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Abstract—Ultra-dense Low earth orbit (LEO) satellite-
terrestrial network (ULSN) has evolved as a new paradigm
to provide ubiquitous and high-capacity communications in
next generation wireless networks. However, the direct LEO
satellite broadband connectivity faces significant challenges in
urban environments due to the masking effect, which limits the
reliability and availability of communication links in ULSNs. To
address this, reconfigurable intelligent surface (RIS) is emerging
as a promising solution in ULSNs. In this paper, we investigate
RIS-aided downlink data transmission in urban environments of
multi-users in ULSNs. We set up a mixed-integer programming
(MIP) model for maximizing the sum rate of terrestrial users
in ULSNs. To solve the complex MIP problem, we propose
a two-phase joint optimization (TPJO) algorithm with a deep
learning phase and an alternative optimization (AO) phase. In
the deep learning phase, a deep neural network (DNN) algorithm
is employed to obtain the optimal user association matrix based
on the positions of terrestrial users and LEO satellites. Then
in the AO phase, successive convex approximation (SCA) is
utilized to transform the nonconvex subproblems of beamforming
and RIS phase design into convex formulations and iteratively
solve them. Simulation results demonstrate that the proposed
algorithm outperforms other baseline algorithms.

Index Terms—Ultra-dense LEO satellite-terrestrial network,
multiple-input multi-output, convex optimization, reconfigurable
intelligent surface, deep neural network.

I. INTRODUCTION

W ITH the burgeoning development of ultra-dense low
earth orbit (LEO) satellite constellations, such as Star-

link and OneWeb, the integration of LEO satellites with terres-
trial networks has heralded a new paradigm for future sixth-
generation (6G) networks [1], [2]. Ultra-dense LEO satellite-
terrestrial network (ULSN) is expected to play a critical role
not only in providing ubiquitous coverage to remote areas,
but also delivering massive and high-capacity access in dense
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urban scenarios [3], [4]. In recent years, SpaceX’s ‘direct to
cell’ has emerged as a revolutionary integration architecture in
ULSNs, which offers cellular connectivity and allows mobile
users to directly connect to LEO satellites. However, for urban
mobile users, high-rise buildings pose a major obstacle, often
blocking the line-of-sight (LOS) paths necessary for effective
communication between LEO satellites and mobile users,
leading to a masking effect that impacts the efficiency and
reliability of satellite-terrestrial communications [5]. Studies
conducted by the Third Generation Partnership Project (3GPP)
highlight this issue, indicating that in urban environments, the
probability of maintaining a LOS connection between LEO
satellites and terrestrial users can plummet to as low as 24.6%
[6]. Consequently, the coverage area of LEO satellites in urban
scenarios is reduced, resulting in limited service availability
in ULSNs for mobile users on the street, which highlights the
need for innovative solutions to address this limitation.

To overcome the masking effect of non-LOS (NLOS) paths
and enhance the data transmission of ULSNs in urban envi-
ronments, a promising emerging approach is the utilization of
reconfigurable intelligent surfaces (RIS) [7]. Specifically, RIS
is an electromagnetic metasurface consisting of a multitude
of reconfigurable elements, each capable of independently
controlling the reflected phase shift [8]. The cooperation of
each independent RIS element can amplify the incident signal,
enable the enhancement of power in the desired direction [9],
resulting in finely-tuned passive beamforming gain. By intelli-
gently reflecting and redirecting the signals, RIS placed on the
exteriors of high-rise buildings can establish LOS links, facil-
itate street-level communication and dramatically improve the
coverage and connectivity of ULSNs [10]. The RIS emerges
as a critical and innovative element in ULSNs, offering more
efficient integration for LEO satellites with terrestrial networks
and a reduction in power consumption and complexity, particu-
larly when compared to terrestrial relays in traditional satellite-
terrestrial networks [11]. However, the successful deployment
of RIS in urban environments of ULSNs faces several chal-
lenges. In multi-user scenarios, improper phase design of RIS
elements can potentially exacerbate interference among users
and degrade network performance [12]. Meanwhile, consid-
ering the high mobility of LEO satellites and propagation
delay of satellite-terrestrial links, there is a high demand for
low time-complexity algorithms in ULSNs. Additionally, the
integration of RIS with existing ULSN infrastructure poses
technical challenges, including requirements of efficient user
association mechanisms, effective power allocations for users,
signal propagation loss of satellite-terrestrial links. Therefore,
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to address these challenges, the development of effective low
complexity algorithms for joint user association, beamforming
and RIS phase design is critically important in ULSNs.

To the best of our knowledge, the utilization of RIS for
enhancing the sum rate of LEO satellite downlink commu-
nications in ULSNs has not been investigated. In this paper,
we investigate RIS-aided multiple-input multi-output (MIMO)
downlink data transmission in the urban environments of
multi-users in ULSNs. We formulate a mixed-integer pro-
gramming (MIP) problem which aims at maximizing the sum
rate of terrestrial users, while satisfying the transmit power
budgets at LEO satellites. Due to the coupling of integer and
continuous variables and the intractable non-convexity of the
established MIP problem, we decouple the original problem
into two phases. Subsequently, deep neural network (DNN)
and alternating optimization (AO) are proposed to obtain the
optimal user association and iteratively solve beamforming
vectors and RIS phase shifts, respectively. Main contributions
of this work are summarized as follows:
• RIS-aided LEO downlink data transmission - We focus

on RIS aided LEO satellite-terrestrial MIMO downlink
communication system in urban environment for multi-
user scenario. A MIP problem considering power con-
straint of LEO and rate constraint of terrestrial users is
formulated to maximize sum rate of terrestrial users in
ULSN.

• Two-phase joint optimization (TPJO) - We propose a
TPJO algorithm to decouple the original MIP problem
into two phases, including a deep learning phase of
integer programming that optimizes the user association,
and an AO phase of continuous programming which
jointly optimizes the beamforming and RIS phase shift.

• DNN-based user association with LEO satellites - We
use the DNN algorithm to solve the integer programming
of user association between terrestrial users and LEO
satellites. Further, we train a fully connected neural
network (FCNN) model to generate the association matrix
based on the positions of terrestrial users and LEO
satellites.

• AO-based joint beamforming and RIS reflecting design
- We decompose the continuous programming problem
into two subproblems including the beamforming opti-
mization and RIS reflecting design, and jointly solve
them through the AO approach. For each iteration in
AO, we use the successive convex approximation (SCA)
method to approximate the subproblems into convex for
beamforming and RIS reflecting design, respectively.

The rest of this paper is structured as follows. Section
II provides an overview of relevant works in the literature.
Section III presents the system model and the problem formu-
lation. Sections IV discusses the proposed algorithms to solve
the formulated MIP problem. Section V provides numerical
results to evaluate the proposed solutions. Finally, we draw
conclusions in Section VI.

