outlines our
analytical framework. Section III details the joint design of
LEO beam size and power allocation, including the problem
formulation and our proposed DRL algorithm for solving
the optimization problem. Numerical results are presented in
Section IV. Finally, Section V concludes the article.

II. SYSTEM MODEL

Consider a multi-beam GEO-LEO coexisting satellite net-
work, as illustrated in Fig. 1, comprising a GEO satellite
network and a LEO satellite constellation. The GEO network
features a GEO satellite S serving its users. Employing a
multi-beam mode with frequency reuse, the GEO satellite uses
a spectrum of bandwidth Bg and an tg-color frequency reuse
scheme, where By is divided into ¢g sub-bands (g > 1).
The coverage areas of the GEO spot beams on the ground
are assumed to be circular, each with the same radius R.
The LEO network comprises a LEO satellite constellation
serving a specific ground area. At any given time, a LEO
satellite Sy, serves its users Ur,,s = 1,...,N, using the
GEO spectrum. A handover occurs when the current serving
LEO satellite exits the area and a new LEO satellite enters to
take over!. Each LEO satellite is equipped with phased array
antennas, which are capable of dynamically shape narrow
spot beams while simultaneously maintaining a fixed gaze
in a particular direction. Without loss of generality, it is
assumed that all the LEO satellites have identical circular
footprints with a radius Fr,, F, > R¢. Inside these footprints,
multiple LEO spot beams are uniform hexagons, each with a
radius of Rz, Ry < Rg, and they exhibit a non-overlapping
configuration, with a uniform antenna radiation pattern within
each beam’s area. Let N = 2wF2/3\/3R2 represent the
number of LEO spot beams within a LEO satellite footprint,
and assume that LEO users are distributed such that there is
at least one user per spot beam coverage. All GEO and LEO
users are equipped with single antennas.

Let sg and sz, respectively represent the normalized
data symbols requested by Ug and Up,, with E [|sq|*] =
E [|sL,]?] = 1. Let ¢ denote the transmission time. Hence, the
signal received at a GEO user Ug can be expressed as

PeG
o (t) = || 7 hova®)sa + Tug (1) + nua (), (1)

I'The operation during a handover is described separately in Section II-E1.
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Fig. 1: A multi-beam GEO-LEO coexisting satellite network
with GEO satellite employing 4-color frequency reuse scheme.

where Pg is the GEO satellite’s transmit power; G¢ is the
GEO spot beam gain; Lqy,, is the free space path loss between
Se and Ug; hgu, is the channel coefficient of the link
between Si and Ug; Iy, is the total interference on Ug; and
ny. 1s additive white Gaussian noise (AWGN) at Ug with
zero mean and variance o7 .

The signal received at a LEO user Uy, served by the i-th
LEO spot beam can be expressed as

PGy,

=EILERY

(t)sL,eﬂ“Ale ()t
Lru,, '

+ IULi (t) +ny, (t)a

where P, is the LEO i-th spot beam transmit power; G, is
the LEO i-th spot beam gain; Ly, . is the free space path loss
between Sy, and Ur,;; h LU, is the channel coefficient of the
link between Sz, and Uy,; A fP denotes the frequency offset
due to Doppler shift induced by the LEO satellite movement;
Iy, is the total interference on Up,; and ny, is AWGN at
LEO user with zero mean and variance o2

nr-*

A. Spot Beam Gain
The spot beam of a GEO/LEO satellite can be modeled as

J 36.J 2
Garn, () = gy, (T + 2800) )
4 A
mazv =n—, (3b)
G/L; n(c/fc)g
sin(¢)
=2.07123 ————— 3
H Sin(dsan) (3¢)

where ¢ denotes the satellite’s off-boresight angle in the direc-
tion of its user; ¢sqp is the off-boresight angle corresponding



to the 3 dB beamwidth; J; and J3 respectively denote the
first order and third order Bessel functions; G’Gnafi denotes the
maximum antenna gain when ¢ = 0; A and 7 are the antenna
area and efficiency, respectively; c is the speed of light; and
fe is the carrier frequency.

B. Channel Model

Perfect channel state information (CSI) is assumed. The
channel between a satellite and its user, i.e., hgy,, is mod-
eled using the Shadowed-Rician fading, characterized by the
following probability distribution function (PDF) [17],

e—w/b
fn(x) =2 b “1F1 (m, 1, 5x), (4a)
bm m
7= <bm+w) ’ (4)
w
¢ = m» (40)

where b is the average power of the scatter components; w
is the average power of the line-of-sight (LoS) component;
m is the Nakagami parameter; and 1 Fy (-, -, -) is the first kind
confluent hypergeometric function.

The channel power gain, ie., |hgu, 2 can be modeled
using the squared Shadowed-Rician distribution characterized
by the following PDF,

K e_\/y/b
- f R (mi .
2\/]7 b 1 1<m7 70-\/:&)

The path loss between a satellite and its user is modeled as
free space propagation loss,

Amd 2
b= (C/fc) ’

d =2Rpg arcsin (

2 (G 15 a ayan? (013
sin” | === + cos(l%) cos(lf;) sin )]

(6b)

fn2(y) &)

(6a)

where R is the Earth’s radius; {laS, lg} and {laU7 lg} denote
the latitude and longitude of the satellite and its user, respec-
tively.

C. Doppler Frequency Offset

Due to the rapid movement of LEO satellites, ground
users experience a frequency shift in the received signals,
known as the Doppler shift. To mitigate this effect in a LEO
satellite communication system, pre-compensation techniques
are utilized. These techniques are implemented by the LEO
satellites before transmission, allowing them to adjust for
the Doppler shift. Each LEO satellite can only compensate
for the Doppler shift relative to its position and the beam
center where the ground users are located. The satellite,
knowing its orbital direction, can predict its future position.
Additionally, it can determine the beam center’s location
using data from the global navigation satellite system. With

perfect pre-compensation, users located at the beam center do
not experience any Doppler frequency offset. However, users
not situated at the beam center will experience a Doppler
frequency offset.

