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Abstract—Low earth orbit (LEO) satellite constellation-
enabled communication networks are expected to be an impor-
tant part of many Internet of Things (IoT) deployments due to
their unique advantage of providing seamless global coverage.
In this paper, we investigate the random access problem in mas-
sive multiple-input multiple-output-based LEO satellite systems,
where the multi-satellite cooperative processing mechanism is
considered. Specifically, at edge satellite nodes, we conceive a
training sequence padded multi-carrier system to overcome the
issue of imperfect synchronization, where the training sequence
is utilized to detect the devices’ activity and estimate their
channels. Considering the inherent sparsity of terrestrial-satellite
links and the sporadic traffic feature of IoT terminals, we
utilize the orthogonal approximate message passing-multiple
measurement vector algorithm to estimate the delay coefficients
and user terminal activity. To further utilize the structure of the
receive array, a two-dimensional estimation of signal parameters
via rotational invariance technique is performed for enhancing
channel estimation. Finally, at the central server node, we
propose a majority voting scheme to enhance activity detection
by aggregating backhaul information from multiple satellites.
Moreover, multi-satellite cooperative linear data detection and
multi-satellite cooperative Bayesian dequantization data detection
are proposed to cope with perfect and quantized backhaul,
respectively. Simulation results verify the effectiveness of our
proposed schemes in terms of channel estimation, activity de-
tection, and data detection for quasi-synchronous random access
in satellite systems.

Index Terms—Internet of Things, low earth orbit satellite,
massive multiple-input multiple-output, random access.
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I. INTRODUCTION

As an indispensable component of the space-air-ground
integrated network, low earth orbit (LEO) satellites have
received extensive attention in the research of beyond fifth
generation (B5G) and sixth generation (6G) mobile commu-
nication systems [1]–[4]. Extensive efforts have been devoted
to the construction of satellite constellations over the past few
decades, for example, the Iridium system in the 1990s and
Starlink LEO constellation projects more recently [5]. With
the evolution of space and communication technologies, satel-
lite communication (SatCom) has extended from its original
narrowband voice service to broadband multimedia service,
which also brings more opportunities to the ubiquitous space-
air-ground integrated connectivity.

As an early prototype system of global connectivity, narrow-
band IoT [6] has enjoyed significant success in the long-term
evolution of terrestrial networks (TNs), which has motivated
considerable interest in moving from human-type commu-
nication to machine-type communication (MTC). Given the
explosive growth of data traffic, advanced MTC applications
will be more data-intensive, and the demands of advanced
IoT-enabled applications will shift from low-rate short packet
transmission to more rigorous low-latency, broadband, and
reliable information interaction such as industrial Internet,
smart cities, intelligent transportation, industrial metaverse,
holographic communications, and so on [7]. On the other hand,
remote and disaster areas also still face challenges in accessing
the network due to the high cost of terrestrial infrastructure.
Therefore, it is also of interest to promote broadband LEO
satellite-enabled non-terrestrial networks (NTNs) [8] as a part
of the communication infrastructure.

Due to the massive number of potential MTC user terminals
(UTs) and the long propagation delay between ground and
LEO satellites, it is inefficient to coordinate the channel
resources for uplink access through traditional handshaking
protocols. Grant free-random access (GF-RA) is a compelling
paradigm for massive access in MTC since it allows UTs to
directly transmit their respective preamble and payload data
to base stations (BSs) without the aforehand handshaking
process. Such a mechanism leads to the signal superimposition
of a large number of potential UTs. In this process, identifying
the active devices and estimating corresponding channels are
important preconditions to assure successful data detection at
the receiver. Therefore, performing the joint activity detection
and channel estimation (JADCE) in the preamble stage and
data detection (DD) in the data stage are two important
problems.
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A. Related Works

In the framework of GF-RA, the JADCE problem has
been widely discussed for TNs. The non-orthogonal preamble
transmission is an attractive solution in the design of GF-
RA, as it reduces the long preamble overhead caused by a
large number of potential UTs. By leveraging the sporadic
transmission feature of UTs, [9] proposed to use the analytic
framework of approximate message passing (AMP) in the
JADCE problem, where the length of preamble can be reduced
through compressed sensing. In [10], the authors expanded the
original JADCE problem from the single-cell narrowband case
to the cell-free wideband case, where a structured-sparsity-
based generalized AMP (SS-GAMP) algorithm was utilized
to reduce the pilot overhead. An orthogonal AMP (OAMP)
with multiple measurement vector (OAMP-MMV) algorithm
was further proposed in [11]. By relaxing the assumption of
an independently and identically distributed sensing matrix to
a general unitary invariant one, the OAMP-MMV algorithm
can be applied to a wider range of compressed sensing
problems. Although a correlation-aware group Gram-Schmidt
orthogonalization procedure was utilized to capture the spatial
and temporal correlations in [11], the matrix inversion in the
corresponding nonlinear detection step is more computation-
ally demanding. An alternative form of the OAMP-MMV
algorithm was proposed in [12], where a structured learning
method was utilized to capture the activity state shared by
different data symbols. Without the inversion operation, the
OAMP-MMV algorithm of [12] is computationally simpler to
implement.

On the other hand, some works attempted to migrate
existing 5G technologies from TNs to NTNs. In [13], the
JADCE was addressed for LEO satellite-based scenarios.
By leveraging the sparsity of UTs’ activities, the algorithm
based on Bernoulli-Rician message passing with expectation-
maximization was proposed to reduce the overhead. Different
from [13] which assumed the single receive antenna at the
satellite, the authors of [14], [15] proposed to utilize massive
multiple-input multiple-output (mMIMO) for enhancing the
transmission performance in LEO satellite communications.
More specifically, in [14], a low-complexity statistical channel
state information (CSI)-based downlink precoder and uplink
receiver were designed to improve the data rate of LEO satel-
lite communication systems. Instead of employing a single an-
tenna at the UT, the authors of [15] further employed a uniform
planar array (UPA) at the UT, and they demonstrated that the
single-stream precoding for each UT can maximize the ergodic
sum rate for the linear transmitters. Furthermore, the densely
deployed LEO satellite constellations can provide additional
benefits, such as cooperative processing [16], data offloading
[17], [18], and increased degrees of freedom of observations.
In [19], a multi-satellite cooperative random access scheme
was proposed for the asynchronous system, where a wide
range of ALOHA-based protocols can be applied. Neverthe-
less, the number of collided packets in one slot was restricted
by the number of cooperative satellite nodes, and multiple
repetitive packets were transmitted in the time domain, which
reduced the transmission efficiency. [20] proposed a distributed

mMIMO scheme where multiple satellite access points coop-
erate to serve the ground UTs, and one central super satellite
with advanced computing capabilities coordinated resources
for throughput and handover rate optimization. In general,
[13], [19], [20] assumed a single antenna for the satellites
during multi-user access, which can not fully leverage the
spatial domain advantages of LEO constellations. Although
sophisticated algorithms have been designed in [9]–[13] for
random access, the common assumption of synchronous arrival
is no longer valid in LEO-based communication systems due
to the vast distributed areas of UTs. The authors of [21]
considered an orthogonal time frequency space paradigm in
a single LEO satellite system, where the UTs can access
the satellite with imperfect frame synchronization, and the
problems of activity detection (AD), channel estimation (CE),
and data detection (DD) were comprehensively investigated.
However, the angular domain feature of TSL was not exploited
and an additional user grouping mechanism was required
to combat the high correlation among UTs’ channels when
performing DD in a single satellite system.

To avoid troublesome scheduling mechanisms among
groups [22] and to exploit the advantages of mMIMO in LEO
satellite constellations, we proposed to coordinate multiple
mMIMO-based LEO satellites for improved system perfor-
mance. In our paper, we investigate the JADCE problem in
a quasi-synchronous random access mechanism. Furthermore,
considering the limited computation capability of satellites and
the need to feed back information to the core network, we will
also discuss the multi-satellite cooperative DD mechanism.

B. Our Contributions

Encouraged by the aforementioned developments in TNs
and NTNs, we investigate the JADCE and DD problems
in LEO satellite constellation networks. Motivated by [19],
[23], [24] We propose a training sequence padded (TSP)
multi-carrier system (TSP-MCS), where the training sequence
(TS) is utilized to perform multipath interference cancellation
(MIC) and JADCE. Specifically, the sporadic transmission
feature of uplink packets and sparsity of TSLs in the delay
domain are exploited by an OAMP-MMV algorithm to obtain
an initial estimate of the channel impulse response (CIR) and
active user set (AUS). Then, a two-dimensional estimation
of signal parameters via rotational invariance technique (2D-
ESPRIT) algorithm [25] is further applied to obtain a high-
resolution estimate of the angle of arrivals (AoAs), which can
be used for subsequent parametrized CE refinement. Finally,
by aggregating the processing results from edge satellite nodes,
the central server node performs cooperative AD and DD for
enhanced performance.

The main contributions of this paper can be summarized as
follows.
• TSP-MCS for LEO satellite-based IoT: We use the TSP

frame structure to perform MIC and JADCE. Specifically, a TS
is designed to be longer than the maximum relative channel
delay (RCD) among different UTs. The front part of the TS
is used to combat multipath interference (caused by imperfect
synchronization) among different UTs, while the remaining
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non-inter-symbol-interference (non-ISI) region of the TS is
utilized to perform JADCE.
• OAMP-MMV algorithm for JADCE and parameter-

ized CE enhancement: We use the OAMP-MMV algorithm
for initial JADCE, where the AUS and CIR are acquired
by exploiting the delay domain sparsity and sporadic traffic
feature. Since the TSLs also exhibit high directivity in the
angular domain, a 2D-ESPRIT algorithm is further applied to
capture the spatial structure of the receiver antenna array. Ben-
efiting from the accurate estimation of AoAs, a parametrized
estimation and the reconstruction of the channel are realized
with enhanced performance.
• Cooperative multi-satellite AD and DD: We adopt a

diversity transmission scheme to address the adverse TSL
circumstances, where multi-stream transmission is adopted at
the UT side and an augmented AD is performed at the central
server node 1 by aggregating the estimated AUSs from edge
LEO satellites. We propose to use observations from multiple
LEO satellites and adopt cooperative DD at the central node
to alleviate the high channel correlation problem in a single
satellite system. Considering the signaling cost of backhaul
links, we propose a multi-satellite cooperative linear DD al-
gorithm and a multi-satellite cooperative Bayes dequantization
DD algorithm to cope with perfect and quantized backhaul,
respectively.

The rest of this paper is organized as follows. Section II
describes the channel model and transmission process. Sec-
tion III delves into the JADCE and DD in a single satellite
receiver, which includes the OAMP-MMV algorithm-based
JADCE, 2D-ESPRIT-based CE refinement, and single satellite
DD algorithm. The cooperative AD and DD for multi-satellite
systems are covered in Section IV, where both perfect feed-
back and quantized feedback are discussed. The complexities
of proposed schemes are analyzed in Section V and simulation
results are presented in Section VI. Finally, our conclusions
are summarized in Section VII.