II. RELATED WORK

RIS has recently surfaced as a notable technological ad-
vancement in academia for achieving energy-efficient and

high-spectrum efficiency in satellite communication systems.
In RIS-aided satellite communication systems, RIS is placed
either on the satellites to assist inter-satellite communications
[13], [14] or near the ground to enhance the satellite-terrestrial
microwave communications [15]–[21]. For instance, Zheng
et al. propose an optimal beamforming and phase shifting
design using a semi-definite programming (SDR) algorithm,
maximizing the effective channel gain in single satellite and
single-user scenarios of RIS-aided satellite communication
in satellite-terrestrial integrated networks (STINs) [15]. To
achieve high band utilization and channel quality, Cho et al.
present a design for a dual-band RIS tailored for satellite
network communication, which facilitates dynamic beamform-
ing and frequency selection on different bands [10]. In [16],
Dong et al. investigate the RIS-based secure cooperative
transmission for STINs. They propose an AO scheme to
minimize eavesdropper interference while maintaining target
signal-to-interference-plus-noise Ratio (SINR) levels of each
satellite users. Additionally, Liu et al. investigate uplink data
transmission in STINs with the aid of RIS based on non-
orthogonal multiple access, where a two-layer alternating
algorithm is proposed to enhance the ergodic sum rate [20].

As the demand for high data transmission capacities grows,
MIMO technologies are being increasingly integrated into
satellite communications. You et al. delve into the feasibility
and efficacy of LEO satellite communications utilizing MIMO
techniques [22]. Their research reveals that the application
of large-scale MIMO substantially improves the capacity
and overall performance of satellite networks, presenting a
significant improvement over traditional LEO satellite com-
munication systems. Meanwhile, RIS is usually be applied
to multi-antenna systems [19], which serves to elevate the
quality and efficiency of communication in satellite networks
demonstrating the versatility and impact of RIS technology
[23]. Deng et al.’s work stands out by synergizing holographic
MIMO with RIS, designing a multi-LEO satellite communi-
cation system that leverages holographic MIMO for dynamic
beamforming [19]. This integration with RIS optimizes chan-
nel characteristics, marking a significant advancement in en-
hancing transmission rates and network reliability. In wireless
communications including RIS-aided communication systems
and STINs, machine learning as well as convex optimization
is an effective tool for user association, beamforming design
[24]–[26]. Sui et al. explore channel and power allocation in
STINs using a two-step approach, combining convex optimiza-
tion and DNN methods [24]. To maximize the secrecy rate
in RIS-aided unmanned aerial vehicle networks, Yang et al.
propose secure transmission scheme based on deep Q-network
[25]. Meanwhile, Bie et al. propose a two-step fractional
linearization algorithm for user association to maximize the
minimal SINR among cell-free users [26].

Existing studies on RIS-aided satellite communications
mainly concentrate on single-user or single-satellite contexts.
As ULSNs evolve, the significance of multi-user and multi-
satellite scenarios becomes increasingly pronounced for future
development of ULSNs. Meanwhile, the high mobility of
LEO satellites poses significant challenges to algorithmic
complexity, particularly within multi-user and multi-satellite
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scenarios of ULSNs. Therefore, it is necessary to design low-
complexity algorithms for multiple terrestrial user scenarios to
jointly optimize user association, beamforming and RIS phase
design. Drawing inspiration from the preceding analysis, we
explore the RIS-aided downlink data transmission in the urban
environments of multiple terrestrial users in ULSNs. Low-
complexity algorithms are designed to reduce the interference
between multiple terrestrial users and improve the sum rate of
multi-users with in a ULSN.

III. SYSTEM MODEL

As depicted in Fig. 1, we consider a MIMO downlink
communication system with the aid of RIS in a ULSN. There
are NS LEO satellites represented by S = {1, 2, . . . , NS}
providing services to a terrestrial region, where each LEO
satellite is equipped with MS uniform planar array (UPA)
antennas. The RIS is strategically deployed on the outside wall
of a high-rise building to assist the communication process.
On the terrestrial front, we consider an urban environment
densely populated with NU single-antenna users represented
by U = {1, 2, . . . , NU}. Using the three-dimensional (3D)
Cartesian coordinate, the arrays of the LEO satellites serving
this area are situated on the x-y plane, while the elements of
the RIS are located on the x-z plane.

In satellite communication systems, time is partitioned into
small slots. Within each slot, the relative network topology and
channel state information (CSI) are considered static. Similar
to the existing research [17], we consider a small relative
time period where the system is quasi-static. Moreover, perfect
CSI is assumed for all channels, which is achieved through
the centralized radio access network architecture. The signal
transmission from LEO satellites to terrestrial users occurs via
two distinct pathways:

1) NLOS direct link: This involves the signal being trans-
mitted directly from the LEO satellite to the terrestrial
users, which suffers from masking effect and is usually
blocked by urban high-rise buildings.

2) LOS reflect link: The signal is reflected via the RIS redi-
recting the LEO satellite’s signal towards the terrestrial
user. This link effectively bypasses obstacles that may
obstruct the direct line of sight, potentially enhancing
signal strength and reliability by providing an alternative
path for the signal to reach the terrestrial user.

A. Channel Model

In communication channel modelling, we take into account
both large-scale fading (LSF) representing the path loss and
shadowing effects over the long distances, and small-scale fad-
ing reflecting the rapid fluctuations in signal strength caused
by factors such as multipath propagation. The LSF is given
by [20]

L (d, fc;−η) =

(
c

4πfc

)2

d−η, (1)

where c denotes the light speed, d is the link distance, fc the
carrier frequency, and η the path loss coefficient.

We adopt the Rayleigh fading model for the NLOS direct
link between LEO satellite and terrestrial user. The direct

Fig. 1. RIS-aided LEO satellite-terrestrial downlink communications in urban
environment.

channel gain gm,k ∈ CMS×1 between the m-th LEO satellite
and the k-th terrestrial user is given by

gm,k =
√
GSGULm,kg̃m,k, (2)

where GS is the maximum LEO beam gain, GU the maximum
antenna gain of terrestrial users, Lm,k the LSF between
the m-th LEO satellite and the k-th terrestrial user with
Lm,k = L(dm,k, fc;−η1), dm,k is the distance between the
m-th LEO satellite and the k-th terrestrial user, and η1 is
the NLOS path loss coefficient. The elements of g̃m,k all
conform to the independent complex Gaussian distribution of
CN (0, 1).

For the LOS reflect link, it is divided into two segments:
from LEO satellite to the RIS, and from the RIS to terrestrial
user. The channel between the m-th LEO satellite and the RIS
is modelled based on Rician channel model as

Hm =
√
GSLm,R

(√
κ1

κ1 + 1
H̄m +

√
1

κ1 + 1
H̃m

)
, (3)

where Lm,R denotes the LSF between m-th LEO satellite
and RIS with Lm,R = L(dm,R, fc;−η), dm,R is the distance
between m-th LEO satellite and RIS and κ1 is the Rician
factor of satellite-terrestrial channel. In the Rician channel
model, H̄m and H̃m denote the LOS and NLOS component
respectively. The elements of H̃m are independently chosen
from CN (0, 1). Moreover, H̄m is modelled as

H̄m

= vRm(Ψx
AOD,Rm

,Ψz
AOD,Rm

)vTSm
(Ψx

AOA,Sm
,Ψy

AOA,Sm
),
(4)

where vRm
and vSm

denote the UPA array response vector of
the RIS and the m-th LEO satellite respectively, Ψx

AOA,Sm
and

Ψy
AOA,Sm

are the angle of arrival (AOA) from LEO satellite
to the RIS associated with x-axis and y-axis respectively,
Ψx
AOD,Rm

and Ψz
AOD,Rm

the angle of departure (AOD) from
LEO satellite to the RIS associated with x-axis and z-axis
respectively.