Let Vi denote the velocity of the LEO satellite Sr. The
Doppler shift experienced by a user Uy, located at the i-th
beam center during a communication session with Sy, can be
expressed as

Vi (t)

i,Dctr (t) =

(7

where ¢, denotes the angle between the satellite’s velocity
vector and the line of sight from the satellite to the user.
Assuming perfect pre-compensation, the Doppler frequency
offset experienced by a user Uy, can be expressed as

AfP(t) = {

fc COS Pctr (t)a

0, at the center of the i-th beam
V%,(t) fe (oS poc(t) — cos peir(t)) , off-center
®)
where ¢,. denotes the angle between the satellite’s velocity
vector and the LoS to the user Uy, located off-center. Fig. 2
illustrates the Doppler shift and Doppler frequency offset
experienced by a user located at a beam center, off-center
100 km, off-center 200 km, and at the beam edge during
a communication session with the LEO satellite Iridium-
NEXT 914 at a frequency of 1.53 GHz over one complete
orbital cycle.
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Fig. 2: Doppler shift and frequency offset experienced by a
user located at different position within a LEO satellite beam.

Remark 1. The upper bound Doppler frequency offset expe-
rienced by a user Uy, occurs when the user is located at the
farthest edge of a beam and can be expressed as

Vi R
}z Lif, <2L 2>, ©)
c VR + A7
where V' denotes the velocity when the satellite is directly
overhead the i-th beam center; Ay, is the satellite’s altitude.

an{o?

Proof. When the satellite is directly overhead the beam center,
the line of sight to the beam center is perpendicular to the
satellite’s velocity vector. In this case, cos ¢4 = 0 in (8) and
the Doppler frequency offset can be written as a function of
the off-center distance 7,

V
AfPr ==

(10)



With AfP* increasing when r increases, and 0 < r < Ry,
(9) can be derived. O

D. Effective Bandwidth

Let ¢;, denote the frequency reuse scheme factor at LEO
satellites. The bandwidth per beam available for LEO trans-
mission is

B

By = ——, (11a)
2l

L = 1, full frequency reuse (11b)
Ngr, no frequency reuse

where Ngp = 2w R? /3\[R is the number of LEO spot
beams inside one GEO spot beam. In a full frequency reuse
scenario, the LEO spot beams within a GEO beam utilize
the same frequency band as the GEO beam. Conversely, a
no frequency reuse scheme implies that the bandwidth of the
GEO beam is evenly divided among all the LEO beams within
that GEO beam.

The effective bandwidth per beam, B;‘b, available for LEO
transmission after accounting for Doppler frequency offset can
be expressed as

pr—QSup{’AfiD (12)

} S B;b S pr.

To illustrate the effect of Doppler shift, let’s consider
a cognitive satellite network with the GEO satellite being
Inmarsat-4 F1 and the LEO satellite being Iridium-NEXT 914.
The Inmarsat-4 F1 employs a 4-color frequency reuse scheme
(tg = 4) with each spot beam having a bandwidth of 200 kHz
and a radius of 555 km [18]. The Iridium-NEXT 914 covers
an area with a radius of 2350 km with 48 spot beams [19],
thus there are 18 GEO spot beams within the LEO satellite’s
coverage and 3 LEO spot beams within a single GEO spot
beam coverage. This results in a bandwidth of 66.67 kHz
per beam available for the LEO satellite if it employs no
frequency reuse scheme. A LEO user within that beam can
experience a maximum Doppler frequency offset of 17.5 kHz,
which reduces the minimum effective bandwidth per beam
available for LEO transmission to 31.67 kHz. If the LEO
satellite employs a full frequency reuse scheme, the effective
bandwidth per beam is 165 kHz.

Remark 2. The infimum of the LEO beam size, considering
Doppler frequency offset to ensure that transmission is possi-
ble, can be expressed as

2 242
prc A7

inf {RL} = 4V52f2 — BQbC2'
i v C p

13)

Proof. For LEO transmission to be feasible, the effective
bandwidth per beam must be positive. Therefore, the lower
bound for the effective bandwidth per beam, as given in (12),
must be greater than zero. This requirement leads to the result
expressed in (13). O

E. Interference Model

The interference experienced by the GEO user Ug arises
from LEO transmission when a LEO satellite transmits on the
same sub-band used by the active GEO spot beam. The total
interference on Ug in (1) can be expressed as

Nar

=2

Note that when a full frequency reuse scheme is employed at
LEO satellite S, the interference signals occupy the same
bandwidth as the desired GEO signal. Conversely, when a
no frequency reuse scheme is employed, the interference
signals occupy distinct subbands within the bandwidth of the
desired signal. The corresponding signal-to-interference-plus-
noise ratio (SINR) per bandwidth at Ug can be written as

PL Gr,

K

Iy, (

(t)sp, 2™ AP (14)

hLUG

PoGoLnh |heua|’ wa/B
Ty, = G GUG’ cue| ta/Ba L as)

Ngr . 2 . )
'Zl PLiGLiLLUG ‘hLUG ’ /Bz;b + UnG
1=

For a LEO user Uy, the total interference in (2) includes
interference from GEO transmission when Up, is located
within the active GEO beam, as well as LEO inter-beam
interference if the LEO satellite employs a full frequency reuse
scheme. The total interference on Uy, can be expressed as

PeGea
IUL,; (t) = Tou hGULi (t)SG
L
Near
P, G
+ay j : Lz L, hLULL (t)SLl j2rAfP (t)t
IRE=]

(16)
where oy € {0, 1} denotes the LEO frequency reuse scheme,
in which ay = 0 for no frequency reuse scheme and ay =1
for full frequency reuse scheme.