Notation: Matrices and column vectors are denoted by
uppercase and lowercase boldface letters, respectively. IN is
the N × N identity matrix, and 0N×M is the N × M all-
zero matrix. (·)T, (·)∗, (·)H, (·)−1, E{·}, and Var{·} denote
the transpose, conjugate, Hermitian transpose, inversion, ex-
pectation, and variance operations, respectively. The (i, j)-th
entry of matrix X is denoted as [X]i,j . The i-th row and j-th
column of X are denoted by [X][i,:] and [X][:,j], respectively.
[X][I,:] denotes the sub-matrix consisting of the rows of X
whose indexes are specified by the index set I. The i-th
element of a is denoted by [a]i. ‖X‖F denotes the Frobenius
norm of X . Vector convolution operation is denoted by ?,
⊗ denotes the Kronecker product operator and ◦ represents
the outer product operator. supp{·} is the support set of a
vector. diag(a) transforms vector a into the corresponding
diagonal matrix, and 〈A〉 computes the mean of the diagonal
entries of matrix A. |A| is the cardinality of the set A.
A\B = {x|x ∈ A, x /∈ B} is the difference set operation.

1To distinguish different functionalities, we refer to satellites as edge nodes
and the server as the central node. To emphasize the uplink transmission, we
use the ‘backhaul link’ to equivalently represent the term ‘feeder link’ in
traditional SatCom.

Nc (x;a,A) denotes the probability density function (PDF)
of a Gaussian random vector x with mean a and covariance
matrix A.

II. PRELIMINARIES

In this section, we first illustrate the processing framework
in LEO constellation-based random access. Then the system
model and sparsity properties of TSLs are illustrated. Finally,
the detailed transmission procedure in the LEO constellation
network is explained.

A. Processing Framework

Depending on the signal processing ability, the satellites in
an LEO constellation can be classified as bent-pipe satellites
or regenerative satellites [2]. A bent-pipe satellite serves as
a relay to transparently forward signals from UTs to the
central server node, while a regenerative satellite acts as a
BS with signal modulation and demodulation ability. With the
development of satellite technology and space communication
networks, regenerative satellites with signal processing ability
are preferred in LEO constellation, so that the computation
task can be offloaded to satellites [18] and the communication
delay can be decreased correspondingly. According to different
levels of cooperation, the processing framework in a regener-
ative satellites-enabled communication network can be further
divided into three categories.
• Single satellite non-cooperative processing (SSNCP):

With adequate computing resources, each satellite performs
JADCE and DD independently.
• Multi-satellite cooperative terrestrial processing

(MSCTP): After performing CE and AD at each satellite,
necessary information (e.g., the pre-processed received signal,
estimated CIR, and AUS) is fed back to the terrestrial server
for further DD processing.
• Multi-satellite cooperative onboard processing (MSCBP):

The satellite constellation is heterogeneous, and one specific
satellite with high computation power can act as an onboard
server. After performing CE and AD at each edge satellite,
necessary information (e.g., the pre-processed received signal,
estimated CIR, and AUS) is fed back to this onboard server
for further DD processing.

As mentioned later in Section IV, SSNCP suffers from per-
formance deterioration when the channel correlation (caused
by similar AoAs) between two geographically adjacent active
UTs is sufficiently high. By contrast, the cooperative process-
ing schemes, including MSCTP and MSCBP, can alleviate this
problem through diversity gain. In the sequel, we focus on the
cooperative processing mechanism, where the JADCE with
channel estimation refinement is performed at edge nodes to
provide a reliable CE and an initial AUS estimation. Then
enhanced AD and DD are performed at the central server by
fusing the information from multiple edge nodes.

B. System Model

Consider the uplink random access scenario in an LEO
constellation network, where Q LEO satellites simultaneously



4

Active UT

Silent UT

Edge nodes

Central node

Backhaul link

UPA
k

k
O x

y

z

Local coordinate system 

Fig. 1. Schematic diagram of random access in mMIMO-based LEO
constellation for MTC.

provide access service to K UTs in the same coverage area.
As shown in Fig. 1, each LEO satellite is equipped with an
Nr = Nx × Ny UPA with Nx and Ny antenna elements
on the x-axis and y-axis, respectively, and the target UTs
are distributed at the intersection area of the LEO satellites’
footprint. Target devices can access the satellite network via
very small aperture terminals (VSATs). Advanced VSAT may
adopt a phased array antenna with multi-stream beamforming
capability, e.g., the Starlink terminal [26]. Hence, we assume
that each UT is equipped with Q radio frequency (RF)
chains and Nt antennas to provide multi-stream beamforming
capability, and the same data packets are forwarded through
different RF chains to provide diversity gain. For a specific
coherence time interval, only Ka UTs are active owing to the
sporadic traffic feature in MTC.

We focus on the channel model between a specific UT and
an LEO satellite. The target UT on the ground is usually
surrounded by limited scatterers within a radius of rd. Let the
distance between the UT and the LEO satellite be Rd. The
angle spread ∆ = arctan (rd/Rd) observed from the LEO
satellite is very small since Rd � rd. Consequently, multipath
components in TSL share the same AoA but different delays.
The delay-domain mMIMO channel matrix Gk,q[l] ∈ CNr×Nt
between the k-th UT and the q-th satellite at the l-th tap can
be expressed by [27]

Gk,q[l] = αk

P−1∑
p=0

βk,p,q[l]ar (θk,q, φk,q)a
H
t (ϑk,p,q, ϕk,p,q) ,

(1)
where P is the number of paths, and the binary indicator
αk ∈ {0, 1} defines the active status of the UT. By defining
A = {k |αk = 1, 1 ≤ k ≤ K}, the number of active UTs is
given by Ka = |A|. Typically, Ka � K, since MTC exhibits a
sporadic traffic feature. In (1), βk,p,q[l] = %k,p,qr

(
lTs−τk,p,q

)
is the delay-domain channel coefficient between the k-th UT
and the q-th satellite in the p-th path, in which %k,p,q , τk,p,q ,
and r(τ) are the complex path gain, RCD2, and pulse shap-

2Timing advance mechanisms [27] are often used to ensure the transmit
packets from all active UTs in the same cell are approximately synchronized
when received by the BS. Generally, the timing advance cannot be perfectly
performed for SatCom, and hence a residual delay exists.

ing filter with Ts-spaced signaling, respectively. Furthermore,
ar (θk,q, φk,q) ∈ CNr and at (ϑk,p,q, ϕk,p,q) ∈ CNt are
the steering vectors at the q-th satellite and the k-th UT,
respectively, which are detailed as follows based on some
reasonable assumptions.

• Array manifold at the satellite side: For the k-
th UT and q-th satellite, we denote the steering vectors
with respect to x-axis and y-axis by vsk (θk,q, φk,q) =[
1 e−jµsk,q · · · e−j(Ns−1)µsk,q

]T
, s ∈ {x, y}. For the coordinate

system in Fig. 1, µxk,q = 2πd
λ cos θk,q sinφk,q and µyk,q =

2πd
λ sin θk,q sinφk,q , where λ is the wavelength of the carrier

frequency, d = λ/2 is the adjacent antenna spacing, and θk,q
and φk,q are the azimuth AoA and elevation AoA from the
k-th UT to q-th satellite, respectively. Therefore, the steering
vector at the satellite side can be expressed by

ar (θk,q, φk,q) = vyk (θk,q, φk,q)⊗ vxk (θk,q, φk,q) . (2)

• Array manifold at the UT side: Let ϑk,p,q and ϕk,p,q be
the azimuth angle of departure (AoD) and elevation AoD from
the k-th UT to the q-th satellite in the p-th path, respectively.
Similar to (2), the transmit steering vector is defined as
at (ϑk,p,q, ϕk,p,q) = vyk (ϑk,p,q, ϕk,p,q) ⊗ vxk (ϑk,p,q, ϕk,p,q).
Since the number of RF chains for each UT is equal to the
number of satellites, we assume that the signal of the q-th
stream is transmitted to the q-th satellite. The beamforming
vector for the k-th UT at the q-th RF chain is denoted
by wk,q ∈ CNt . Considering the known UT’s position and
deterministic LEO’s trajectory, we further assume that ϑk,0,q
and ϕk,0,q for the line-of-sight (LOS) path are available at
the transmitter. By constructing a match filtering beamformer
wk,q (ϑk,0,q, ϕk,0,q) = at (ϑk,0,q, ϕk,0,q), the equivalent chan-
nel vector gk,q[l] = Gk,q[l]wk,q (ϑk,0,q, ϕk,0,q) ∈ CNr from
the k-th UT’s q-th RF chain to the q-th satellite can be obtained
as

gk,q[l] = αk

P−1∑
p=0

β̃k,p,q[l]ar (θk,q, φk,q) , (3)

where β̃k,p,q[l] = %̃k,p,qr
(
lTs − τk,p,q

)
, and %̃k,p,q =

%k,p,qa
H
t (ϑk,p,q, ϕk,p,q)wk,q (ϑk,0,q, ϕk,0,q). Generally, the

value of %̃k,p,q is decided by the array manifold at the UT
side and the difference between the angle pair (ϑk,p,q, ϕk,p,q)
and (ϑk,0,q, ϕk,0,q). The phased array antenna adopted by UT
usually has a large number of antennas, e.g., the VSAT for
Starlink has nearly one thousand antenna elements. There-
fore, the transmit beam for each data stream can exhibit
high spatial directionality. Without loss of generality, we
simplify the modeling of the equivalent channel coefficients
as %̃k,0,q =

√
Kf/ (Kf + 1) for the LOS path, and %̃k,p,q ∼√

1/ [(Kf + 1) (P − 1)]Nc(%̃; 0, 1), ∀p 6= 0, for the non-
line-of-sight (NLOS) paths, where Kf is the power dis-
tribution factor and P > 1. When P = 1, it can be
equivalently seen as only the LOS path exists and the Kf

goes to infinity. An increase in the number of transmit
antennas will lead to a higher Kf . Furthermore, the inter-
ference to undesired satellites also decreases to zero due
to the asymptotic orthogonality of mMIMO channels, i.e.,
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Fig. 2. Block diagram of the proposed diversity transmission and receiving scheme.

lim
Nt→∞

aH
t (ϑk,p,q′ , ϕk,p,q′)wk,q (ϑk,0,q, ϕk,0,q) = 0, ∀q′ 6= q.

Let the maximum RCD be L. The overall CIR matrix
(CIRM) between the k-th UT and the q-th satellite can be
constructed as Hk,q = [gk,q[0] · · · gk,q[L− 1]]

T ∈ CL×Nr or
equivalently as

Hk,q = αkhk,q ◦ ar (θk,q, φk,q) , (4)

where hk,q ∈ CL is the CIR from the k-th UT to the q-th
satellite’s first receive antenna (reference antenna), whose l-
th tap is given by hk,q [l] =

∑P−1
p=0 β̃k,p,q[l]. Note that (4)

is an accurate approximation of the TSL channel due to the
facts that: 1) All the paths from the same UT have almost the
same AoAs at the satellite; 2) All the antennas nearly receive
the signal simultaneously since the maximum arrival time
difference between different receive antennas is far less than
one symbol duration; 3) Other impairments such as Doppler
and coarse delay difference are compensated.