Both vRm
and vSm

follow similar derivation processes and
we take vSm

as an example. For the UPA array response vector

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2025.3532342

© 2025 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Nanjing University. Downloaded on April 02,2025 at 11:30:22 UTC from IEEE Xplore.  Restrictions apply. 



4

of the m-th LEO satellite, vSm
∈ CMS×1 is deduced by the

Kronecker product of the x-axis and y-axis steering vectors as

vSm
= vxSm

(Ψx
AOA,Sm

)⊗ vySm
(Ψy

AOA,Sm
), (5)

where ⊗ is the Kronecker product, vxSm
∈ CMS,x×1 and

vySm
∈ CMS,y×1 denote the steering vectors of the x-axis and

y-axis respectively. vxSm
(Ψx

AOA,Sm
) and vySm

(Ψy
AOA,Sm

) can
be represented as

vxSm
(Ψx

AOA,Sm
)

=
[
1, e−jπ sin Ψx

AOA,Sm , . . . , e−jπ(MS,x−1) sin Ψx
AOA,Sm

]T
,

(6)
vySm

(Ψy
AOA,Sm

)

=
[
1, e−jπ sin Ψy

AOA,Sm , . . . , e−jπ(MS,y−1) sin Ψy
AOA,Sm

]T
.

(7)
Based on the 3D spatial configuration, the following equations
can be derived regarding the AOA between the m-th LEO
satellite and the RIS

sin Ψx
AOA,Sm

=
ex(rS,m − rR)

T

|rS,m − rR|
, (8)

sin Ψy
AOA,Sm

=
ey(rS,m − rR)

T

|rS,m − rR|
, (9)

where ex = [1, 0, 0] and ey = [0, 1, 0] represent the unit
vectors in the x and y directions, rS,m represents the position
vector of the m-th LEO satellite, and rR represents the
position vector of the RIS.

Similarly, the channel from the k-th user to the RIS lk ∈
CMR×1 is modelled as

lk =
√
GULR,k

(√
κ2

κ2 + 1
l̄k +

√
1

κ2 + 1
l̃k

)
, (10)

where LR,k is the LSF between the RIS and the k-th terrestrial
user with LR,k = L(dR,k, fc;−η3), dR,k is the distance
between the RIS and the k-th terrestrial user, η3 is the
corresponding path loss coefficient, and κ2 is the Rician
factor of terrestrial channel. Similarly, the elements of NLOS
component l̃k are independently selected from CN (0, 1).
Meanwhile, l̄k denotes the corresponding LOS components
represented as

l̄k = vTRk
(Ψx

AOA,Rk
,Ψz

AOA,Rk
), (11)

where Ψx
AOA,Rk

and Ψz
AOA,Rk

stand for the AOA from the
RIS to the k-th terrestrial user associated with x-axis and z-
axis respectively. The derivation process of vRk

is analogous
to that of vSm .

Under the above analysis, the channel matrix between the
m-th LEO satellite and the k-th terrestrial user is given by

hm,k = lkΨHm + gm,k, (12)

where Ψ = diag (Ψ1,1,Ψ2,2, . . . ,ΨMR,MR
) represents the

RIS phase shift matrix, and Ψi,i represents the phase shift
of the i-th reflecting element. The amplification of each RIS
reflecting element is set to one for passive RIS in order to ease
the implementation of the RIS hardware given by ‖Ψi,i‖2 = 1
for all i ∈ [1,MR] and Ψi,i = ejφi with φi ∈ [0, 2π).

B. Problem Formulation
To more accurately represent the association between terres-

trial users and LEO satellites, a binary user association matrix
A, dimensioned NS × NU , is employed. Within this matrix,
am,k = 1 signifies that the k-th terrestrial user access the m-th
LEO satellite and am,k = 0 otherwise. The signal emitted by
the m-th LEO satellite is determined as

sm =

NU∑
k=1

wm,ksm,kam,k, (13)

where sm,k is the signal for the k-th terrestrial user by the
m-th LEO satellite which satisfies E

[
|sm,k|2

]
= 1, and

wm,k ∈ CMS×1 (1 ≤ m ≤ NS , 1 ≤ k ≤ NU ) represents the
optimization beamforming variable. The overall beamforming
matrix of the whole system is denoted as

W =


w1,1 w1,2 · · · w1,NU

w2,1 w2,2 · · · w2,NU

...
...

. . .
...

wNS ,1 wNS ,2 · · · wNS ,NU

. (14)

Meanwhile, spatial division multiple access (SDMA) is
utilized with proper beamforming, which uses UPA anten-
nas of LEO satellites to spatially separate different users.
The SDMA allows multiple terrestrial users to communicate
simultaneously on the same frequency channel at the same
time. Due to the use of SDMA, each terrestrial user shares
the same frequency channel, which inherently leads to co-
channel interference between users. Thereby, the signal, ym,k,
received by the k-th terrestrial user sent by the m-th LEO
satellite combines the desired signal, intra-satellite interference
from the same LEO satellite to other users, inter-satellite
interference from other LEO satellites and noise which is
deduced as

ym,k = hm,kwm,ksm,kam,k︸ ︷︷ ︸
Desired signal

+
∑
k′ 6=k

hm,kwm,k′sm,k′am,kxm,k′︸ ︷︷ ︸
Intra−satellite interference

+
∑
m′ 6=m

∑
k′ 6=k

hm′,kwm′,k′sm′,k′am,kam′,k′︸ ︷︷ ︸
Inter−satellite interference

+ N0︸︷︷︸
Noise

,

(15)
where N0 ∼ CN

(
0, σ2

0

)
denotes additive Gaussian white

noise of power σ2
0 . The achievable rate of the m-th LEO

satellite to the k-th user is denoted as

Rm,k = Bam,k log2 (1 + γm,k) , (16)

where B is the bandwidth of the frequency channel which
is the same for each link, and γm,k is the SINR of data
transmitted by the m-th LEO satellite to the k-th terrestrial
user given by

γm,k =
|hm,kwm,k|2∑NS

m′=1

∑NU

k′=1,k′ 6=k |hm′,kwm′,k′ |2 am,kam′,k′ + σ2
.

(17)
The sum rate can be derived as

RSUM =

NS∑
m=1

NU∑
k=1

Bam,k log2 (1 + γm,k) . (18)
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Fig. 2. TPJO for joint user association, beamforming and RIS shift optimization.

We aim to enhance the aggregate downlink sum rate within
the given setup through the jointly optimization of the user
association matrix, the beamforming at each LEO satellite, and
the phase shift of each RIS element. The proposed model is
constrained by the rate requirements for each terrestrial user,
power transmission limits for each LEO satellite, and user
association constraints between LEO satellites and terrestrial
users. Consequently, we structure the overarching problem as

max
W,A,Ψ

NS∑
m=1

NU∑
k=1

am,k log2 (1 + γm,k) (19a)

s.t.

NU∑
k=1

am,k|wm,k|2 ≤ P0, ∀m ∈ S, (19b)

NS∑
m=1

Bam,k log2 (1 + γm,k) ≥ R0, ∀k ∈ U , (19c)

NS∑
m=1

am,k = 1, ∀k ∈ U , (19d)

am,k ∈ {0, 1}, ∀m ∈ S, k ∈ U , (19e)

|Ψi,i|2 = 1, ∀1 ≤ i ≤MR, (19f)
Ψi,i′ = 0, ∀i′ 6= i, 1 ≤ i, i′ ≤MR. (19g)

In (19), P0 defines the maximum transmission power of LEO
satellites with the power constraint presented in (19b), and
R0 > 0 specifies the minimum rate of transmission required
for every terrestrial user, with its corresponding rate constraint
detailed in (19c). It is stipulated that each terrestrial user k
is permitted to access only one LEO satellite m within its
range, as delineated in (19d) and (19e). Furthermore, the phase
limitations for each element of the RIS are outlined in (19f)
and (19g), where the RIS phase matrix is a diagonal complex
matrix and the Euclidean norm of each diagonal element is 1.