The corresponding SINR per bandwidth at U, can be
written as

2
/pr

2
Lg/BG + U72LU

-1
PLq‘,GLiLLULi ’hLULi

l'y,, = a7

PgGgLé%]L
Ng
toy S PG L LIIJL
IREZS
The spectral efficiency of LEO satellite system, 7, is
defined as the ergodic channel capacity in nat/sec/Hz [20] and
can be expressed as

N
nr = Zln (1 +FUL1) .
i=1

1) Operation under handover scenario: During handover,
to ensure continuous service, both the departing LEO satel-
lite and the approaching one simultaneously cover the same
footprint region. As a result, the interference on GEO users
during this period is higher. Let Fgc? represent the SINR per
bandwidth at Ug during handover, and let L and L9 denote
the approaching and departing LEO satellites, respectively.

hau,,

hruy, / By,

(18)



* The SINR per bandwidth at the GEO user during handover:
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21 PLgeGLgeLLdeUG ’hLdEUg‘ /B;;b + 21 PL?I’GL‘L.“’LL@PUG hL‘”’Uc} /Bz;b +ong
1= 1= ’

The SINR per bandwidth at the GEO user during handover
can be expressed as in (19) where By represents the effective
bandwidth per beam available for LEO transmission during
handover. By is expressed as

}} < B;b < pr

(20)
where AfP% and AfP"P are the Doppler frequency offset
due to the departing and approaching LEO satellites, respec-
tively.

} , Bpy — 2sup { ‘AfiD’”p

max {pr — 2sup {’ A fiD.de

III. JOINT LEO BEAM DESIGN AND POWER ALLOCATION
A. Problem Formulation

Let’s consider the joint design of LEO beam size and LEO
transmit power allocation to maximize the spectral efficiency
of the LEO system. The objective is to maximize the spectral
efficiency while adhering to the constraints of maximum LEO
satellite power budget, tolerable interference on the GEO user,
and acceptable Doppler frequency offset. The optimization
problem can be formulated as follows:

Rrggg; L (21a)
N

s Pr, < Prnax, (21b)
=1

Tus > Tug. (21¢)

By — QSUP{’AfiD } < B, < By, (21d)

inf {RL} < RL < RG7 (2]6)

where Pr, max denotes the LEO satellite’s maximum transmit
power, and f‘UG is the SINR threshold of GEO user Ug.

The constraint in (21b) is imposed to satisfy the maximum
power budget at the LEO satellite. The constraint in (21c)
ensures sufficient protection on GEO user, which is strictly
mandatory in GEO-LEO coexisting satellite networks. Lastly,
the constraints in (21d) and (21e) address the Doppler fre-
quency offset for feasible LEO transmission.

The optimization problem in (21) is inherently non-convex
due to the logarithmic relationship of the objective func-
tion with SINR and the non-linear interactions within the
constraints, particularly those related to SINR and Doppler
frequency offsets. Traditional convex optimization methods
struggle with such complexities, often requiring problem-
specific relaxations or approximations that may not generalize
well to dynamic satellite environments. Heuristic optimization
techniques, while feasible, lack adaptability and scalability for
real-time decision-making.

To address these challenges, we employ a reinforcement
learning (RL) approach with a continuous action space, which

offers several advantages. First, RL allows for adaptive learn-
ing from CSI and Doppler variations during training, enabling
the model to generalize to dynamic and time-varying GEO-
LEO spectrum environments. Second, a continuous-action
RL model enables fine-grained control over beam size and
power allocation, which would be difficult to achieve with
a discrete-action RL approach or conventional optimization
techniques. Lastly, to mitigate sample inefficiency and stability
issues often associated with RL in continuous spaces, we
incorporate fuzzy logic for exploration control, post-decision
state techniques for stability, and a deep deterministic policy
gradient-based framework to enhance convergence.

B. Reinforcement Learning-Based Problem Reformulation

Reinforcement learning is a machine learning approach
in which an agent learns to make decisions by interacting
with an environment to maximize cumulative rewards. The
agent observes the environment’s current state, takes an action
guided by a policy, and receives feedback as a reward. The
environment then transitions to a new state influenced by the
agent’s action. This process repeats, with the agent’s objective
being to learn an optimal policy that maximizes cumulative
rewards. Using various algorithms, the agent iteratively refines
its policy based on the rewards received, thereby enhancing its
decision-making capabilities over time.

In this section, problem (21) is reformulated as a RL
problem following Markov decision process (MDP), within
the multi-beam GEO-LEO coexisting satellite system environ-
ment. The key elements of the MDP are described below.
Action space A: Let a; € A denote the action at time step
t. Since problem (21) aims to joint design the LEO beam
size and power allocation, the action a; can be defined in
terms of the beam radius Ry, ; and transmit power Py, =
[PLl,t7 e 7PLN,t]’ i.e.,

Qg £ {RL,taPL,t} .

Reward function: The reward function evaluates how effec-
tive the LEO beam design and power allocation are after the
agent takes an action. Since the goal of problem (21) is to
maximize the LEO spectral efficiency, the reward at time step
t can be defined as a function of spectral efficiency:

(22)

(23)

T =

) nL, if (21b)-(21e) are satisfied,
0, otherwise.

The cumulative reward is given by R; = >, k*~'r;, where
k € {0,1} is the reward discount factor.