C. Transmission Procedure

In the proposed TSP-MCS, a typical time-domain
TSP frame consists of a known pseudo-noise TS
c = [c0 c1 · · · cM−1]

T followed by a data block
x = [x0 x1 · · ·xN−1]

T. To achieve a low peak-to-
average-power-ratio, DFT-s-OFDM waveform is utilized
to assemble the data block x, as shown in Fig. 2. During the
transmission, the TS and data block constitute a TSP frame
s̃ =

[
cT xT

]T
in the time domain. Before transmitting the

source packets to different target LEO satellites, the TSP
frame is duplicated to multiple copies, with each stream
performing individual timing advance and power control
so that balanced received energy can be achieved at the
receiver. Besides, the Doppler is assumed to be compensated

at the transmitter3 and its residual effect can be small.
Then, analog beamforming is performed at each RF chain
independently to produce a directional beam for each LEO
satellite. Specifically, for the q-th satellite, the received signal
at the j-th antenna from the k-th user is the convolution

between the q-th transmit stream sk,q =
[
s̃T
k,q,t s̃

T
k,q,t+1 · · ·

]T
and the corresponding CIR vector [Hk,q][:,j] ∈ CL, where

s̃k,q,t =
[
cT
k x

T
k,q,t

]T
∈ CM+N is the t-th TSP frame at the

q-th RF chain of the k-th UT. By summing up the signals
from all the UTs, the received signal stream yjq is given by

yjq =

K∑
k=1

sk,q ? [Hk,q][:,j] + njq, ∀j, q, (5)

where njq is the corresponding symmetric complex additive
Gaussian white noise (AWGN) stream at the j-th receive
antenna, whose entries follow an independent and identical
distribution with zero mean and variance σ2

n. The whole
transmission process is exhibited in Fig. 2 and some key
system parameters are listed in Table I. Based on the received
signals yjq , ∀j, q, the receiver needs to estimate the AUS and
corresponding CIR, and then demodulate the information bits.

III. MASSIVE ACCESS PROCESSING AT SINGLE SATELLITE

In this section, we first formulate the JADCE at each
satellite node as a compressed sensing problem, where the
OAMP-MMV algorithm is utilized to estimate the CIR and

3The Doppler shifts can be compensated at the UT side due to the known
UT’s position and deterministic LEO’s trajectory[28], [29]. If the residual
Doppler shift can be controlled within a certain range, the equivalent channel
coherence time can be very long, which means the effects on JADCE and DD
are small.
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TABLE I. Parameter list

Notation Defination
Nr,Nt Number of antennas for satellite and UT

K,Ka Number of potential and active terminals

αk,A Activity indicator and active terminal set

Q Number of satellites and RF chains at UT

P Number of paths

β̃k,p,q Equivalent complex path gain

τk,p,q Relative path delay

θk,q , φk,q Azimuth and elevation AoAs of satellite

ar(θk,q, φk,q) Steering vector at the satellite

gk,q[l], hk,q Equivalent channel vector and channel impulse response

Hk,q Channel impulse response matrix

M , L, G Length of TS, CIR, and non-ISI region

N Number of subcarriers

s̃k,q,t, ck, xk,q,t
Transmitted time domain frame, training sequence,

and transmitted data block

Y TS
q,t ,Y D

q,t Received training sequence part and data part

X̊t, X̊f , Detected time, frequency domain data

TS Data Block TS Data Block

TS Data Block TS Data Block

TS Data Block TS Data Block

UT 1

UT 2

UT 

TSP Frame

......

Maximum relative channel delay

Non-ISI Region

aK

...

...

...

...

...

TS
q,tY

Received 
signal

...

...

 frame q,tY  frame q,t+1Y( 1)-tht -tht

Data Region D
1q,tYhead

q,tY
mid
q,tY

trail
q,tY

Fig. 3. Illustration of the proposed TSP frame structure for LEO
satellite-based random access.

AUS. Then the AoA of each TSL path is estimated by the
2D-ESPRIT algorithm [25], from which an enhanced CE
performance is achieved. Finally, the DD method for a single
satellite receiver is elaborated.

A. Signal Formulation of JADCE

The received frame structure is illustrated in Fig. 3. The
TSP-MCS system is designed to allow a maximum RCD of
LTs. The TS length M is designed to be longer than L, and
a small non-ISI region of length G = M − L + 1 at the
receiver of the q-th satellite can be exploited for JADCE. In
this non-ISI region, by converting the convolution operation
into matrix multiplication, the received signal yjq,TS ∈ CG at
the j-th antenna from all the UTs can be rewritten as

yjq,TS =

K∑
k=1

Ψk [Hk,q][:,j] + njq,TS, (6)

where for notation simplicity the frame index t is dropped,
and njq,TS ∈ CG is the AWGN vector in the non-ISI region,

while Ψk ∈ SG×L is a Toeplitz matrix with each of its entries
generated from a feasible TS symbol set S, which is given by

Ψk =


ck,L−1 ck,L−2 ck,L−3 · · · ck,0
ck,L ck,L−1 ck,L−2 · · · ck,1

...
...

...
...

...
ck,M−1 ck,M−2 ck,M−3 · · · ck,M−L

 . (7)

By stacking Ψ = [Ψ1 Ψ2 · · ·ΨK ] ∈ CG×KL and H̃q =[
HT

1,q H
T
2,q · · ·HT

K,q

]T ∈ CKL×Nr , the received signal

Y TS
q =

[
y1
q,TS y

2
q,TS · · ·y

Nr
q,TS

]
∈ CG×Nr at the q-th satellite

can be written as

Y TS
q = ΨH̃q +NTS

q , ∀q, (8)

where NTS
q =

[
n1
q,TS · · ·n

Nr
q,TS

]
∈ CG×Nr . The overall

channel matrix H̃q in (8) exhibits the structured sparsity.
Specifically, considering the sparsity of UTs’ activity and
delay-domain CIR, all the columns of H̃q share the common
support set. In other words, the channel vectors at all the
receive antennas show the same sparsity pattern, i.e.,

supp

{[
H̃q

]
[:,1]

}
= · · · = supp

{[
H̃q

]
[:,Nr]

}
. (9)

B. OAMP-Based JADCE at Edge Satellite Node

OAMP is an efficient iterative algorithm for compressed
sensing [30]. The conventional OAMP algorithm recursively
proceeds between a linear estimation (LE) module and a non-
linear (NLE) module. By restricting a de-correlated estimator
in the LE module and a divergence-free estimator in the NLE
module, the input and output errors become orthogonal. For
notation simplicity, in this subsection, we simplify the j-th
column of (8), yjq,TS = Ψ

[
H̃q

]
[:,j]

+ njq,TS, to the form

yj = Ψhj + nj . Starting with d0
j = 0KL×1, the optimal

OAMP structure with single measurement vector in the ι-th
iteration for such a problem is given by [30]

LE: rιj = ηι
(
dιj
)

= dιj +Wι

(
yj −Ψdιj

)
, (10a)

NLE: dι+1
j = φι

(
rιj
)

= Cι

(
φ̂ι
(
rιj
)
− E

{
φ̂′ι

}
rιj

)
. (10b)

For the LE, Wι = KL

tr(ŴιΨ)
Ŵι is a de-correlated estimator

with an optimal linear minimum mean square estimation
(LMMSE) Ŵι = vιΨ

H
(
vιΨΨH+σ2

nIG
)−1

, where vι =
1
KLE

{
‖dιj−hj‖22

}
is the error measure between the output

of the NLE and the true signal hj . For the NLE, φι (·) is
an element-wise divergence-free function, and the minimum
mean square estimation (MMSE) φ̂ι is given by

ξιi,j = φ̂ι
(
rιi,j
)

= E
{
hi,j |rιi,j = hi,j +

√
τιZ
}
, ∀i, (11)

where τι = 1
KLE

{
‖rιj − hj‖22

}
is the error measure be-

tween the output of the LE and the true signal hj , and
Z ∼ Nc (Z; 0, 1), while rιi,j and hi,j are the i-th elements
of rιj and hj , respectively. The posterior variance of hi,j is
then given by

ζιi,j = Var
{
hi,j |rιi,j

}
= E

{(
φ̂ι
(
rιi,j
)
− hi,j

)2}
. (12)
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Besides, by defining ζ̄ιj = 1
KL

∑KL
i=1 ζ

ι
i,j , the optimal scalar Cι

is given by Cι = τι
τι−ζ̄ιj

and E
{
φ̂′ι

}
=

ζ̄ιj
τι

. To track the errors
of the LE and NLE outputs, an auxiliary matrix is defined as
Bι = IKL −WιΨ, and the error measures of the LE and
NLE are respectively iterated as

τι =
1

N
tr
(
BιB

H
ι

)
vι+

1

N
tr
(
WιW

H
ι

)
σ2
n, (13a)

vι =
‖yj −Ψdιj‖2 −Gσ2

n

tr (ΨHΨ)
. (13b)

To avoid the matrix inversion in Ŵι, a singular value de-
composition (SVD) is applied in advance. Let Ψ = UΣV H

and {σg}Gg=1 be the singular values. The calculation of Ŵι is
simplified as

Ŵι = V ΣHΣ̃ιUH, (14)

where

Σ̃ι =
(
vιΣΣH + σ2

nIG
)−1

= diag

([
1

vισ2
1 + σ2

n

1

vισ2
2 + σ2

n

· · · 1

vισ2
G + σ2

n

]T)
.

(15)

Furthermore, to calculate (11) and (12), the prior distribution
of each element in hj is required. Owing to the sparsity of
hj , the i-th element of hj follows the Bernoulli-Gaussian
distribution

p(hi,j) =
(
1− ρi,j

)
δ
(
hi,j
)

+ ρi,jNc (hi,j ;µi,j , γi,j) , (16)

where ρi,j ∈ [0, 1] is the probability of hi,j and δ(h) is the
Dirac delta function, while µi,j and γi,j are the prior mean and
variance of Gaussian distribution, respectively. By combining
(16) with (11), the posterior PDF of ĥi,j can be acquired
according to Bayesian rule as

p
(
ĥi,j |rιi,j

)
=
(
1− λιi,j

)
δ
(
ĥi,j
)

+ λιi,jNc
(
ĥi,j ; a

ι
i,j , b

ι
i,j

)
,

(17)
where

aιi,j =
µi,jτι + rιi,jγi,j

τι + γi,j
, bιi,j =

τιγi,j
τι + γi,j

, (18a)

λιi,j =
ρi,j

ρi,j + (1− ρi,j)e−Lι
, (18b)

Lι = ln
τι

τι + γi,j
+
|rιi,j |2

τι
−
|rιi,j − µi,j |2

τι + γi,j
. (18c)

Then the posterior mean and variance can be calculated as

ξιi,j = E
{
hi,j |rιi,j

}
= λιi,ja

ι
i,j , (19a)

ζιi,j = Var
{
hi,j |rιi,j

}
= λιi,j

(
|aιi,j |2 + bιi,j

)
− |ξιi,j |2. (19b)

Substituting hj by each column of H̃q , the CE problem
(8) can be solved column by column. However, two problems
occur when applying the OAMP algorithm to a practical
system. First, the common support structure of (9) is not
utilized, which neglects the spatial correlation among different
receive antennas. Second, the hyper-parameters in the prior
assumption are unknown when executing the MMSE in (11)
and (12). For the first concern, an OAMP-MMV algorithm

was proposed in [11], where the prior distribution of each
row in H̃q is modeled as a multi-dimensional Bernoulli-
Gaussian distribution. By introducing a group Gram-Schmidt
orthogonalization process, the orthogonality of the input and
output errors in the LE and NLE can be ensured. However,
due to the introduction of a prior covariance matrix for each
row of H̃q , high complexity matrix inversion is inevitable,
which makes its implementation impractical. For the second
concern, the hyper-parameter learning method, such as the
expectation maximization (EM) algorithm, can be utilized for
prior parameter estimation [12].