The proposed sum rate maximization model in (19) is
an MIP problem which is non-deterministic polynomial-time
hard. It is difficult to solve since the objective function and
constraints of (19) are all nonconvex. Moreover, the user
association, beamforming and RIS phase shifts are coupled
both in objective function and constraints which makes the
MIP problem much more challenging.

IV. ALGORITHM DESIGN

In this section, we design a TPJO algorithm for joint user
association, beamforming, and RIS phase design optimization.
Specifically, we transform the origin nonconvex problem in
(19) into three subproblems of two phases based on DNN
and AO, while apply SCA method to transfer the nonconvex
problem into convex optimization.

A. Overview of Proposed TPJO Algorithm
We separate the MIP problem into the programming of inte-

ger and continuous variables respectively, and propose a two-
phase optimization process for incorporating deep learning and
AO. The proposed TPJO algorithm for solving problem (19)
is illustrated in Fig. 2 and Algorithm 1. In the deep learning
phase of integer programming, DNN takes the positions of
terrestrial users and LEO satellites as inputs to determine
the user association matrix A∗ based on Algorithm 2. In
the AO phase of continuous programming, the process splits
into two subproblems including beamforming and RIS phase
design, where the two subproblems are solved iteratively by
AO until convergence. To elaborate, we begin the algorithm by
initializing the variables W(0) and Ψ(0). In each subsequent
iteration, indexed as i, we compute W(i) and Ψ(i) by solving
(34) and (52) based on the solutions obtained in the previous
iteration, i.e., W(i−1) and Ψ(i−1) using Algorithm 3 and
Algorithm 4 respectively. This iterative process continues until
specific convergence criteria are met.
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Algorithm 1 TPJO algorithm.

Input: Random initial variables W(0),Ψ(0), threshold ε0.
Output: Solution A∗,W∗,Ψ∗.

1: Obtain the user association A∗ by Algorithm 2.
2: Obtain the initial sum rate R(0)

SUM based on A∗, W(0),
and Ψ(0).

3: Let iteration number i = 0.
4: repeat
5: i = i+ 1.
6: Update W(i) by Algorithm 3 based on Ψ(i−1).
7: Update Ψ(i) by Algorithm 4 based on W(i−1).
8: Obtain R(i)

SUM by A∗, W(i), and Ψ(i).
9: until |R(i)

SUM −R
(i−1)
SUM | < ε0.

10: W∗ = W(i).
11: Ψ∗ = Ψ(i).
12: return A∗,W∗,Ψ∗.

B. Deep Learning Phase for User Association

By fixing the beamforming matrix W and RIS phase shift
Ψ, the original optimization problem (19) is transferred into
the user association optimization subproblem of A which can
be formulated as

max
A

NS∑
m=1

NU∑
k=1

am,k log2 (1 + γm,k) (20)

s.t. (19b)− (19e).

Conventional algorithms for user association, such as many-
to-one matching or optimization-based approaches, require
substantial computation after acquiring user and satellite posi-
tions, leading to increased latency, especially in high-mobility
LEO satellite environments. In contrast, using DNN algorithm
allows for real-time prediction of user associations by training
offline on simulated possible future positions, making it a more
efficient and latency-sensitive solution. Here, we focus on
leveraging the power of deep learning algorithms to establish a
comprehensive understanding of the relationships among user
positions, LEO satellite positions, and user association in (20).

1) Training dataset construction
We generate the training dataset for DNN using data sam-

ples including user positions, satellite positions and user asso-
ciation schemes, as shown in Fig. 2. Specifically, we first gen-
erate user positions considering the uniform random distribu-
tion of users. Then satellite positions are generated randomly
of possible satellite positions of certain orbit parameters. Let
PS = {rS,1, rS,2, ..., rS,NS

} and PU = {rU,1, rU,2, ..., rU,NU
}

denote the position sets of LEO satellites and terrestrial users
respectively. For each position set pair of user and satellite
positions (PS ,PU ), we generate we generate user association
scheme from maximum remaining time access [27], and µ
random access schemes, where Monte Carlo method is used.
Among these µ+1 schemes, the scheme with the highest sum
rate value calculated by Algorithm 3 and Algorithm 4 in AO
phase is chosen to form the dataset.

The n-th training sample in the dataset is given by r
(n)
S,1, . . . , r

(n)
S,NS︸ ︷︷ ︸

LEO positions

, r
(n)
U,1, . . . , r

(n)
U,NU︸ ︷︷ ︸

user positions

, A(n)︸︷︷︸
user

association

, R
(n)
SUM︸ ︷︷ ︸

maximum
sum rate

 .

Here, rS,m, rU,k denote the normalized position input of LEO
position and user position, respectively, where 1 ≤ m ≤ M
and 1 ≤ k ≤ K. Notably, the RIS position is not used as
an input here, as RISs are typically deployed on the exterior
surfaces of buildings, and their positions remain fixed after
deployment. When considering RIS deployment locations, we
can train different FCNN models for each specific position.
The DNN is tasked to learn the complex interplay between
terrestrial user and LEO satellite positions, and their direct
impact on the establishment of reliable and efficient commu-
nication links, ultimately contributing to the optimization of
network performance in terms of the sum rate.

2) DNN with FCNN architecture
We utilize an FCNN architecture of DNN with three hidden

layers to approximate the optimal user association solution
of (20). The relationship between LEO positions PS , user
positions PU and user association matrix A is expressed as

Ã = f(PS ,PU ;λ). (21)

Here, f(·) denotes FCNN architecture with parameters λ
based on the rectified linear unit (ReLU) function. The output
Ã predicted by the DNN consists of continuous variables. To
convert Ã into a binary user association matrix A, we asso-
ciate each terrestrial user with the LEO satellite corresponding
to the maximum value in Ã. For the discretization of Ã, we
define that the maximum element in each column is set to
one, while the others are set to zero. The output of the DNN
is represented as A.

3) Training Procedure
The FCNN parameter, λ, is updated by minimizing the loss

function embedded in the sum rate of ULSNs in each training
step. The loss function is calculated by the mean squared
error (MSE) [28] which measures the difference between
sum rate RSUM (A) computed with the current association
matrix A and sum rate RSUM (Ã) obtained with the predicted
association matrix Ã by (21) defined as

F (λ) =
1

D

D∑
n=1

∣∣∣RSUM (An)−RSUM (Ãn)
∣∣∣2 , (22)

where D represents the batch size in the FCNN, and
An denotes the user association matrix in the n-th batch.
As outlined in Algorithm 3, the LEO satellite positions
PS (n) = {r(n)

S,1, r
(n)
S,2, ..., r

(n)
S,NS
}, user positions PU (n) =

{r(n)
U,1, r

(n)
U,2, ..., r

(n)
U,NU

}, user association matrix Ã(n), and the
corresponding sum rate R(n)

SUM are stored in the training buffer
of the DNN. After calculating the MSE, λ is updated to
minimize this error. This step is repeated for each training
iteration, progressively refining the DNN’s ability to predict
the user association matrix.
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Algorithm 2 DNN based user association.
Input: The buffer B =

{
B1,B2, ...,BNsample

}
with Nsample

sets of positions of users U and LEO satellites S.
Output: A final user association matrix A∗ between terres-

trial users U and LEO satellites S .
1: Offline Training:
2: for each training step do
3: Calculate the MSE

F (λ) = 1
D

∑D
n=1

∣∣∣RSUM (An)−RSUM (Ãn)
∣∣∣2.