State space S: Let s; € S denote the state at time step t.
s; includes the current CSI of GEO user and all LEO users,
represented by h; = [hG,thl,t,---,hLN,t], ie, hg: =
Gé{ iLab/Gg +hGug 1, the upper bound Doppler frequency offset



Afp; = {sup {|Af1D’} ,...,SUp {|Af§’} , the action
from previous time step (for supporting PDS Iearning), and
the reward received from previous time step (for guiding fuzzy
action exploration). Formally, the state s; can be written as

st = {hy, Afp s, Rp -1, Pri—1,me-1} . 24

Since the LEO satellite is moving, its mobility is reflected in
the distance variation between the LEO satellite and ground
users, which in turn affects the variation of the CSIs. Thus,
the mobility of the LEO satellite influences the dynamics of
the RL states but does not impact the design frameworks.

C. Proposed Fuzzy Post Decision State-Deep Deterministic
Policy Gradient Learning Algorithm

The proposed solution, namely fuzzy post decision state-
deep deterministic policy gradient (FPDS-DDPG), leverages
fuzzy logic to accelerate the learning speed of our previously
developed deep post decision state-deterministic policy gradi-
ent (DPDS-DPG) [21], which is specially designed to capture
the dynamic changes of the environment. DPDS-DPG builds
upon PDS learning, recognizing for its rapid convergence [22],
and DDPG [16], which integrates the advantages of deep Q-
learning and policy gradient methods to effectively handle
continuous action spaces.

In DPDS-DPG, random noise exploration introduces fixed
or stochastic noise into the actions, which does not adapt to
the current state or the agent’s learning progress. This unstruc-
tured approach can lead to inefficient learning and suboptimal
policies, as it may cause over-exploration or under-exploration,
and result in slower convergence. To address these challenges,
in the proposed FPDS-DDPG, random noise exploration is
replaced with fuzzy logic. Fuzzy action exploration adapts
the exploration process based on the current state and past
performance, using predefined rules from expert knowledge
or empirical data. This structured approach allows for more
adaptive, context-sensitive exploration, targeting more promis-
ing areas of the state-action space and reducing the risks
of over- and under-exploration. By intelligently modulating
exploration, fuzzy logic facilitates faster convergence by min-
imizing unnecessary randomness and focusing on meaningful
action variations.

FPDS-DDPG algorithm framework, illustrated in Fig. 3,
employs an actor-critic architecture. The actor network de-
termines the best action to take given the current state, while
the critic network evaluates the action by estimating the Q-
values, which indicate the quality of the action taken in a
given state. There are two target networks, which are copies
of the actor and critic networks, with delayed updates to slowly
track the learned actor and critic networks, thereby stabilizing
training. The agent learns from a replay buffer containing
experiences < S, ay, T, S¢+1 >, wWhich are divided into mini
batches of size ‘B, ie., < s;,a4, 7,841 >, € B. This
approach ensures stable and effective learning by breaking
correlations between experiences and enabling efficient use
of computational resources.

Let’s define the PDS as the intermediate state immediately
after the agent takes action a; at the current state s; and before
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Fig. 3: Proposed FPDS-DDPG algorithm framework.

the transition to the next state s;y;. The PDS at time step ¢,
denoted as S;, encapsulates all known information about the
transition from the current state to the next state. The PDS
can be defined as

~ A
St =2 {hy,Afp s, Rp ¢, Pry,mi1}. (25)
In the current state, when the agent takes action, it receives a
known reward 7. The agent then transitions to the PDS 3; and
subsequently moves to the next state, receiving an unknown
reward r;'. The state transition probability is

P (sesalse, pu(se)) = Y PF (Selse, iu(s0)) P (141180, p(se))

5.€8

(26)
where p is the function that deterministically maps states
to actions representing the actor network, P¥ (5|s;, pu(s¢))
denotes the known transition probability from the current state
to PSD with action p(s) and P* (sy41|8;, 1(s¢)) denotes the
unknown transition probability from PDS to the next state
with action p(s;). The corresponding reward received after
the agent takes action at state s; can be expressed as

Tt (St, at) = ’I’f (St, at) + Z ]P)k (gt‘Sh/JJ(St)) ?”;}' (gt, at) .

5€S

27)

The action exploration is controlled by a fuzzy exploration
controller that determines the exploration factor, denoted as
€, indicating the degree of action perturbation for exploration.
The fuzzy exploration controller receives the current state as
input, with fuzzy variables including current CSI representing
channel quality, Doppler frequency offset representing the
uncertainty due to LEO satellite mobility, and the previous
reward representing the effectiveness of the prior action. Fuzzy
sets for all input variables and the exploration factor are



categorized as {Low, Medium, High}. Algorithm 1 defines the
fuzzy rules governing exploration based on these inputs.

Algorithm 1: Fuzzy rules to govern action exploration.

1 Rule 1: if h; is Low OR Afp ; is High then
2 ¢ is High;

3 Rule 2: if h; is Medium AND Afp ; is Medium then
4 € is Medium;

5 Rule 3: if h; is High AND Afp , is Low then
6 e is Low;

7 Rule 4: if r;_; is Low then

8 ¢ is High;

9 Rule 5: if r,_; is Medium then

10 € is Medium;

11 Rule 6: if r;_; is High then

12 € is Low;

Algorithm 2: Proposed FPDS-DDPG beam design and
power allocation algorithm.