To overcome the aforementioned problems, we partially
utilize the common support property when updating the hyper
parameters using the EM algorithm. Denote the unknown prior
parameters by θ = {ρi,j , µi,j , γi,j ,∀i, j}. The EM algorithm
constitutes of two key steps:

Q (θ,θι) = E
{

ln p(H̃q,Y
TS
q )|Y TS

q ,θι
}
, (20)

θι+1 = arg max
θ
Q (θ,θι) , (21)

where the expectation (20) is taken over the conditional dis-
tribution p

(
H̃q|Y TS

q ;θι
)

, which can be approximated by the
product of (17) ∀i, j. Similar to the deviations of Appendix A
in [12], we obtain the parameter update procedure as follows

ρι+1
i,j = λιi,j ,∀i, j, (22a)

µι+1
i,j =

∑KL
i=1 λ

ι
i,ja

ι
i,j∑KL

i=1 λ
ι
i,j

,∀i, j, (22b)

γι+1
i,j =

∑KL
i=1 λ

ι
i,j

(
|µιi,j − aιi,j |2 + bιi,j

)∑KL
i=1 λ

ι
i,j

,∀i, j. (22c)

In addition, a proper initialization can be found in [31] to
avoid being trapped in local extrema.

So far, the common support set property (9) has not been
utilized. Considering that all the antennas receive signal si-
multaneously, it is reasonable to assign a common activity
indicator for each row in H̃q , which indicates that a refined
ρi,j can be given by

ρι+1
i,1 = · · · = ρι+1

i,Nr
=

1

Nr

Nr∑
j=1

λιi,j . (23)

Denote the overall estimated channel matrix by Ĥq . Then the
support set of Ĥq provides the activity information of potential
UTs and the RCD information for each path. To acquire an
estimation of the AUS, we first identify the support set of Ĥq .
Let κi be the support indicator for the i-th row of Ĥq , which
means that the i-th row of Ĥq is non-zero if κi = 1 and zero
otherwise. A simple but efficient energy based activity detector
can be constructed as [32]

κi = I


 1

Nr

Nr∑
j=1

I
{∣∣ĥi,j∣∣2 > ε

} > ηth

 , (24)

where I {x} is an indicator function whose value is 1 if x
is true and 0 otherwise, while ĥi,j =

[
Ĥq

]
i,j

In addition,
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ε = 0.02 max {|hi,j |,∀i, j} and ηth = 0.5 are empirically
chosen.

By defining the support subset for each UT as Ωk =
{i | (k − 1)L+ 1 ≤ i ≤ kL}, an energy based activity detec-
tor can be constructed as

α̂k =

{
1
∑
i∈Ωk

κi > 0,

0 otherwise.
(25)

Then the estimated AUS is given by Âq = {α̂k | α̂k = 1,∀k}.
The overall procedure of the JADCE algorithm at the q-th
satellite is summarized in Algorithm 1.

Algorithm 1: OAMP-MMV based JADCE

Input: Observation at q-th satellite Y TS
q , TS sensing

matrix Ψ, noise variance σ2
n, and maximum

number of iterations Niter.
Output: Channel matrix Ĥq and AUS Âq .

1 Calculate SVD of Ψ offline as Ψ = UΣV H;
2 Initialize d0

j = 0KL×1, ∀j, and v0 = 1; Initialize prior
parameters ρi,j , µi,j , γi,j , ∀i, j, as recommended in
[31]; Set iteration number to ι = 1;

3 for ι ≤ Niter do
4 Calculate LMMSE estimator (14);
5 Perform LE (10a), ∀j;
6 Calculate τι (13a);
7 Acquire posterior estimation of NLE φ̂ι (19a) and

(19b);
8 Perform NLE (10b), ∀j;
9 Calculate vι (13b);

10 Update prior parameters according to (22a)-(22c);
11 Refine acticity indicator (23);

12 Acquire final estimated channel matrix Ĥq via (19a)
and AUS Âq via (25);

13 return Ĥq and Âq for satellite q.

C. Enhanced AoA Estimation for Channel Reconstruction

The estimated equivalent channel matrix Ĥq and AUS
Âq provide the pairing of the active UTs and corresponding
delay-spatial domain channels. However, the OAMP-MMV in
Algorithm 1 neglects the spatial structure of receive array,
and it cannot reveal information about the user direction.
To acquire a high-resolution estimation of the AoAs, the
2D-ESPRIT algorithm [25], [33] is adopted for enhanced
parametrized CE. For notation simplicity, we drop the index
q.

1) 2D-ESPRIT for AoA Estimation: The steering vector
for each AoA in the UPA is formed by the Kronecker
product of vxk and vyk . Due to the angular domain spar-
sity of TSL, all the multipath components from the same
UT share the same AoA, which can be regarded as mul-
tiple snapshots. To facilitate 2D angle estimation, let Sk =
{i | κi = 1, (k − 1)L+ 1 ≤ i ≤ kL} be the effective channel
support set for the k-th UT. Then the equivalent observa-
tion for the k-th UT’s channel can be denoted as X̃k =

[
Ĥq

]T
[Sk,:]

∈ CNr×|Sk|. Typically, the number of multipath

components |Sk| in TSL is limited, which may restrict the
performance of the ESPRIT algorithm. We utilize a spatial
smoothing preprocessing technique [33] for enhancing ro-
bustness. First, we define two spatial smoothing parameters
{Gs} , with 1 ≤ Gs ≤ Ns, s ∈ {x, y}, and obtain the
two sub-dimensions as M sub

s = Ns −Gs + 1. The size of
the total sub-dimensions is Msub = M sub

x M sub
y . Then we

define the selection matrix J (gs) for each dimension with
J (gs) =

[
0Msub

s ×(gs−1) IMsub
s

0Msub
s ×(Gs−gs)

]
∈ RMsub

s ×Ns

for 1 ≤ gs ≤ Gs. Therefore, a total of G=GxGy 2D selection
matrices Jgx,gy =J (gx) ⊗ J (gy)∈RMsub×Nr can be obtained.
By applying these 2D selection matrices to X̃k, the smoothed
observation X̄k∈CMsub×G|S|k is formed as

X̄k =
[
J1,1X̃k · · ·Jgx,gyX̃k · · ·JGx,GyX̃k

]
. (26)

The classical 2D-ESPRIT algorithm [25] is applied to the
smoothed observation X̄k of (26) to estimate the correspond-
ing azimuth angle θ̂k and elevation angle φ̂k directly. The
corresponding details of 2D-ESPRIT algorithm can be found
in Line 5 - Line 9 of Algorithm 2, and the definitions of
mentioned auxiliary matrices can be found in Appendix A.

Algorithm 2: Channel estimation refinement

Input: Estimated channel matrix Ĥq and AUS Âq .
Output: Refined channel H̄q .

1 Acquire κi, ∀i, according to (24) and set
Sk={i|κi = 1, (k − 1)L+ 1 ≤ i ≤ kL}, ∀k∈Âq;

2 for ∀k ∈ Âq do
3 % Spatial smoothing preprocessing

4 X̃k =
[
Ĥq

]T
[Sk,:]

∈ CNr×|Sk|; Construct

observation X̄k according to (26);
5 % 2D-ESPRIT-based AoA estimation [25]:
6 Compute es via the largest left singular vector of[

Re
{
Ȳk
}
, Im

{
Ȳk
}]

, where
Ȳk=

(
QH
Msub
y
⊗QMsub

x

)
X̄k;

7 Compute ωµx and ωµy as the solution to equations
Kµ1esωµx = Kµ2es and Kν1esωµy = Kν2es,
respectively;

8 Compute the spatial frequency estimates as
µx = 2 tan−1 (ωµx) and µy = 2 tan−1

(
ωµy

)
;

9 Acquire the AoAs estimation as

θ̂k = tan−1
(
µy
µx

)
− π and

φ̂k = sin−1
(

1
π

√
µ2
x + µ2

y

)
;

10 % Channel reconstruction
11 Estimate channel gain according to (28);
12 Reconstruct the complete channel according to

(29);
13 return H̄q .

2) Channel Gain Estimation and Channel Reconstruction:
So far, the channel delay taps and corresponding AoAs have
been estimated by the OAMP-MMV and 2D-ESPRIT algo-
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rithms, respectively. To reconstruct the complete channel, the
channel gain for each tap has to be estimated. Note that
we have already acquired an initial estimation for each path,
thus, the channel gain for each path can be further estimated
according to the following equation[

Ĥq

]T
[Sk{i},:]

= βk,iâr,k, (27)

where Sk{i} denotes the i-th element of Sk, âr,k =

vyk

(
θ̂k, φ̂k

)
⊗ vxk

(
θ̂k, φ̂k

)
, and βk,i can be estimated by the

least squares (LS) method as

β̂k,i =
(
âH
r,kâr,k

)−1
âH
r,k

[
Ĥq

]T
[Sk{i},:]

. (28)

Finally, the spatial channel of the k-th active UT can be
reconstructed as[
H̄q

]
[Sk{i},:]

= β̂k,i

(
vyk

(
θ̂k, φ̂k

)
⊗ vxk

(
θ̂k, φ̂k

))T

,

∀k ∈ Âq,∀i ∈ Sk.
(29)

The overall AoA estimation and channel reconstruction pro-
cess are listed in Algorithm 2.

D. Single Satellite DD Algorithm

As illustrated in Fig. 3, the multipath components
from different active UTs inevitably contaminate the re-
ceived data. Fortunately, based on the estimated channel
and the known TS, the contaminated data can be recov-
ered by subtracting the known contamination from the re-
ceived data. Specifically, the t-th received frame Yq,t =[(
Y TS
q,t

)T (
Y D
q,t

)T]T ∈ C(M+N)×Nr consists of a non-
ISI TS part Y TS

q,t ∈ CG×Nr and a data part Y D
q,t ∈

C(M+N−G)×Nr . The received data part contains three subparts

Y D
q,t =

[(
Y head
q,t

)T (
Y mid
q,t

)T (
Y trail
q,t

)T]T
, where Y head

q,t ∈
C(L−1)×Nr is polluted by the trail of the TS, Y trail

q,t ∈
C(L−1)×Nr is polluted by the head of the next TSP-MCS
frame, and Y mid

q,t ∈ C(M+N−G−2L+2)×Nr is a clean subpart
without any contamination.