4: Updating the network parameter λ.
5: end for
6: Store the FCNN parameter λ.
7: On-line Stage:
8: Calculating the user association matrix Ã according to the

trained FCNN as Ã = f(PS ,PU ;λ).
9: Set the maximum value of each column of Ã as 1 and

others as 0.
10: return Final user association matrix A∗ between terres-

trial users U and LEO satellites S.

4) User association scheme
Then, in the online stage, user association matrix Â is

computed using the fully trained DNN. This calculation is
based on the current positions of the LEO satellites, PS , and
the terrestrial users, PU , along with the stored parameters λ,
which were optimized during the offline training stage. Once
association matrix Â is calculated, the algorithm performs a
post-processing step to optimal user association matrix A∗

based on aforementioned discretization method.

C. Beamforming Optimization in AO Phase

After determining the user association A∗ through DNN in
the deep learning phase, the original MIP problem becomes
a continuous optimization problem concerning beamforming
and RIS phase design. Then in AO phase, the continuous
optimization problem can be reduced into beamforming op-
timization subproblem for given RIS phase matrix Ψ which
is denoted as

max
W

NS∑
m=1

NU∑
k=1

am,k log2 (1 + γm,k) (23a)

s.t. (19b) and (19c).

Constraint (19b) is convex, while the objective function in
(23a) and constraint (19c) are nonconvex which can be trans-
formed into convex by applying approximations that render
their tractability.

Given the characteristics of user association A that each
user is able to access only one satellite, we can define auxiliary
variable tk(1 ≤ k ≤ NU ) for user k and have equivalent trans-
formations of the original problem. Specifically, the auxiliary
variable tk is expressed as

tk =

NS∑
m=1

am,kγm,k + 1. (24)

For ∀k ∈ U , there is only one m ∈ S satisfy am,k = 1.
Assuming that am,k = 1 for user k, tk = γm,k + 1. Accord-
ingly, beamforming subproblem (23) can be transformed into
equivalent form as follows

max
W,tk

NU∑
k=1

log2 tk (25a)

s.t. (19b), (19c) and (24).

Combining constraints (19b) and (24) with the fractional
equation (17), constraint (19b) is reformulated into (26) and
(27) by incorporating auxiliary slack variable βk > 0 for ∀k ∈
U [29],

NS∑
m=1

am,k|hm,kwm,k| ≥ βk
√
tk − 1, (26)

NS∑
m=1

am,k

NS∑
m′=1

NU∑
k′=1,k′ 6=k

am′,k′ |hm′,kwm′,k′ |2 + σ2 ≤ β2
k.

(27)
Constraint (27) is convex, while the right side of the inequality
(26) is quasi-concave which is still non-convex. SCA algo-
rithm is usually employed to iteratively approximate and solve
non-convex problems by constructing a sequence of convex
subproblems. In this paper, we use SCA to approximate the
constraint (26) by its convex upper bound in each iteration of
SCA. Since (26) is nonconvex for the defined domain where
βk > 0 and tk > 1, we denote function g(βk, tk) as

g(βk, tk) = βk
√
tk − 1, (28)

where βk > 0 and tk > 1. Function h(βk, tk; δk) can be
written as

h(βk, tk; δk) =
δk
2
β2
k +

1

2δk
(tk − 1) . (29)

According to the characteristic of arithmetic and geometric
means, the following inequality holds for all δk > 0

βk
√
tk − 1 ≤ δk

2
β2
k +

1

2δk
(tk − 1) . (30)

Then, h(βk, tk; δk) is always an upper bound on g(βk, tk) and
h(βk, tk; δk) ≥ g(βk, tk). Moreover, when fixed point δk =√
tk − 1/βk is reached, the following equalities hold

h(βk, tk; δk) = g(βk, tk), (31)

∇h(βk, tk; δk) = ∇g(βk, tk), (32)

where ∇h(βk, tk; δk) and ∇g(βk, tk) are the gradients of the
functions h(βk, tk; δk) and g(βk, tk) respectively. Obviously,
h(βk, tk; δk) is convex and (26) is restricted into

NS∑
m=1

am,k|hm,kwm,k| ≥
ψk
2
β2
k +

tk − 1

2ψk
. (33)
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Algorithm 3 SCA based beamforming optimization.

Input: Initial beamforming matrix W(0), threshold ε1.
Output: Optimal W∗.

1: i = 0.
2: Initialize δ(i)

k at random.
3: repeat
4: Solve (34) with δ

(i)
k using CVX and get the optimal(

t
(i)
k , β

(i)
k ,W(i)

)
with sum rate of R(i)

SUM .

5: Update W∗ = W(i).

6: Update δ(i+1)
k =

√
t
(i)
k − 1/β

(i)
k .

7: Update ∆RSUM = R
(i)
SUM −R

(i−1)
SUM .

8: i = i+ 1.
9: until ∆RSUM below a threshold ε2 > 0.

10: return Optimal beamforming W∗.

Based on SCA, the quasi-concave inequality is replaced by it
upper bound and problem (25) is transferred into

max
W,tk,βk

NU∑
k=1

log2 tk (34a)

s.t.

NU∑
k=1

am,k|wm,k|2 ≤ P0, ∀m ∈ S, (34b)

tk ≥ 2R0/B , ∀k ∈ U , (34c)
tk ≥ 1, ∀k ∈ U , (34d)
βk > 0, ∀k ∈ U , (34e)
(33) and (27).

It is noted that, for each iteration, problem (34) is transferred
into a convex second order cone problem (SOCP). Specifically,
SOCP can be solved using Mosek which is an efficient CVX
solver for SOCP. At each iteration, δk is updated by its fixed
point in (30) using the optimal βk and tk in the previous
iteration. δk is updated as

δ
(i)
k =

√
t
(i−1)
k − 1/β

(i−1)
k . (35)

Algorithm 3 shows the detailed SCA based beamforming
algorithm for subproblem (34).

D. RIS Phase Shift Optimization in AO Phase

In the AO phase, the RIS shift phase optimization subprob-
lem for a given beamforming matrix W is formulated as

max
Ψ

NS∑
m=1

NU∑
k=1

am,k log2 (1 + γm,k) (36a)

s.t. (19c), (19f) and (19g).

Although constraints (19f) and (19g) are convex, subproblem
(36) remains non-convex in terms of the RIS phase matrix Ψ
embedded in the sum rate expression which is nonconvex.