Input : h;, Afp
Output: Rj, P}, Q
1 Initialize actor and critic networks with random
parameters ©# and ov, 9, and Jy, target networks
with parameters 0" « OF and OV + OV, replay
buffer, and fuzzy exploration controller.
2 for episode ep =1: N, do

3 Receive initial state s7;

4 for time-step t =1:T do

5 Compute exploration factor based on s; using
fuzzy logic in Algorithm 1;

6 Select a; using the actor network and the
exploration factor as in (28);

7 Perform a; and get reward r¥;

8 Observe the transition from s; to §; to S¢41;

9 Update reward (s, a;) using (27);

10 Update PDS Q-value function V'(§;) using (29);

11 Update state-action Q-value function
Q(s¢,a;|0©") using (30);

12 Store experiences
< S, Gy, Ty, Sg1 >— replay buffer;

13 if replay buffer is full then

14 Delete the oldest experiences;

15 end if

16 Sample a mini batch of experiences
< 83, A4, Tqy Sja1 >, 1 € B,

17 Compute target values as in (31b);

18 Update actor and critic networks using (31);

19 Update target networks using (32);

20 end for

21 end for

The fuzzy logic rules dynamically adjust the exploration
factor based on channel state quality, Doppler-induced un-
certainty, and prior action effectiveness. High Doppler offset
or poor channel quality increases uncertainty, necessitating

greater exploration to identify better actions. Conversely, stable
conditions with low offset and strong channel quality reduce
the need for exploration. Additionally, if a prior action was
ineffective, higher exploration is encouraged, whereas effective
actions favor lower exploration to refine the learned policy.
Medium settings balance exploration in moderately uncertain
conditions, ensuring efficient learning and improved policy
performance.

The action taken by the agent after exploration is expressed
as follows:

a; = (st|@“) + eAay, (28)

where Aa; = 0.01a; is a predefined perturbation.

In actor-critic based algorithm, the critic network estimates
Q-value using a state-action Q-value function Q(s,a) that
requires both state and action information. In FPDS-DDPG,
on the other hand, the critic network estimates Q-value using
a PDS Q-value function V' (3;) that requires only PDS infor-
mation, making the learning process more efficient. The PDS
Q-value function can be written as

V(3:) = i (5o, an)+r Y P (5541156, 1(50)) Q5011 i(s41))-

St41
(29)
The relationship between PDS Q-value function and state-
action Q-value function can be expressed as

Q(se,ar) = rf(se,a0) + £ Y PF(5ilse,a)V(5).  (30)

St

Let ©# and ©V represent the parameters of the actor
and critic networks, respectively. ©"" and OV represent the
corresponding target network parameters. The actor and critic
network parameters are updated using mini-batch policy gra-
dient and gradient descent, respectively. The update functions
are written as

)
6 = 0 + V,.Q (5i,n(5:]0")]0" ) Voru(si]0"),

(31a)

9
eV + eV - %V@v S |v(zleY)

1€B

)

2
- {Tf T (Si+1aﬂl(3i+1@”/)|@‘//)}

Target values

(31b)

where 1, and vy, are the learning rates of the actor and critic
networks, respectively. V denotes the gradient. The target
networks are updated as follows:

OF — wO! + (1 — w)Or,
0V —woV +(1-w)e",

(32a)
(32b)

where @ < 1 is the target value factor, ensuring slow changes
to the target values.

The operation of the proposed FPDS-DDPG-based beam
design and power allocation algorithm is described in Algo-
rithm 2.



TABLE I: Computational complexity
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D. Computational Complexity Analysis

In this section, we analyze the computational complexity
during both the training and online operational stages of the
proposed FPDS-DDPG and compare it with the benchmark
algorithms, including DPDS-DPG [21] and the conventional
DDPG [16]. The training is performed offline on the ground
to leverage higher computational resources, while the online
operational stage is executed onboard LEO satellites to balance
computational efficiency with the resource constraints of LEO
satellites.

1) Information required for algorithm execution: The exe-
cution of the FPDS-DDPG algorithm during the online opera-
tional stage requires specific information that must be acquired
in advance. The key data required include the CSI of users and
the upper bound Doppler frequency offset.

The CSI acquisition time depends on whether the CSI is
estimated onboard or transmitted by users on the ground. For
CSI estimation, a typical estimation method may take up to 1
ms, depending on the complexity of the estimation method
and the onboard processing capabilities. For CSI feedback
from users, the propagation delay for uplink transmission is
approximately 1 ms for low-altitude (300 km) LEO satellites
and 6.67 ms for high-altitude (2,000 km) LEO satellites.

The upper bound Doppler frequency offset acquisition time
is negligible, as it is calculated based on satellite orbital data,
which is preloaded onboard the satellites.

2) Computational complexity during training and online
stages: Let L, Lo, and N; denote the number of hidden
layers in the actor network, the number of hidden layers
in the critic network, and the number of neurons in the [-
th hidden layer, respectively. During the training stage, the
complexity of a single neural network per time step, i.e.,
the actor network is O (|S|N1 + Z;;LA N1N1+1), where the
number of neurons in the input layer of the actor network
corresponds to the dimension of the state space. Updating the
actor and critic in conventional DDPG per time step results
in a complexity of O (|S| x |A|), while in DPDS-DPG it
results in O (2|S| x |A|) because the PDS space has the same
dimension as the state space. In the proposed FPDS-DDPG,
which incorporates fuzzy action exploration, the complexity
of updating the actor and critic is O (2|S| x |A| + Np.),
where Np, represents the number of fuzzy rules evaluated
per time step. The computational complexities of the three
algorithms are summarized in Table I. Note that the complexity
significantly decreases during the online operational stage,
as the learning model has already been established after the

training stage.

E. Robustness Analysis

To evaluate the robustness of the proposed framework, we
define the robustness score R as follows:

1 Niest 7
i
- - EVG.l )
Ntest ; Ory + P a

(33)

where N;.s; is the number of test scenarios with different
environmental conditions; 7; is the average reward obtained
in the ¢-th test scenario that measures long-term performance;
o, is the standard deviation of the reward in the i-th test
scenario that captures stability with lower values indicate more
stable convergence; p is a smal} positive constant to prevent
division by zero; Vg = = Zle 1Ty, < Tyg) with 1(+) is
an indicator function that equals 1 if the GEO user protection
constraint (21c) is violated at time step ¢, and O otherwise;
and € is a penalty coefficient that ensures strong enforcement
of constraint (21c).