To facilitate subcarrier-wise data detection, we first subtract
the ISI at the contaminated head part and trail part according
to the known TS and estimated channel, and then move the
clean trailing data part to the clean head part by a cyclic
shift and addition operation. Consequently, a clean receive
frame is reconstructed. Specifically, we first create a local
frame that contains the TS part and empty data part for
the k-th UT, denoted by sok =

[
cT
k 0T

N×1 c
T
k · · ·

]T
. Then,

by simulating the transmission progress at the receiver, the
received frame is obtained as the convolution of sok and the
estimated CIR

[
H̄k,q

]
[:,j]

, ∀j, where H̄k,q =
[
H̄q

]
[I0:,]

with
I0 = {(k−1)L+1 ≤ i ≤ kL} is the estimated CIRM between
the k-th UT and the q-th satellite. By summing over all the
estimated active UTs, the received frame at j-th antenna can
be calculated as

ŷjq =
∑
k∈Âq

sok ?
[
H̄k,q

]
[:,j]

,∀j. (30)

Since ŷjq , ∀j, are generated at the satellite and contain the
estimated ISI, we refer to them as the pseudo observations.
We denote the pseudo observation in the t-th frame by Ŷq,t =[
ŷ1
q,t ŷ

2
q,t · · · ŷ

Nr
q,t

]
∈ C(M+N)×Nr , and the TS contamination

to the head part and trail part can be respectively indexed by
Ŷ head
q,t =

[
Ŷq,t

]
[I1,:]

and Ŷ trail
q,t =

[
Ŷq,t

]
[I2,:]

, where I1 =

{G + 1 ≤ i ≤ G + L − 1} and I2 = {G + N + 1 ≤ i ≤
M +N}. Based on the pseudo observation Ŷ head

q,t , Ŷ trail
q,t and

the true observation Y D
q,t, the clean data Ỹ D

q,t ∈ CN×Nr can
be reconstructed as

Ỹ D
q,t =

[
Y head
q,t − Ŷ head

q,t + Y trail
q,t − Ŷ trail

q,t Y mid
q,t

]
. (31)

Based on the cleaned data Ỹ D
q,t, the frequency-domain data

Y̊ D
q,t ∈ CN×Nr can be acquired by

Y̊ D
q,t = FN Ỹ

D
q,t, (32)

where FN is the N × N DFT matrix with normalized
power, whose (m,n)-th element is given by [FN ]m,n =

1√
N
e
−j2π(m−1)(n−1)

N . The delay-domain channel between the k-
th UT and the nr-th receive antenna at the q-th satellite can
be acquired as hnrk,q ∈ CL with

[
hnrk,q

]
i

=
[
H̄q

]
(i+(k−1)L),nr

,
1 ≤ i ≤ L, where H̄q is provided by Algorithm 2. By defining

h̃nrk,q =

[(
hnrk,q

)T

0T
(N−L)×1

]T

∈ CN , the frequency-domain

channel h̊nrk,q∈CN is obtained as

h̊nrk,q = FN h̃
nr
k,q. (33)

Based on (32) and (33), the data for all the active UTs on
the n-th subcarrier in the t-th frame can be solved from the
following equation (with the subscript t omitted for notation
simplicity)

ẙq[n] = H̊q[n]x̊[n] + n[n],∀n, (34)

where ẙq[n] =
[
Y̊ D
q,t

]T
[n,:]

, x̊[n] =[
x̊1[n] x̊2[n] · · · x̊|Āq|[n]

]T
∈ C|Āq| is the source data

on the n-th subcarrier, and the frequency-channel matrix
H̊q[n] ∈ CNr×|Āq| is given by

H̊q[n] =


h̊1

1,q[n] h̊1
2,q[n] · · · h̊1

|Āq|,q[n]

h̊2
1,q[n] h̊2

2,q[n] · · · h̊2
|Āq|,q[n]

...
...

. . .
...

h̊Nr1,q [n] h̊Nr2,q [n] · · · h̊Nr|Āq|,q[n]

 . (35)

Equation (34) provides a DD formulation for each satellite
independently, which can be effectively solved by the LS
method (zero-forcing detection).

Similar to [34], in DFT-s-OFDM, only Ms ≤ N subcarriers
are used for information transmission while the remaining
subcarriers are padded by zero. After solving x̊[n] for all
non-empty subcarriers n, the original information symbol in
the t-th frame X̊t ∈ CMs×|Āq| for all the active UTs can be
recovered by subcarrier demapping and Ms-point IDFT, which
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is acquired by
X̊t = FH

Ms
ΞHX̊f , (36)

where X̊f = [x̊[1] · · · x̊[N ]]
T ∈ CN×|Āq| is the stacked-

frequency domain equalization result, which can be acquired
from (34), while Ξ ∈ CN×Ms is a predefined permutation
matrix whose Ms columns are extracted from IN , and it
defines the subcarrier mapping relationship. Besides, X̊t ∈
MMs×|Āq| represents the information symbol for all the active
UTs, where M is the symbol constellation set, e.g., QPSK
constellation. Based on X̊t, the original data bits for each UT
can be recovered after channel decoding.

IV. MASSIVE ACCESS PROCESSING BASED ON
MULTI-SATELLITE COOPERATION

Section III has provided a solution for the JADCE and DD
problem in the single satellite-enabled massive access system.
However, the AD and DD performance are constrained by
the quality of TSLs and the channel correlations among active
UTs, respectively. In this section, we propose a majority voting
scheme to acquire a more reliable estimation of AUS. Fur-
thermore, to mitigate the DD performance degradation caused
by high channel correlation, we propose the cooperative DD
scheme, where both perfect backhaul and quantized backhaul
of received information are discussed.

A. AD Enhancement Based on Majority Voting

Estimation of the AUS may suffer from missed detection
or false alarm. Missed detection of the AUS at a satellite
may occur due to the deterioration of the corresponding
TSL, caused by the blockage of obstacles, rain attenuation,
or handover at the cell edge (e.g., the TSL between UT 1
and satellite 3 in Fig. 4). False alarms may happen when
some burst noise or interference occurs. The false alarm case
can be effectively distinguished by increasing the detection
threshold or adding an additional cyclic redundancy check to
the frame at the cost of increased computational complexity
and decreased spectral efficiency. To increase the reliability
of AD, we propose a majority voting scheme by fusing the
decision results from multiple edge nodes.

The algorithms of Section III provide an initial estimate of
the AUS at each satellite independently. In our diversity trans-
mission scheme, active UTs transmit the same data packets
to the target satellites simultaneously, and the detected AUS
should be the same for all the received satellites. To overcome
the error detection of an individual satellite, a majority voting
method is used to determine a reliable AUS by fusing the data
at the central node. Let α̂qk be the estimated active status of UT
k by satellite q. A refined activity estimation can be acquired
as

α̊k =

{
1, 1

Q

∑Q
q=1 α̂

q
k ≥ 0.5,

0, otherwise.
(37)

A refined AUS is then obtained as Ā = {α̊k|α̊k = 1,∀k}.

B. Multi-satellite Cooperative Linear DD Algorithm

When the number of UTs increases, the possibility of high
spatial correlation between adjacent UTs’ channel vectors also

increases. This high spatial correlation may lead to the rank
deficient random access channel matrix H̊q[n], ∀n, which
degrades the bit error rate (BER) performance for multi-
user decoding. The spatial correlation caused by geographical
similarity can be solved from two aspects. The first one is to
introduce a sufficiently large angle difference in the space.
For example, as shown in Fig. 4, UT 1 and UT 2 share
similar AoAs when transmitting information to satellite 1. By
adding extra satellite 2, a greater angular difference can be
observed, which helps to suppress the spatial domain inter-
user interference. The second method is to utilize the diversity
of channel gain. For example, UT 1 and UT 3 share similar
AoAs for all the satellites. In this case, the diversity gain can
help to reduce the spatial correlation. Existing literature [21]
adopts a user grouping strategy to promise a sufficiently large
spacing in elevation angle and azimuth angle, such that the
ill-conditioned channel matrix can be avoided. An alternative
solution is to introduce frequency domain or time domain
differences between different UTs. These strategies will need
extra grouping mechanisms or consume more time-frequency
resources. We use a more flexible spatial diversity approach.
By transmitting the same data source to separate target LEO
satellites, multiple observations can be acquired from different
spatial angles.

To provide an insightful explanation, let us assume a simple
two-UT case, where two geographically neighboring UTs,
each equipped with a uniform linear array, are simultaneously
served by Q satellites. The overall channel matrix is given by

Hall =

 β1,1a (θ1,1) β1,2a (θ1,2)
...

...
βQ,1a (θQ,1) βQ,2a (θQ,2)

 ∈ CQNr×2, (38)

where βq,k and a (θq,k) are the channel coefficient and steering
vector between the q-th satellite and the k-th UT, respectively.
Assuming that a (θ) =

[
1 ejθ · · · ej(Nr−1)θ

]T ∈ CNr and βq,k
follows Nc (βq,k; 0, 1), the correlation coefficient between the

Fig. 4. Example of geographic distribution of UTs and satellites. Three
satellites nodes serve as BSs to provide the access service for terrestrial UTs.



11

two columns of Hall is given by

c =
1

Nr

∑Q
q=1 β

∗
q,1βq,2a

H (θq,1)a (θq,2)√(∑Q
q=1 |βq,1|2

)(∑Q
q=1 |βq,2|2

) . (39)

For simplicity, we assume θq,2 − θq,1 = ∆θ, ∀q, then the
modulus of c can be further simplified as

c0 =
|
∑Q
q=1 β

∗
q,1βq,2|√(∑Q

q=1 |βq,1|2
)(∑Q

q=1 |βq,2|2
) · 1

Nr

sin Nr∆θ
2

sin ∆θ
2

.

(40)
Fig. 5 plots the cumulative distribution function (CDF) of
c0 by 5000 Monte Carlo simulations. It can be seen that
as the number of satellites increases, the distribution of the
correlation coefficient c0 becomes closer to zero. Furthermore,
as Q → ∞, the columns of Hall become asymptotically
orthogonal, which shows that the randomness of the channel
coefficients promote the diversity gain, even for ∆θ = 0.
Because multiple satellites promote angle difference, a lower
correlation coefficient can be achieved for UTs in the same
geographical area.
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Fig. 5. CDF curve of correlation coefficient c0.

By aggregating the multi-angle observations of the UT’s
data, an improved DD performance can be achieved. Specifi-
cally, the central server node aggregates the data from multiple
edge satellite nodes and stacks them to yield the following
cooperative DD problem, which can be also solved by LS
method.[
ẙT

1 [n] · · · ẙT
Q[n]

]T
=
[
H̊T

1 [n] · · · H̊T
Q[n]

]T
x̊[n] + n[n],∀n.