To make the RIS phase design subproblem (36) tractable, we
decouple the original channel into the direct link which does
not contain the RIS phase matrix Ψ and the RIS link which
contains the RIS phase matrix Ψ. These two parts can be

transferred into effective links as ak,k′ and bk,k′ , respectively.
The effective links ak,k′ and bk,k′ are defined as

ak,k′ =

NS∑
m=1

NS∑
m′=1

diag (lm′,k) Ψam,k · wm′,k′am′,k′ , (37)

bk,k′ =

NS∑
m=1

NS∑
m′=1

gm′,kam,k · wm′,k′am′,k′ . (38)

Proposition 1: The data rate of the k-th user Rk can be
represented by effective channels ak,k′ and bk,k′ as

Rk = B log

(
1 +

∣∣uHak,k + bk,k
∣∣2∑NU

k′=1,k′ 6=k |uHak,k′ + bk,k′ |2 + σ2

)
,

(39)
where u = [Ψ1,1,Ψ2,2, . . . ,ΨMR,MR

].
Proof : Considering the constraints that each terrestrial user

is capable to access one LEO satellite within coverage at each
time. For ∀k ∈ U , there is only one m ∈ S satisfy am,k = 1.
For user k and user k′, assuming am,k = 1 and am′,k′ = 1
then received data rate of the k-th user is represented as

Rk = B log (1 + γm,k). (40)

In this case, ak,k′ and bk,k′ can be expressed as ak,k′ =
diag (lm,k) Ψwm′,k′ and bk,k′ = gm,kwm′,k′ .

The power of expected signal received by the k-th terrestrial
user is derived as

|hm,kwm,k|2 = |diag (lm,k) Ψwm,k + gm,kwm,k|2

=
∣∣uHak,k + bk,k

∣∣2. (41)

Meanwhile, the power of interference signal received by the
k-th user is derived as

NS∑
m′=1

NU∑
k′=1,k′ 6=k

am′,k′ |hm′,kwm′,k′ |2

=

NS∑
m′=1

NU∑
k′=1,k′ 6=k

am′,k′ |diag (lm′,k) Ψwm′,k′ + gm′,kwm′,k′ |2

=
∑
k′ 6=k

∣∣uHak,k′ + bk,k′
∣∣2. (42)

Substituting equations (41) and (42) into (40) gives the proof
to obtain (39) where the transmission rate is expressed by
effective channels. �

Due to the complex non-convex interactions between user
interference and phase shift variables, we use the SCA method
to approximate the problem as a convex one, ensuring a
tractable solution within a reasonable time for ULSN applica-
tions. Similarly, we then introduce auxiliary variable χk where
1 ≤ k ≤ K and

χk = 1 +

∣∣uHak,k + bk,k
∣∣2∑NU

k′=1,k′ 6=k |uHak,k′ + bk,k′ |2 + σ2
. (43)
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Following monotonicity of logarithmic function, the original
RIS phase subproblem in (36) is reduced to

max
χk,u

NU∑
k=1

log2 χk (44a)

s.t.
∣∣uHak,k + bk,k

∣∣2 ≥(
2R0/B − 1

) NU∑
k′=1,k′ 6=k

∣∣uHak,k′ + bk,k′
∣∣2 + σ2

 ,

(44b)

|un|2 = 1, (44c)

χk = 1 +

∣∣uHak,k + bk,k
∣∣2∑NU

k′=1,k′ 6=k |uHak,k′ + bk,k′ |2 + σ2
. (44d)

Introduce auxiliary variable Rk,j and U [31] where

Rk,j =

[
ak,ja

H
k,j ak,jb

H
k,j

aHk,jbk,j 0

]
, (45)

U =

[
uuH uH

u 1

]
. (46)

Note that U can be expressed as U = [u 1][u 1]H which
is positive definite and of rank 1 satisfying U � 0 and
rank(U) = 1. The power of desired signal can be converted
as follow∣∣uHak,k + bk,k

∣∣2 = uHak,ka
H
k,ku + uHak,kb

H
k,k

+ bk,ka
H
k,ku + |bk,k|2

= tr (Rk,kU) + |bk,k|2.

(47)

Similarly to the method in solving (23) by introducing
additional slack variables variable αk > 0, we can change
the nonconvex constraint (44b) into two convex constraints
and solved by SCA iteratively:

tr (Rk,kU) + |bk,k|2 ≥ α2
k(χk − 1), (48)

σ2 +

NU∑
k′=1,k′ 6=k

(
tr (Rk,k′U) + |bk,k′ |2

)
≤ α2

k. (49)

Nonconvex constraint (48) has convex upper bound

y(αk, χk;ψk) =
ψkα

4
k

2
+

(χk − 1)
2

2ψk
. (50)

Then (48) can be restricted into convex constraint as

tr (Rk,kU) + |bk,k|2 ≥
ψkα

4
k

2
+

(χk − 1)
2

2ψk
. (51)

In each iteration, we relax the rank-one constraint and using
SCA to transform the original nonconvex subproblem of RIS

Algorithm 4 SCA and Gaussian randomization based RIS
phase optimization.

Input: Initial RIS phase Ψ(0), threshold ε2.
Output: Optimal Ψ∗.

1: i = 0.
2: Initialize δ(i)

k at random.
3: repeat
4: Solve (34) with δ

(i)
k using CVX and get the optimal

solution of
(
t
(i)
k , β

(i)
k ,U(i)

)
with sum rate of R(i)

SUM .

5: Update V∗ = U(i).
6: Update δ(i+1)

k =
(
t
(i)
k − 1

)
/β2

k(i).

7: Update ∆RSUM = R
(i)
SUM −R

(i−1)
SUM .

8: i = i+ 1.
9: until ∆RSUM below a threshold ε3 > 0.

10: Calculate the diagonal matrix D of eigenvalues and the
corresponding matrix V combined of right eigenvectors.

11: if rank(U∗) = 1 then
12: u = V

√
D.

13: Ψ∗ = diag{ej arg
u[1]

u[MR+1] , · · · , ej arg
u[MR]

u[MR+1] }.
14: else
15: for m = 1, 2, · · · ,M do
16: calculate Ψm according to (56) of sum rate RmSUM .
17: end for
18: m∗ = arg maxmR

m
SUM .

19: Ψ∗ = Ψm∗ .
20: end if
21: return Ψ∗.

phase design into a series of convex subproblems solved
iteratively. Then, problem (36) is transformed to

max
αk,χk,U

NU∑
k=1

log2 χk (52a)

s.t. Un,n = 1, ∀1 ≤ n ≤MR, (52b)
U � 0, (52c)

χk ≥ 2R0/B , ∀k ∈ U , (52d)
χk ≥ 1, ∀k ∈ U , (52e)
αk > 0, ∀k ∈ U , (52f)
(51) and (48).