The robustness score evaluates the reliability, adaptability,
and safety [23] of the proposed RL framework by considering
three key aspects. First, performance stability (o,) ensures
that the RL policy exhibits low reward variance across mul-
tiple runs, leading to consistent and reliable performance.
Second, generalization to unseen conditions (i) measures the
algorithm’s ability to adapt by assessing the average reward
across diverse test environments, ensuring robust operation in
dynamic scenarios. Finally, GEO user protection constraint
satisfaction ()Vg) enforces safety by penalizing frequent vi-
olations of the GEO user’s SINR constraint, guaranteeing
feasibility in a coexisting GEO-LEO network. By integrating
these factors, the robustness score provides a comprehensive
assessment of the framework’s effectiveness in real-world
deployment.

IV. NUMERICAL RESULTS

This section evaluates the performance of the proposed
FPDS-DDPG and compares it with benchmark algorithms,
including DPDS-DPG [21] and the conventional DDPG [16].
The multi-beam GEO-LEO CSN simulator is configured with
the key parameters listed in Table II. The region of interest
is a circular area on the ground corresponding to a single
LEO footprint with a radius of 2,350 km. The simulator’s
origin is set at the center of this region. The GEO satellite is
configured with seven beams and utilizes a 4-color frequency



reuse scheme. Within the region of interest, both GEO and
LEO users are randomly placed such that each LEO beam
contains one GEO user and one LEO user. The channel
coefficients between satellites and ground users are randomly
generated using Shadowed-Rician fading with parameters
{m,b,w} = {4,0.126,0.835} [21]. The Doppler frequency
offset is generated based on real-time orbital data from the
LEO satellite Iridium-NEXT 914 [24].

TABLE 1II: Key parameters of the multi-beam GEO-LEO
coexisting satellite network environment simulator

Description Parameter Value
Carrier frequency (L band) fe 1.53 GHz
Speed of light c 3 x 10% km/s
GEO satellite altitude 35,786 km
LEO satellite altitude Ap 785 km
LEO footprint radius Fr, 2,350 km
GEO spot beam radius Ra 555 km
GEO frequency reuse factor LG 4
GEO bandwidth Bg 800 kHz
GEO transmit power per beam Pa 100 W
GEO/LEO antenna diameter 2.4/02 m
Antenna efficiency n 0.55
Noise power O'%G = UTQLUL —120 dBm/Hz

A. Deep Neural Network Structure

The actor and critic networks are fully connected, each
consisting of an input layer, two hidden layers, and an output
layer. For the actor network, the input dimension corresponds
to the state space and the output dimension to the action space,
while for the critic network, the input dimension corresponds
to the action space, and the output dimension represents the
Q-value function space.

Since the state comprises channel coefficients represented
as complex-valued matrices, each complex value is split into
its real and imaginary parts, which are fed separately into the
network. Notably, the state and action spaces are dynamic,
with dimensions that vary over time based on the LEO beam
radius. This variability poses a challenge for DRL algorithms,
as neural networks typically expect fixed input and output
layer sizes. To address this, zero padding is applied to the
input and output layers of the networks, setting the state and
action space dimensions based on the corresponding inf { Ry}
in (13). When the actual state and action space dimensions
are smaller, zero padding ensures that the input and output
layer dimensions remain fixed. The state space dimension is
|S| = 6N +2, while the action state space dimension is |A| =
N +1, where N varies accordingly to R;,. The Q-value space
dimension is fixed at 1. All hidden layers of the actor and critic
networks are identically structured, each with 2(6N+2-1)—16
neurons [21], where N corresponds to inf {Ry}. Each DNN
uses the fanh activation function to handle negative inputs
from the complex CSIs. The Adam optimizer, with an adaptive
learning rate, is applied to both networks. The constraints in
(21) are enforced at the output of the actor network, adjusting
the agent’s decisions on LEO beam radius and transmit power
to ensure compliance. Additional hyper-parameters used are
listed in Table III.

TABLE III: DRL hyper-parameters

Description Parameter Value
Reward discount factor K 0.99
Replay buffer size 100000
Mini batch size B 64
Number of episode Nep 2000
Number of time step per episode T 10000
Learning rate Y =y 0.001
Learning decaying rate 0.00001

B. DRL Implementation Description

The multi-beam GEO-LEO CSN environment simulator is
implemented using MATLAB’s Satellite Toolbox, providing
CSIs and Doppler frequency offsets as system states for the
DRL framework. The DRL framework itself is implemented
in PyTorch, chosen for its flexibility and efficiency. Network
parameters, architecture, and hyper-parameters are detailed in
the previous subsection.

To govern exploration in the proposed FPDS-DDPG frame-
work, we employ a fuzzy logic-based approach, where CSI,
Doppler shift, and reward are classified into Low, Medium, and
High categories using Gaussian membership functions. Since
reward distribution is not predefined, we normalize the reward
value based on the agent’s observed reward history before
applying the Gaussian membership function for classification.
The classification follows predefined statistical distributions
with means pyr = 0.2, upr = 0.5, and py = 0.8, and
a standard deviation of 0.1 to control the spread. These
membership functions ensure a smooth transition between
categories, allowing adaptive exploration based on dynamic
network conditions.

PyTorch facilitates the implementation of DRL algorithms
and neural network training, while MATLAB’s user-friendly
interface complements PyTorch’s computational power. This
combination streamlines the development and training of the
DRL model.