(41)
The overall multi-satellite cooperative linear DD algorithm is
summarized in Algorithm 3.

C. Processing with Quantized Backhaul

The multi-satellite cooperative linear DD algorithm (Al-
gorithm 3) assumes a perfect backhaul of observations Ỹ D

q,t

from edge nodes to the central node, which requires high-
capacity links. A practical solution to reduce this high-capacity

Algorithm 3: Multi-satellite cooperative linear DD
algorithm

Input: Data observation Y D
q,t, estimated CIRM H̄q ,

estimated AUS Âq,∀q.
Output: Source data bits for active UTs.

1 Generate local pseudo observation according to (30);
%For edge satellite nodes

2 Construct non-multipath interference data Ỹ D
q,t

according to (31);
3 Feed observations Ỹ D

q,t, AUS Âq , delay-domain
channels H̄q , ∀q, back to central node;

4 Determine improved AUS estimation Ā according to
(37); % For central server node

5 Construct frequency-domain observations and channel
matrices according to (32)-(33);

6 Solve cooperative DD problem (41)/(42) in
perfect/quantized backhaul case;

7 Acquire information symbol according to (36);
8 Recover the source data bits by channel decoding;
9 return Decoded source bits for estimated AUS.

demand is to feed back the quantized observations and recover
the original data utilizing a suitable algorithm. For MSCTP,
a terrestrial server acts as the central node, and all the
LEO satellites serve as edge nodes, which feed back their
observations to the central server. For MSCBP, a satellite
serves as the central node, and it needs to reserve its own
observation and receives the results from edge nodes through
inter-satellite links. We discuss the case of MSCBP, but the
results can be extended to the case of MSCTP. We assume
that the CIR from edge nodes can be perfectly fed back to
the satellite central node since the sparsity makes CIR easy to
be compressed and recovered using the existing schemes [35],
[36].

We consider one central satellite node simultaneously re-
ceives the quantized observations from the other Q−1 edge

nodes. By defining H̊[n]=
[
H̊T

1 [n] · · · H̊T
Q[n]

]T
∈CQNr×|Ā|,

ẙ[n] =
[
ẙT

1 [n] · · · ẙT
Q[n]

]T ∈ CQNr , (41) is changed into the
following mixed-resolution DD problem

z̊[n] = ψ (ẙ[n]) = ψ
(
H̊[n]x̊[n] + n[n]

)
,∀n, (42)

where z̊[n] =
[
z̊T1 [n] · · · z̊TQ[n]

]T ∈ CQNr . Without loss of
generality, we further assume that q = 1 is the central satellite
node and the other satellites are edge nodes. In (42), the scalar
transform function ψ (·) defines the quantization effect and can
be expressed as

[z̊[n]]r = ψ ([ẙ[n]]r) =

{
[ẙ[n]]r , r ∈ RC ,

QB ([ẙ[n]]r) , r ∈ RE ,
(43)

where RC = {1, · · · , Nr} denotes the set of the row
indexes corresponding to the central node, and RE =
{Nr + 1, · · · , QNr} is the set of the row indexes correspond-
ing to edge nodes, while QB (·) is a B-bit complex quantizer
that can quantize the real part and imaginary part of the input
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Fig. 6. The block diagram of the proposed multi-satellite cooperative Bayesian dequantization DD algorithm.

signal respectively and element-wisely. The output of QB (·)
is decided by the resolution of the feedback bits B and a set
of thresholds {e0, e1, · · · , e2B−1} such that −∞ = e0 < e1 <
· · · < e2B−1 < e2B = +∞. The quantizer assigns a fixed
value $b for the output when the input falls into the interval
(eb−1, eb], e.g., $b = (eb−1 + eb) /2.

To fully utilize the discrete constellation prior of the sym-
bols and the quantization constraints for the observations from
edge nodes, the proposed multi-satellite cooperative Bayes
dequantization DD algorithm proceeds iteratively, as shown
in its block diagram of Fig. 6.

1) Module A: It performs the posterior estimation of the
unquantized observation ẙ[n] based on the prior information
ẙa[n] and the quantized result z̊[n]. Similar to the Bayesian
inference process [37], [38], the posterior mean of the un-
quantized observation ẙp[n] is given by (44), where ẙa[n] =
H̊[n]x̊a[n] ∈ CQNr , x̊a[n] ∈ C|Ā| is the prior frequency-
domain signal provided by Module C, and z̊[n](lo) and z̊[n](hi)

are the lower and upper bounds of the quantization output
corresponding to observation ẙ[n], while φ (·) and Φ (·) are the
PDF and CDF of a standard normal random variable evaluated
at a given value, respectively. The output of Module A, ẙp[n],
∀n, are passed to Module B.

2) Module B: Given ẙp[n] and x̊a[n], ∀n, an LMMSE
estimator is constructed to acquire the posterior estimate of
the frequency-domain information x̊p[n] as (45), where σ2

xa [n]
is the prior variance of the frequency-domain information
provided by Module C. In addition, the posterior covariance
matrix of x̊p[n] is approximated by σ2

xpI|Ā|, where σ2
xp is the

posterior variance of the frequency-domain information given

by

σ2
xp =

σ2
n

N

N∑
n=1

〈(
H̊H[n]H̊[n] +

σ2
n

σ2
xa [n]

I|Ā|

)−1
〉
. (46)

The posterior estimates, x̊p[n], ∀n, and σ2
xp are then passed

to module C.

3) Module C: To acquire the original information symbol
for each active UT and utilize the discrete prior of constel-
lation modulation, the frequency-domain information is first
transformed back into the time domain before performing UT-
wise maximum a posterior estimation. Specifically, by stacking
X̊f = [x̊p[1] · · · x̊p[N ]]

T ∈ CN×|Ā| from Module B and
defining X̊p = ΞHX̊f ∈ CMs×|Ā|, the symbol information
corrupted by noise can be expressed as

X̊p = FMsX̊t +Nt, (47)

where FMs
is the Ms×Ms DFT matrix, X̊t =

[
ẋ1 · · · ẋ|Ā|

]
∈

MMs×|Ā|, and each column of X̊t carriers the original symbol
information for the corresponding active UT, while Nt is
the observation noise with each of its elements following
Nc
(
Nt; 0, σ2

xp

)
. Multiplying the both sides of (47) by FH

Ms

can lead to an estimate of X̊t directly. However, such a
method neglects the discrete constellation prior of symbols.
We resort to variational Bayesian inference [37] for more
accurate estimation. Since different UTs’ information can
be decoded column-by-column, we focus on the following
estimation problem for the u-th column:

ẋp = FMs
ẋt + ṅt, (48)

where ẋp =
[
X̊p

]
[:,u]
∈CMs , ẋt =

[
X̊t

]
[:,u]
∈CMs and ṅt =

[Nt][:,u], with 1 ≤ u ≤ |Ā|. In (48), for notation simplicity,

[ẙp[n]]r =

 [ẙa[n]]r +
φ
(

[z̊[n]](lo)
r −[ẙa[n]]r
σn/
√

2

)
− φ

(
[z̊[n]](hi)

r −[ẙa[n]]r
σn/
√

2

)
Φ
(

[z̊[n]](hi)
r −[ẙa[n]]r
σn/
√

2

)
− Φ

(
[z̊[n]](lo)

r −[ẙa[n]]r
σn/
√

2

) σn√
2
, r ∈ RE ,

[z̊a[n]]r , r ∈ RC ,

(44)

x̊p[n] = x̊a[n] +

(
H̊H[n]H̊[n] +

σ2
n

σ2
xa [n]

I|Ā|

)−1

H̊H[n]
(
ẙp[n]− H̊[n]x̊a[n]

)
, (45)
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ln q (ẋt,m = si) ∝ E\ẋt,m

{
− 1

σ2
xp

‖ẋp − FMs ẋt‖
2

+ ln p (ẋt)

}
∝ − 1

σ2
xp

‖ẋp − fmsi −
∑
m′ 6=m

fm′ ẋt,m′‖2 + ln p (ẋt,m = si) ,

(50)

gm(si) = − 1

σ2
xp

‖fm‖2|si|2 + 2Re

 ∑
m′ 6=m

fH
m′fmẋ

∗
t,m′ − ẋH

p fm

 si

+ ln p (ẋt,m = si) . (52)

we drop the subscript u, e.g., ẋp,u is simplified to ẋp, since
the same procedure can be applied for all the active UTs in
parallel. The posterior distribution of ẋt,m = [ẋt]m can be
acquired from the joint distribution p(ẋp, ẋt) as

ln q (ẋt,m) = E\ẋt,m

{
ln p

(
ẋp|ẋt;FMs , σ

2
xp

)
+ ln p (ẋt)

}
,

(49)
where E\ẋt,m{·} means that the expectation is taken with
respect to all the variables except for ẋt,m. From (49), we
further have Equ. (50), where fm = [FMs ][:,m] and ẋt,m′ is
the corresponding expectation from last iteration. By further
expanding the right-hand side of (50) and discarding the irrel-
evant constant terms, we can obtain the normalized posterior
distribution of ẋt,m, as given by

q (ẋt,m = si) =
egm(si)∑

s′∈M egm(s′)
, i = 1, · · · , |M|. (51)

where gm (·) is given by (52). Then the posterior mean and
variance of ẋt,m can be acquired by

E {ẋt,m} =

|M|∑
i=1

siq(ẋt,m = si), (53a)

Var {ẋt,m} =

|M|∑
i=1

|si|2q(ẋt,m = si)− (E {ẋt,m})2
. (53b)

After acquiring the posterior mean and variance of X̊t,
the prior information x̊a[n] and σ2

xa [n] are updated. First
we reintroduce the subscript u, e.g., ẋt is back to the full
notation ẋt,u and ẋt,m is back to ẋt,m,u. Next we define the
intermediate variable X̊a ∈ CN×|A| as

X̊a = ΞFMs

[
ẋt,1 · · · ẋt,|A|

]
. (54)

Then x̊a[n] =
[
X̊a

]T
[n,:]

. Similarly, by defining the intermedi-

ate variable va ∈ CN as

va = Ξ

 1∣∣Ā∣∣
|Ā|∑
u=1

Var {ẋt,1,u} · · ·
1∣∣Ā∣∣
|Ā|∑
u=1

Var {ẋt,Ms,u}

T

,

(55)

we have σ2
xa [n] = [va]n. x̊a[n] and σ2

xa [n], ∀n, are fed back to
Module A and Module B. Actually, with the known subcarrier
mapping Ξ ∈ CN×Ms , σ2

xa [n] = 0 for the empty subcarriers,
and Module A and Module B do not need to perform inference

Algorithm 4: Multi-satellite cooperative Bayesian de-
quantization DD algorithm

Input: Quantized observation data z̊[n](lo), z̊[n](hi),
channel matrix H̊[n], AUS Ā, noise variance
σ2
n, maximum iteration number Niter.