Problem (52) is equivalent to problem (44) solely when the
optimal solution, denoted as U, maintains a rank-one structure
and is positive semidefinite. Nonetheless, the optimal rank for
problem (52) might exceed one since the rank-one restriction
has been relaxed. At this time, the sum rate achieved by
optimal solution of problem (52) is just an upper bound of
the problem (44). similarly, at each iteration δk is updated by
its fixed point in (30) as

ψ
(i)
k =

(
χ

(i−1)
k − 1

)
/
(
α

(i−1)
k

)2

. (53)

To approach the upper bound of the original problem, the
Gaussian randomization method [32] is employed to generate
a rank-one positive semidefinite matrix from the higher-rank
solution U. The proposed SCA and Gaussian randomization
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based RIS phase optimization is summarized in Algorithm 3.
We initiate the process by computing the diagonal matrix D
containing eigenvalues and the associated matrix V, compris-
ing right eigenvectors. This is achieved through eigenvalue
decomposition as follows:

U = VHDV. (54)

where D = [λ1, ..., λMR
] is diagonal matrix composed of

eigenvalues of U and V = [e1, ..., eMR
] consists of corre-

sponding eigenvectors of U.
We generate M candidate vectors based on the Gaussian

randomization method as follows

ũm = VHD
1
2 rm, m = 1, 2 · · · ,M, (55)

where V is a unitary matrix consisting of the right eigenvec-
tors, D is a diagonal matrix containing the eigenvalues, and
rm represents a random vector. The elements of the vector
rm are mutually independent distributed random variables with
Euclidean norm of 1. Using ũm, the candidate RIS phase shift
matrix are

Ψ̃m = diag

{
e
j arg

ũm[1]
ũm[MR+1] , · · · , ej arg

ũm[MR]

ũm[MR+1]

}
. (56)

The optimal RIS phase shift matrix Ψ∗ is chosen from{
Ψ̃1, Ψ̃2, · · · , Ψ̃M

}
which maximizes the sum rate and sat-

isfies all the constraints of problem (52).

E. Convergence and Complexity Analysis

In the AO phase, the original problem is transformed into
two subproblems, denoted as (23) and (36), as discussed
in the previous section. These subproblems handle different
optimization variables and are solved iteratively. The AO
joint beamforming and RIS phase shift optimization method
demonstrates provable convergence under certain conditions.

Proposition 2: The value of sum rate in (19) is non-
increasing over the iterations following Algorithm 4.

Proof: Define the objective function in (19) as G(W,Ψ)
corresponding to certain beamforming W and RIS phase shift
Ψ. Since the objective function is the same in (23) and (36),
expression holds that

G(Wi−1,Ψi−1) ≤ G(Wi,Ψi−1) ≤ G(Wi,Ψi). (57)

As shown in steps 3 and 4 in Algorithm 1, if there exists
a feasible solution to (36), it is also feasible to (23). This
means that for fix RIS phase shift Ψi−1, both (Wi−1,Ψi−1)
and (Wi,Ψi−1) are feasible solutions while (Wi,Ψi−1) is
the optimal. Nevertheless F (Wi−1,Ψi−1) ≤ G(Wi,Ψi−1)
holds and (57) can be proved in similar manner. �

To evaluate the effectiveness of the proposed algorithms, we
analyze their computational complexity. This analysis helps

TABLE I
MAIN SIMULATION PARAMETERS

Parameters Values
Rician factors κ1 and κ2 15, 10 dB
Frequency band fc 150 MHz [15]
Power density of Gaussian white noise N0 -204 dBm/Hz
Number of LEO satellite antennas M0 4∼16
Bandwidth of each LEO satellite link B 20 MHz [36]
Maximum LEO accessibility evaluation angle 45◦ [1]
Transmission power for each LEO satellite P0 30∼50 dBm [37]
Maximum beam gain of each LEO satellite GS 50dBi [17]
Maximum antenna gain of each terrestrial user GU 20dBi
Thresholds ε0, ε2 and ε3 10−2

Training threshold of DNN ε1 10−5

understand the algorithms’ performance and feasibility for
practical applications in ULSN. The computational complexity
of both Algorithm 3 and Algorithm 4 depends on the num-
ber of iterations, and the number and size of optimization
variables and constraints [33]. For the beamforming subprob-
lem solved by Algorithm 3, the convex problem (34) has
2NSNU + NSNUMS variables, 3NU linear constraints, and
2NU + NS second order cone (SOC) constraints. Thus, the
complexity τ1 of Algorithm 3 is shown in (58), and n1 =
(2NSNU +NSNUMS). For the RIS phase subproblem solved
by Algorithm 4, the convex problem (52) has M2

R+2NS design
variables, 3NU +MR linear constraints of size 1, 2NU SOC
constraints of size 1 and 1 SOC constraints of size MR + 1.
Similarly, the complexity τ2 of Algorithm 4 is shown in (59),
and n2 = (M2

R+2NS). And the complexity of AO procedure
in Algorithm 1 can be calculated based on the complexity of
Algorithm 3 and Algorithm 4 as O (ln(1/ε0)(τ1 + τ2)).

V. SIMULATION

In this section, we evaluate the performance of the proposed
TPJO algorithm through numerical assessment. Terrestrial
users are deployed in a circle centred at (0 m, 50 m, re) with
radius of 50m where re is the radius of the earth. Based on the
analysis presented in [34], the sum rate performance of ULSN
is similar when there are five or more satellites available for
each user. Therefore, we set NS = 5, where these satellites
are at lower orbital altitudes ranging from 500 km to 550 km
chosen from Starlink constellation with 11,927 satellites [35].
And Table I encapsulates the main simulation parameters vital
for the assessment of the proposed algorithms.

To demonstrate the enhanced performance of the proposed
TPJO algorithm and to elucidate the simulation, we assess its
effectiveness against these baseline algorithms:
• RIS with random phase (RP-RIS): The phase of each

diagnal element of Ψ is initialized by random value from
0 to 2π. Meanwhile, user association and beamforming
are solved by Algorithm 2 and Algorithm 3, respectively.

τ1 = O
(√

7NU + 2NSn1

(
(2NSNU +NSNUMS)

2
+ 2NU +NS + (3NU + 1)(2NSNU +NSNUMS)

)
ln(1/ε1)

)
. (58)

τ2 = O
(√

7NU + 2MR + 2n2

(
(M2

R + 2NS)
2

+ (3NU +MR + 1)(M2
R + 2NS) + 2NU + (MR + 1)2

)
ln(1/ε2)

)
. (59)
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Fig. 3. Convergence rate of deep learning phase in TJPO.

• RIS with maximum ratio combination (MRC) (MRC-
RIS): User association and RIS phase are performed by
Algorithm 2 and Algorithm 4, respectively. The beam-
forming vector is obtained using MRC method [38],
where the beamforming vector of each user is

wm,k =

√
P0∑NU

k=1 am,k

hHm,k
|hm,k|

. (60)

• RIS with maximum remaining time (MRT-RIS): In this
baseline, each terrestrial user is associated with the LEO
satellite with maximum remaining time of connectivity.
Meanwhile, beamforming and RIS phase shift are opti-
mized by Algorithm 3 and Algorithm 4, respectively.

Simulations are executed 100 times repeatedly with random
starts, potentially leading to an average result that closely
estimates the true mean.

A. Convergence Performance Analyses

First, the convergence of the proposed algorithms for solv-
ing the subproblems of user association, beamforming and RIS
phase design are verified. For each simulation, we generate
the training dataset for DNN using 1000 data samples in-
cluding user positions, satellite positions and user association
schemes. Fig. 3 displays the convergence pattern of Algorithm
2 using the training dataset with 10 and 20 terrestrial users,
respectively. With the progression of iterations, it becomes
evident, as shown in Fig. 3, that Algorithm 2 typically reaches
convergence around 200 iterations. Specifically, Algorithm 2
converges at the 188-th iteration to 1.2003 × 10−4 when
NU = 10 and the 191-st iteration to 1.1355 × 10−4 when
NU = 20. Results show that the increase in terrestrial users
escalates both the loss and computation complexity.