C. Simulation Results

1) DRL learning performance: To evaluate the learning
performance of the proposed FPDS-DDPG algorithm, we
examine its learning curves alongside those of benchmark
algorithms, using the environment simulator configured with
the parameters listed in Table II. Figs. 4 and 5 illustrate the
average rewards obtained by the learning agent per hundred
episodes. It is observed that the proposed FPDS-DDPG algo-
rithm converges more quickly than the benchmark algorithms
across all training configurations. Unlike the benchmarks,
which use random noise for action exploration, FPDS-DDPG
leverages fuzzy action exploration, resulting in smoother, more
structured action choices that focus exploration on productive
areas of the action space. This approach not only reduces
unproductive variability but also enables adaptive exploration
intensity based on the agent’s familiarity with different regions
of the state space. By stabilizing reward signals and minimiz-
ing unnecessary noise, the fuzzy exploration in FPDS-DDPG
accelerates convergence by making better use of environmental
feedback and optimizing sample efficiency.
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Fig. 4: Average rewards per hundred episodes under different
learning rates with decaying rate fixed at 0.00001.
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Fig. 5: Average rewards per hundred episodes under different
decaying rates with learning rate fixed at 0.001.

Fig. 4 illustrates the impact of learning rate on DRL
performance with a fixed decay rate of 0.00001. A smaller
learning rate significantly reduces the performance of all DRL
algorithms, leading to an average reward decrease of up to
33.3%. In contrast, as shown in Fig. 5, the decay rate has a less
pronounced effect on performance. With a fixed learning rate
of 0.001, a lower decay rate only reduces the average rewards
by a maximum of 15%. From both figures, it is evident that
FPDS-DDPG converges after 600 episodes, while DPDS-DPG
and DDPG require 1100 and 1700 episodes, respectively, to
reach convergence.

2) DRL robustness performance: To assess the robustness
of the proposed FPDS-DDPG algorithm, we evaluate its
performance across three distinct satellite downlink channel
conditions, as characterized in [25]:

e Scenario 1: Average
{10.1,0.126,0.835})

e Scenario 2: Infrequent light shadowing ({m,b,w} =
{19.4,0.158,1.29})

o Scenario 3: Frequent heavy shadowing ({m,b,w} =
{0.739,0.063,0.00089})

The robustness score, as defined in (33), is computed for each
scenario using parameters p = 0.001 and € = 2. The results

shadowing ({m,b,w} =

are summarized in Table IV.

TABLE IV: Robustness test results

Algorithm Sce. 1 Sce. 2 | Sce. 3 R

T 12.245 | 12.872 | 11.903

FPDS oy 0.086 0.082 0.097 139.030
-DDPG Vg 3/100 3/100 4/100
7 12.192 | 12.767 | 11.890

DPDS or 0.101 0.103 0.102 119.162
-DPG [21] | Vg | 4/100 3/100 5/100
7 12.221 | 12.795 | 11.926

DDPG or 0.153 0.169 0.148 78.127
[16] Vo | 4/100 4/100 6/100

As shown in Table IV, the FPDS-DDPG algorithm achieves
the highest robustness score across all test scenarios, demon-
strating superior adaptability and stability compared to bench-
mark algorithms. This indicates its ability to maintain per-
formance under varying channel conditions, reinforcing its
robustness in dynamic satellite communication environments.

3) SINR at GEO user: The effect of LEO beam size and
transmit power on a GEO user are illustrated in Fig. 6.
Specially, the impact of LEO beam size on LEO effective
bandwidth and the SINR at a GEO user with a total LEO
transmit power budget of 201 are showed in Figs. 6a and 6b,
respectively. Additionally, the effect of LEO transmit power on
the SINR at a GEO user under the configuration of Ngp = 22
and Ry = 130.116 km is depicted in Fig. 6c.

In Fig. 6a, the lower bound of LEO effective bandwidth per
beam is significantly higher when the LEO satellite employs a
full frequency reuse scheme compared to when no frequency
reuse scheme is used. With full frequency reuse, the lower
bound of effective bandwidth slightly increases as the number
of LEO beams within a GEO beam grows. In contrast, without
frequency reuse, the lower bound of effective bandwidth
decreases significantly as the number of LEO beams inside
a GEO beam increases, and a maximum of only twelve
LEO beams can be accommodated within a GEO beam. This
outcome is expected: without frequency reuse, the bandwidth
of a GEO beam is evenly divided among all LEO beams within
it, whereas with full frequency reuse, all LEO beams share the
entire bandwidth of the GEO beam.

In Fig. 6b, the SINR at the GEO user is significantly higher
under full frequency reuse compared to no frequency reuse
when there are four or more LEO beams inside a GEO beam.
During handover, the SINR is 5% llower than in a typical
operational scenario under full frequency reuse and more
than 20% lower under no frequency reuse. This reduction is
attributed to intersystem interference from two LEO satellites
during handover, while in a typical operational scenario, there
is interference from only one LEO satellite. Additionally,
under the no frequency reuse scheme, when Ngp > 24, the
SINR fluctuates, with the radius difference between various
Ngp, cases being only 3 km. With Ngp = 2, the SINR at the
GEO user remains nearly the same across all cases.

In Fig. 6c, as the total transmit power budget at the LEO
satellite varies, the SINR at the GEO user exhibits similar
behavior to that observed in Fig. 6b. Specifically, the SINR
under full frequency reuse remains significantly higher than
that under no frequency reuse. Additionally, during handover,
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Fig. 6: SINR at GEO user under different LEO beam sizes and transmit power considering Doppler frequency offset and
frequency reuse schemes during both typical operational scenario and handover situation.

the SINR is lower compared to the typical operational scenario
as the total transmit power budget increases.

4) Effect of residual Doppler frequency offset: Figs. 7 and 8
illustrate the interference power experienced by the GEO user
and the SINR at the LEO user, respectively, under two Doppler
compensation assumptions:

« Practical Doppler compensation assumption: considering
residual Doppler frequency offset as in Section II.C.

o Perfect Doppler compensation assumption: not consider-
ing residual Doppler frequency offset.