Output: Source data bits for active UTs.
1 Initialize x̊a[n] = 0|Ā|×1, ẙa[n] = 0QNr×1,

σ2
xa [n] = 1, ∀n, and p (ẋt,m,u) = 1

|M| , ∀m,u; Set
iteration number ι = 1;

2 for ι ≤ Niter do
3 Calculate ẙp[n], ∀ non-empty subcarrier n, by

(44); % Module A
4 Calculate x̊p[n], ∀ non-empty subcarrier n, by

(45); % Module B
5 Calculate σ2

xp as in (46);
6 Estimate posterior mean and variance of X̊t by

(53a) and (53b); % Module C
7 Update prior distribution of p(ẋt,m,u) by (51), i.e,

p(ẋt,m,u) = q(ẋt,m,u),∀m,u;
8 Update x̊a[n] and σ2

xa [n], ∀n, by (54) and (55);
9 ẙa[n] = H̊[n]x̊a[n], ∀ non-empty subcarrier n;

10 Apply channel decoding to each column of X̊t;
11 return Decoded source bits for estimated AUS.

on these empty subcarriers.
The proposed multi-satellite cooperative Bayesian dequan-

tization DD algorithm for the case of MSCBP is summarized
in Algorithm 4. For the MSCTP case, no high-resolution
observation data can be acquired. In this case, the above
algorithm can still apply by simply modifying the index sets as
RC = ∅, and RE = {1, · · · , QNr}. However, due to the loss
of accurate high-resolution observations, some degradation in
the system performance is inevitable.

V. COMPUTATIONAL COMPLEXITY

In this section, we discuss the computational complexity of
the edge satellite nodes and the central server node. For edge
satellite nodes, algorithm 1 and algorithm 2 are performed.
For the central serve node, algorithm 3 is performed, and
LS/Algorithm 4 may serve as one of the steps in algorithm 3 in
perfect/quantized backhaul cases, respectively. Therefore, we
discuss the computational complexity at edge satellite nodes
and the central server node separately.
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Table II exhibits the computational complexity of Alg.
1 in detail. For steps in Alg. 1, the complexity of Line
1 is omitted since it can be calculated offline. During the
calculation of the number of multiplications, we utilized the
results from SVD for reduced complexity. For example, in
Line 4 and the calculation of traces of matrices, by applying
the results from SVD, lots of computations of full-dimensional
matrix multiplications can be reduced to the multiplication
of diagonal matrices. By neglecting the terms with much
fewer computations, the overall complexity in one iteration
is approximate O

(
G2KL+ 3GKLNr

)
. If the iteration times

is Niter, then the overall complexity of the Alg. 1 is given by
O
(
G2KLNiter + 3GKLNrNiter

)
.

TABLE II. Computational Complexity at edge satellite nodes

Algorithm 1

Operation Number of multiplication per iteration
Line 4 O

(
G2(KL+ 1) + 2G

)
Line 5 O (3GKLNr)

Line 6 O (2G)

Line 7 O (16KLNr)

Line 8 O (KLNr)

Line 9 O (KLNr)

Line 10 & Line 11 O (5KLNr)

Overall Complexity O
(
G2KLNiter + 3GKLNrNiter

)
Algorithm 2

Operation Number of multiplication
Line 6-9 O (MsubG

′PIiter)

Line 11 O (2NrP )

Line 12 O (2NrP )

Overall Complexity O (MsubG
′PIiter + 4NrP )

The complexity of the proposed channel estimation refine-
ment algorithm (Alg. 2) is also exhibited in Table. II. Since
Alg. 2 is non-iterative and the refinement process can be
implemented for each active UT parallelly, it can be computed
much faster than Alg. 1. During the main process of Alg.
2, the complexities of Line 1, and Lines 3-4 are omitted
since they are far fewer than other steps. The complexity of
Line 11 and Line 12 are both O (2NrP ) since only simple
vector multiplications are involved. The 2D-ESPRIT algorithm
in Lines 6-9 contributes most to the overall computations.
Luckily, for each active UT, only one set of angles {θ̂k, φ̂k}
needs to be estimated, therefore, we only need to compute
the largest singular value vector, which can be effectively
solved by the existing methods such as power iteration method.
The complexity for power iteration is O (MsubG

′PIiter), where
Msub = M sub

x M sub
y is the sub-dimensions during spatial

smooth preprocessing, G′ = GxGy is the number of selection
matrices. P is the maximum number of multipath component,
Iiter is the number of iteration of power iteration method.
Therefore, the overall complexity of Alg. 2 is approximately
O (KaMsubG

′PIiter + 4KaNrP ).
According to TABLE II, the process that contributes most

to the overall computational complexity of JADCE is mainly
matrices multiplications. Therefore, it is reasonable to assume
the edge LEO satellites to have such computation power. In the
next, we discuss the complexity of Algorithm 3 and Algorithm
4. For MSCTP, this process is performed by the terrestrial
server node, while for MSCBP, this process is performed by
the central satellite node with super computation power.

TABLE III. Computational Complexity at the central server node

Algorithm 3

Operation Number of multiplication
Line 5 O (QKaNrN logN)

Line 6
Problem (41)

O
(
NK3

a + 2NQNrK
2
a +NQNrKa

)
Line 6

Problem (42)
See Algorithm 4

Line 7 O (16KLNr)

Overall Complexity Dominated by Line 6

Algorithm 4

Operation Number of multiplication per iteration
Line 3 O (6QNNr)

Line 4 O
(
NK3

a + 2NQNrK
2
a + 2NQNrKa

)
Line 6 O

(
M2
s |M|

)
Line 8 O (KaMs logMs)

Line 9 O (NQNrKa)

Overall Complexity O
(
NiterNK

3
a + 2NiterNQNrK

2
a +NiterN

2|M|
)

The computational complexities of the central server node
(Alg. 3 and Alg. 4) are exhibited in TABLE III. In Alg.
3, the complexity of the server node only involves Lines
3 - 8. The complexity of Line 4 is neglected since it is
much less than other steps. Line 5 and Line 7 mainly
involve the matrices multiplication with the DFT matrix,
which can be efficiently solved by the fast Fourier transform
(FFT) algorithm. When the dimension of the matrix is the
power of 2, the complexity of Line 5 and Line 7 are re-
spectively given by O (QKaNrN logN +QNrN logN) =
O (QKaNrN logN) and O (KaMs logMs), respectively.
Therefore, the overall complexity of Alg. 3 is mainly dom-
inated by Line 6.

In Line 6 of Alg. 3, according to whether perfect back-
haul or quantized backhaul is performed, we use the LS
algorithm/Alg. 4 to solve the problems Equ. (41)/Equ. (42),
respectively. The overall computational complexity of DD at
the central server node is also shown in TABLE III, where
the specific complexity of Alg. 4 is further elaborated. By
further assuming Ms = N , and setting the iteration num-
ber of Alg. 4 to Niter, the overall complexity of Algorithm
is O

(
NiterNK

3
a + 2NiterNQNrK

2
a +NiterN

2|M|
)
, which is

also the approximate complexity for DD in MSCTP and
MSCBP schemes. Therefore, a relatively higher computation
ability is required at the central server node.

VI. SIMULATION RESULTS

This section conducts simulations to validate the superiority
of our proposed schemes. We consider a typical massive access
scenario with Q = 3 LEO satellites and K = 100 potential
UTs which are uniformly distributed in a triangular area
formed by the satellites’ projection onto the ground, as shown
in Fig. 4. The sides of the triangle and the satellite-to-satellite
distance are both 500 km and the altitude of the satellites is
550 km.4 In view of the large-scale fading difference caused

4Outside this triangular area, the interference from neighboring cells
can be conveniently handled in our proposed framework. For the JADCE
problem, the proposed methods can still apply by enlarging the problem
size. Besides, the multi-satellite cooperative DD algorithm can be flexibly
configured by allocating different frequency resources (subcarriers) to different
cells. Another method to eliminate interference is to dynamically configure the
time-frequency domain resources, e.g. [40]. Hence, for performance evaluation
convenience, the interference from outside the cell is ignored.
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Fig. 7. Comparison of different schemes given different non-ISI region length, with Ka = 15, P = 3 and SNR = 12 dB.

by the vast geometric range of all the potential UTs and high-
speed relative movement between UTs and LEO satellites,
we assume that power control and Doppler compensation are
performed at the UT side, and this can be achieved coarsely by
leveraging the prior extrinsic information of deterministic LEO
satellites’ trajectory and known UTs’ geographical position
[28], [29]. Other simulation parameters are set as follows.
The carrier frequency is set to fc = 14.5 GHz [39], and the
subcarrier spacing and system bandwidth are set to 480 kHz
and 259.2 MHz, respectively. We adopt the QPSK modulation
with DFT-s-OFDM waveform, and the data size of the DFT-s-
OFDM is set to (Ms, N) = (540, 540). The training sequence
ck for each UT is randomly generated from a standard normal
distribution. The size of each satellite antenna array is set
to Nx = Ny = 10 unless otherwise specified. The power
distribution factor among multipath and the pulse shaping
filter are set to Kf = 10 dB and r (τ) = δ (τ), respectively.
In addition, the maximum RCD is set to L = 17. The
performance evaluation metrics for AD, CE, and DD are
defined as user activity error probability (AEP), normalized
mean square error (NMSE), and BER, given respectively as

AEP =
1

K

K∑
k=1

|α̊k − αk|, (56a)

NMSE =
‖ H̄ − H̃ ‖2F
‖ H̃ ‖2F

, (56b)

BER =
EÅ∩A + PsMsMord|A\Å|

PsMsMord|A|
, (56c)

where H̄ =
[
H̄1 H̄2 · · · H̄Q

]
is the estimated channel, and

H̃ =
[
H̃1 H̃2 · · · H̃Q

]
is the true channel, while for BER,

EÅ∩A is the total number of error bits for correctly estimated
AUS, |A\Å| is the number of missed detected UTs, Ps is
the number of the total transmit frames, and Mord is the
modulation order.

A. Performance Evaluation with Perfect Backhaul

1) Comparison with Existing Schemes: We first compare
our schemes with the classical simultaneous orthogonal match-
ing pursuit (SOMP) algorithm [41] and Oracle-LS method
[42].

Fig. 7 shows the NMSE, AEP, and BER performance as
the functions of the non-ISI region length achieved by various
algorithms. In this simulation, the signal-to-noise ratio (SNR)
is set to 12 dB, the number of active UTs is Ka = 15,
and each TSL has P = 3 paths. In addition, ‘Alg. 1’ means
that only Algorithm 1 is executed at the satellite node when
performing CE, and ‘Alg. 1 + Alg. 2’ stands for both Algo-
rithms 1 and 2 are serially executed at the satellite node. For
the array manifold information of the receiver, Algorithm 1
only utilizes the common sparsity property among different
antennas, which achieves good performance when the non-
ISI region is sufficiently large. Because the high-resolution
2D-ESPRIT algorithm captures the angle information of the
channel accurately, a significant performance improvement can
be further obtained by Algorithm 2. Oracle-LS [42] assumes

that the support sets of
{
H̃q

}Q
q=1

are known, and it conducts

LS estimation of the non-zero rows in the CIRM. Since the
true AUS can be acquired from the known support sets of{
H̃q

}Q
q=1

, Oracle-LS does not perform AD.