Fig. 4 elaborates the convergence behavior of the AO phase
in Algorithm 1 for three scenarios of MS = {4×4, 6×6, 8×8}.
Algorithm 1 converges within finite iterations for simulated
parameter values. We also observe that the convergence speed
of Algorithm 1 is non-decreasing with the increasing of the
number of satellite antennas, since increase in the number
of LEO satellite antennas results in an increase in the di-
mensionality of the channel matrix, leading to a subsequent
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Fig. 4. Convergence rate of AO phase in TJPO.
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Fig. 5. Sum rate versus the transmit power constraint of LEO satellites.

rise in computational complexity. The observed phenomenon
provides empirical evidence supporting the accuracy of our
computational complexity analysis. Meanwhile, Fig. 4 also
shows that, a larger MS leads to a higher sum rate due to
increased antenna gain amplitudes and higher degrees of free-
dom, which effectively reduce interference between terrestrial
users. The results demonstrate that our proposed algorithms
exhibit low complexity and achieve fast convergence, which
are suitable for highly dynamic ULSNs.

B. Sum Rate Analyses

Fig. 5 presents a comparison of the sum rate versus max-
imum transmission power of LEO satellite, where P0 =
{30, 35, 40, 45, 50}dBm with fixed NU = 30 under different
algorithms. The sum rate of ULSN increases with the trans-
mission power of LEOs and the increase rate decreases with
the increase in power. When the power is small, noise occupies
the main part in SINR, the SINR increases dramatically with
the value of the signal power received by the user, leading to
the sharp increase in sum rate. When the limiting power of
the LEO satellite is large, the interference power will increase
accordingly when the received channel power increases, and
at this time the enhancement of the sum rate by increasing the
power is limited. The MRC-RIS algorithm adopts an equal
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power distribution strategy, which limits the ability to reduce
interference by simply increasing the total transmission power.

We compare the sum rate of the proposed TPJO with
other baselines with the number of terrestrial users as NU =
{5, 10, 15, 20, 25, 30}, where other parameters are set fixed
as aforementioned. Fig. 6 shows that the sum rate of the
ULSN increases and then decreases slowly as the number
of users increases for all scenarios. The sum rate of ULSN
reaches its maximum value when the number of users is 20.
When the number of users is small, the sum rate of ULSN
increases due to the increase in the number of terrestrial
users. But as the number of terrestrial users increases, for
each user, the number of terrestrial users interfering with it
increases and this aggregate the interference in SINR. And
due to the transmission power limitations of LEO satellites,
the transmission power allocated to transmit data to each user
decreases accordingly. And the sum rate of ULSN decreases
when the number of terrestrial users is more than 20.

Fig. 7 shows the cumulative distribution function (CDF) of
the sum rate of algorithms including TPJO, RP-RIS, MRC-RIS
and MRT-RIS regarding 30 terrestrial users. It can be observed
that the sum rate proposed TPJO algorithm is superior to other
baselines. Although MRC effectively eliminates inter-satellite
interference, it cannot fully eliminate the influence of intra-
satellite interference. This limitation hampers the overall sum

rate performance. Meanwhile, MRT-RIS may lead to uneven
user association of LEO satellites, the ability to mitigate
interference between terrestrial users is limited due to the
limited transmission power of LEO satellites compared with
TJPO. Overall, the TPJO algorithm outperforms the other
baselines, suggesting that its approach to optimizing user as-
sociation, beamforming, and RIS phase shift is more effective
for enhancing network throughput in the given scenarios.

Moreover, we compare our proposed TPJO with continuous
relaxation-based alternating decent (CPAD) algorithm [39] for
solving the MIP algorithm. In CPAD, each binary integer
variable is relaxed to continuous variables in the range [0, 1],
and a penalty term is introduced in the objective function to
approximate the original integer constraints. Then we compare
the simulation results of TPJO with CPAD algorithm in terms
of sum rate CDF. As shown in Fig. 8, the CDF curve for
TPJO is mostly positioned to the right of the CDF curve for
CPAD, indicating that TPJO achieves a higher sum rate at
the same cumulative probability level. In the inset bar chart,
the mean sum rates for TPJO and CPAD are displayed, with
TPJO achieving an average sum rate higher than that of CPAD.
Overall, TPJO outperforms CPAD both in sum rate distribution
and mean performance, suggesting that TPJO enables greater
spectral efficiency and transmission rates. This improvement is
due to the fact that the relaxation of integer variables in CPAD
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may lead to discrepancies in the objective function, impacting
the performance of the optimized sum rate.

C. RIS Deployment

Fig. 9 presents the sum rate of the ULSN versus the number
of RIS elements when NU = 30 and P0 = 30 dBm. It can
be seen that the sum rate increases with the number of RIS
elements MR increasing from 25 to 50. As observed, TPJO
consistently outperforms the other algorithms across all RIS
element counts, indicating its superior capability in leveraging
RIS for enhanced sum rate. The sum rate of the ULSN
achieved by the RP-RIS algorithm fluctuates while others
increase with the increase in the number of RIS elements. This
is because that the increase in the number of RIS elements
may introduce interference in RP-RIS and reduce the sum
rate. And the MRC-RIS displays the lowest sum rate which
means MRC-RIS might not fully exploit the potential of RIS
to mitigate interference between terrestrial users.

Meanwhile, Fig. 10 shows the relationship between sum rate
and the deployment height of RIS elements when NU = 30
and P0 = 30 dBm. Without loss of generality, the elements
of the RIS are located on the x-z plane and the coordination
of RIS is set as (0, 0, re + zR) where zR is the height of
RIS ranging from zR = 20m to zR = 80m. Results reveals
that as the deployment height of the RIS decreases, there
is a greater gain in the overall sum rate. This phenomenon
can be attributed to the impact of LSF. The closer proximity
of the RIS to terrestrial users enhances the signal quality,
mitigating the detrimental effects of LSF and resulting in
increased overall sum rates. However, it is important to note
that when RIS is deployed at low height, it can also be affected
by NLOS conditions. Therefore, it is crucial to determine
the appropriate height for RIS deployment, which strikes a
balance between avoiding significant LSF and minimizing the
probability of NLOS between the RIS and LEO satellites.

Fig. 11 shows the relationship between sum rate and the
deployment location of the RIS in x-axis when NU = 30 and
P0 = 30 dBm. RIS is deployed closer to the center of the
multiple terrestrial users in ULSN, the sum rate of the system
increases. This indicates that the system performance can be
significantly enhanced by strategically selecting the location

of the RIS with respect to the terrestrial user distribution. By
carefully choosing the RIS deployment location, the signal
quality and coverage can be optimized, leading to improved
overall system performance and increased sum rates.

VI. CONCLUSION

With the development of ULSNs for urban environments,
RIS, as a new technology, will play an increasingly important
role in future satellite communications. In this work, we have
investigated the downlink MIMO data transmissions in ULSNs
aided by RIS. To maximize the sum rate of terrestrial users,
we have proposed an MIP model taking into account both the
power constraint of LEOs and the rate constraint of terrestrial
users. We have designed the TPJO algorithm to solve the MIP
problem where DNN is used to optimize the user association
matrix in deep learning phase, while SCA is used for joint
beamforming optimization and RIS reflecting design in the
AO phase. Simulation results demonstrate that the proposed
TPJO algorithm achieves higher sum rate in comparison with
baselines. In the future, we will consider robust beamforming
and RIS reflecting design in the case of imperfect CSI, and
the handover issues with time-variant system regarding high
mobility of LEO satellites.
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