Fig. 7 shows that assuming perfect Doppler compensation
results in lower interference power estimation at the GEO user
— by 151.19% (in linear scale) for no frequency reuse and
58.49% (in linear scale) for full frequency reuse — compared
to the practical Doppler compensation assumption. Similarly,
Fig. 8 shows that the perfect Doppler compensation assump-
tion leads to a higher SINR at the LEO user — by 30.32%
(in linear scale) for no frequency reuse and 10.87% (in linear
scale) for full frequency reuse.

These results demonstrate that assuming perfect Doppler
compensation significantly overestimates SINR while under-
estimating interference power. Moreover, this assumption dis-
torts interference estimation, as Doppler-induced frequency
shifts affect different subbands non-uniformly, particularly in
frequency reuse scenarios. While a simplified model with
perfect Doppler compensation may be computationally appeal-
ing for first-order approximations, our findings reveal that it
introduces significant inaccuracies. Therefore, incorporating a
detailed Doppler model is essential for precise and realistic
interference estimation, especially in GEO-LEO coexistence
scenarios where accurate interference management is critical.

5) LEO spectral efficiency: The impact of LEO beam size
and transmit power on the spectral efficiency of LEO system
are illustrated in Figs. 9 and 10. The simulation setup is similar
to that in Figs. 6, 7, and 8. In both cases, the LEO spectral
efficiency increases as the number of LEO beams within a
GEO beam rises and as the total LEO transmit power budget
increases. Furthermore, the spectral efficiency under the no
frequency reuse scheme is consistently higher than that under
the full frequency reuse scheme.

To assess the effectiveness of the proposed learning-based
solution, we compare its performance against three non-
learning benchmarks:

o Benchmark 1: LEO beam size design based on elevation
angle, without accounting for residual Doppler frequency
offset, as presented in [26].

o Benchmark 2: LEO beam size design considering residual
Doppler frequency offset, as proposed in [27].

o Benchmark 3: Beam power control approach from [28].

Fig. 11 illustrates the spectral efficiency of the LEO system
under different beam size optimization strategies as the trans-
mit power varies. The optimal beam radius for the full fre-
quency reuse and no frequency reuse schemes differs slightly.
However, both result in the same optimal number of LEO
beams within a single GEO beam, denoted as N¢, ;. The pro-
posed FPDS-DDPG achieves the highest spectral efficiency by
jointly optimizing beam size and transmit power. In contrast,
Benchmark 1 [26] and Benchmark 2 [27] focus solely on
optimizing beam size. Benchmark 2 outperforms Benchmark
1 in spectral efficiency, as it determines the beam size while
considering the residual Doppler frequency offset constraint,
leading to a more accurate estimation on interference.

Fig. 12 illustrates the spectral efficiency of the LEO system
under different transmit power optimization strategies as Ny,
varies. The proposed approach identifies the optimal N¢; =
10. When using this value, the transmit power optimized by
Benchmark 3 [28] results in a 24.25% reduction in spectral
efficiency compared to the proposed approach.

6) Computational feasibility and latency analysis: To en-
sure the practicality of deploying the proposed FPDS-DDPG
approach on LEO satellites, we analyze its computational
efficiency, power consumption, and execution latency. As dis-
cussed in Section III.D, full DRL training is conducted offline
on the ground, while only inference and lightweight fine-
tuning occur onboard the LEO satellite. The onboard inference
runs on an AMD Xilinx Zynq UltraScale+ MPSoC with a
Quad ARM Cortex-A53 CPU and a deep learning processing
unit (DPU) accelerator, consuming 7-10 W of power. This
system exemplifies the highly integrated onboard computing
platforms used in practice on LEO satellites [29].
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different transmit power.

The estimated floating-point operations (FLOP) required for
a forward pass of the actor and critic networks is

La

Crrop = O<2<6N + Q)Nl + QZNlNH-l
=1
Lc
+2(N +1)N; + 22 NlNHl).
=1

(34
With N = 32, Ly = L¢c = 2, N, 128, FLOP count
is Crrop = 123904 FLOPs. If we use CPU at 50 giga
FLOP per second (GFLOPS), processing time is 2.48 us,
while using DPU at 500 GFLOPS results in processing time
of 0.248 us per inference iteration. The rerun frequency of
the algorithm is dynamically adjusted based on environmental
variations, ensuring efficient adaptation to changing spectrum
conditions. Furthermore, computational tasks are distributed
between ground stations (for offline model training) and LEO
satellites (for real-time inference and fine-tuning) to balance
power and resource constraints. These results demonstrate
that the proposed approach is computationally feasible and
meets the real-time operational requirements of LEO satellite
networks.

V. CONCLUSIONS

This article introduced a novel joint design of LEO beam
size and power allocation within a multi-beam GEO-LEO

25

LEO satellite transmit power (W)

14 18 22 26 30 34

10
Number of LEO beams inside a GEO beam

3‘0 3‘5 40 2 6 38
Fig. 12: LEO spectral efficiency under
different transmit power optimizations.

CSN, incorporating crucial factors such as tolerable intersys-
tem interference, Doppler frequency offsets, and frequency
reuse to maximize spectral efficiency. As the first work to
directly address Doppler frequency offsets in this context,
we leveraged a fast-converging DRL algorithm that combines
fuzzy logic and PDS techniques with the DDPG approach. Our
comprehensive analysis revealed the impact of Doppler offsets
on transmission bandwidth and provided a robust framework
for quantifying intersystem interference and evaluating LEO
spectral efficiency across various scenarios. Simulation results
validated the effectiveness and adaptability of our design,
paving the way for enhanced performance in future GEO-LEO
satellite communications.
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