It can be seen from Fig. 7 (a) that our Alg. 1 outperforms
SOMP, and Oracle-LS with the idealized perfectly known
support set is better than Alg. 1 when G > 100, while our
combined Alg. 1 + Alg. 2 dramatically outperforms the other
schemes, in terms of CE performance. In particular, over the
range of the non-ISI region lengths tested, our Alg. 1 + Alg. 2
exhibits an NMSE performance gain of 3 to 5 dB over our
Alg. 1. Clearly, benefiting from the high-resolution estimation
of AoAs, Algorithm 2 can significantly enhance CE perfor-
mance.

Fig. 7 (b) compares the AEP performance of the three
algorithms with two different processing schemes. Specifically,
based on the estimated CIRM by different CE algorithms, we
use the same energy-based detector of (24) to acquire the sup-
port set of CIRM, and we compare the non-cooperative pro-
cessing with cooperative processing. Here, ‘non-cooperative’
means that the detection of AUS, (25), is executed indepen-
dently at each satellite, and the AEP for the non-cooperative
processing is defined as AEP = 1

KQ

∑Q
q=1

∑K
k=1 |α̂k,q−αk|.

By contrast, ‘cooperative’ means that the majority voting
scheme of (37) is further adopted to refine the AD, and the
AEP is defined in (56a). It can be seen from Fig. 7 (b) that
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Fig. 8. Comparison of different schemes given different SNR values, with G = 136, Ka = 15 and P = 3.
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Fig. 9. Comparison of different schemes given different numbers of active UTs, with G = 136, P = 2 and SNR = 12 dB.

the two proposed methods achieve slightly better AEP perfor-
mance than SOMP in non-cooperative processing. Also, our
two methods outperform SOMP considerably in cooperative
processing. It can be observed that cooperative processing dra-
matically improves the AEP performance over non-cooperative
processing. This can be explained intuitively as follows. When
one LEO satellite misjudges the active state of one UT due to
unfavorable channel conditions between this UT and the LEO,
observations from other LEO satellites can correct this mistake
to a large extent. In addition, Alg. 1 + Alg. 2 produces the same
AEP performance as Alg. 1, since no further AD refinement
is executed in Algorithm 2.

In the BER performance comparison depicted in Fig. 7 (c),
we also include the idealized Perfect-CSI case, which uses the

true CIRM
{
H̃q

}Q
q=1

and the true AUS A to perform DD.

In this figure, non-cooperative processing means that (34) is
utilized to perform equalization at each satellite independently,
and the final BER is defined by the average result of all
satellites, while cooperative processing means that (41) is
utilized to perform equalization, as proceeded in Algorithm 3,
and its BER is defined in (56c). In the non-cooperative case,
SOMP, Oracle-LS, and Alg. 1 have similar BER performance,
while our Alg. 1 + Alg. 2 clearly achieves a better BER
performance because it has a more accurate CE result. For the
cooperative case, our Alg. 1 outperforms SOMP, and Oracle-
LS with the perfectly known support set is better than Alg. 1,

while our Alg. 1 + Alg. 2 outperforms Oracle-LS, in terms of
DD. Observe that the cooperative processing outperforms the
non-cooperative processing by 2 to 3 orders of magnitude.
This is because cooperative processing can suppress the high
channel correlation effect, while non-cooperative processing is
prone to the ill-conditioned channel condition.

Fig. 8 depicts the NMSE, AEP, and BER performance as
the functions of SNR achieved by various algorithms, given
the non-ISI region length G = 136, the number of active
UTs Ka = 15 and the number of multipath components
P = 3. It can be observed from Fig. 8 (a) that Oracle-
LS is inferior to our Alg. 1 in the low SNR region but the
former becomes better than the latter in the high SNR region.
Observe that the NMSE performance gap between Alg. 1 and
Alg. 1 + Alg. 2 increases with the improvement of SNR. This
is because higher SNR provides a better initial estimation
of the CIRM for 2D-ESPRIT, which in turn is better for
the exploitation of the structure of the antenna array. Similar
to Fig. 7 (b), our Alg. 1 and Alg. 1 + Alg. 2 have the same
AEP performance, and they outperform SOMP, as can be seen
from Fig. 8 (b). Also cooperative processing yields significant
better AEP than non-cooperative processing. Besides, similar
observations to those for Fig. 7 (c) can be drawn regarding the
BER performance of different algorithms depicted in Fig. 8 (c).
In particular, the BER of our Alg. 1 + Alg. 2 is the closest to
that of the perfect-CIR case.
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Fig. 10. Cooperative DD performance as the functions of SNR given
different Ka and P , where G = 136.

2) Comparison of Different Numbers of Active UTs: In this
part, we investigate the impact of the number of active UTs
on the performance of the proposed schemes.

In Fig. 9, the NMSE, AEP, and BER performance as the
functions of the number of active UTs are depicted under
various algorithms, given the non-ISI region length G = 136,
the received SNR = 12dB, and the number of multipath
components P = 2. It can be observed from Fig. 9 (a) that
the proposed Alg. 1 + Alg. 2 yields the best CE performance.
As expected, increasing the number of active UTs Ka degrades
all the CE, AD, and DD performance. Similar to Fig. 8, the
Alg. 1 + Alg. 2 outperforms the other algorithms under differ-
ent Ka. Also, cooperative processing yields significantly better
AEP and BER performance than non-cooperative processing.
Note that the BER performance deteriorates obviously when
Ka is large. This is because, for the limited size of the received
antenna array, when the number of active UTs is too large, the
multi-user interference also becomes more severe in the spatial
domain.

In Fig. 10, we examine the BER performance of the cooper-
ative DD method (41) as the functions of SNR under various
combinations of the number of multipath components P and
the number of active UTs Ka, with the non-ISI region length
fixed to G = 136. The BER results are obtained based on

the estimated CIRM from Alg. 1 + Alg. 2. As expected, given
the same Ka, the BER performance degrades as P increases.
This indicates that in SatCom, if we can effectively perform
beamforming at the UT side to concentrate more energy on the
LoS path, the channel energy of NLoS paths can be suppressed
to promise a better BER. Also, given the same P , increasing
the number of active UTs Ka leads to the increase of multi-
user interference, which degrades the BER directly.

3) Comparison of the System Scalability: In this part, we
investigate the scalability of the system, where the impacts
of the numbers of cooperative satellite nodes, the numbers of
potential UTs, and the size of receive array are investigated.

In Fig. 11, the NMSE, AEP, and BER performance as the
functions of the numbers of LEO satellites Q are depicted. As
expected, increasing the number of LEO satellites does not
influence the NMSE performance, since the CE is performed
at each satellite independently. The non-cooperative scheme
yields a larger AD error with the increased number of LEO
satellites and the cooperative scheme behaves conversely. This
is because in non-cooperative the AD error is accumulated
with the increasing number of LEO satellites, while the
cooperative scheme uses a majority scheme to eliminate the
detection error. Furthermore, the BER performance becomes
better with the increased number of LEO satellites, since more
satellites lead to more observations. To determine the concrete
number of satellites that participate in the cooperative process-
ing, one may preset the targeted BER and AEP performance,
and then the concrete number of satellites needed to achieve
this threshold can be read from the figures.

In Fig. 12, we compare the NMSE, AEP, and BER perfor-
mance of different schemes as the functions of the numbers
of total potential UTs, with the non-ISI region length fixed to
G = 170, SNR = 12 dB, and the P = 3. Besides, we fixed
the active UTs ratio to Ka/K = 0.1. The proposed Alg. 1 +
Alg. 2 still outperforms the other algorithms with the scaling
of the K. The proposed cooperative AD and DD schemes also
outperform non-cooperative schemes. All the schemes exhibit
performance deterioration with the increment of K. Actually,
with the increased number of K, we have to allocate a longer
preamble to achieve satisfactory performance, which reduces
the transmission efficiency unavoidably.

In Fig. 13, we examine the NMSE performance of different
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Fig. 11. Comparison of different schemes given different numbers of LEO satellites, with G = 136, P = 3, and SNR = 8 dB.
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Fig. 12. Comparison of different schemes given different numbers of potential UTs, with G = 136, P = 3 and SNR = 12 dB.

5 5 6 6 8 8 10 10 12 12 16 16 20 20

Array size

-20

-19

-18

-17

-16

-15

-14

N
M

S
E

 (
d

B
)

SOMP

Oracle-LS

Alg. 1

Alg. 1 + Alg. 2

Fig. 13. NMSE performance as the functions of the size of receive antenna
array, where G = 136, P = 3 and SNR = 12 dB.

CE methods as the functions of the size of receive antenna
array, with the non-ISI region length fixed to G = 136, SNR =
12 dB, and P = 3. As expected, increasing the size of the
receive antenna array would lead to enhanced performance of
CE in Alg.1 + Alg. 2. This is because a larger size of antenna
array leads to more accurate AoA estimation at the receiver,
which helps to refine the CE results. By contrast, increased
antenna array size can not provide improved CE performance
for the Oracle-LS algorithm and SOMP algorithm, since they
didn’t utilize the spatially structured information. Besides, it
is observed that Alg. 1 can also acquire better performance
with a larger antenna size due to the effective utilization of
MMV structure.

B. Performance Evaluation with Quantized Backhaul

The previous subsection has compared the BER perfor-
mance of the proposed perfect backhaul schemes, which means
that the observations at each edge satellite node are perfectly
fed back to the central server node. We now investigate
the BER performance of the proposed quantized backhaul
schemes, where the observation is quantized first and then fed
back. According to whether a terrestrial server or a satellite
serves as the central node, cooperative DD can be classified
into the cases of MSCTP and MSCBP. The LS method is

adopted in perfect backhaul case to provide the performance
benchmark for other comparison schemes.

Fig. 14 exhibits the DD performance of different schemes,
given the SNR = 12 dB, the number of active UTs Ka = 15,
the number of multipath components P = 3, and the quantiza-
tion resolution B = 3 bits. To validate the effectiveness of the
proposed multi-satellite cooperative Bayesian dequantization
DD algorithm (Alg. 4), we compare it with the LS method
in both MSCTP and MSCBP cases. In Fig. 14, LS (MSCTP)
and LS (MSCBP) mean the LS method is directly applied
to solve the quantized data detection problems in MSCTP
and MSCBP respectively, while Alg. 4 (MSCTP) and Alg. 4
(MSCBP) perform quantized posterior inference according to
Alg. 4. In Fig. 14, a better BER performance can be observed
by Alg. 4 over LS in both cases, which is due to the better
utilization of the prior symbol constellation distribution and
the quantizer output. The figure also reveals that given a target
BER, Alg. 4 can use much fewer non-ISI region length than
LS. Besides, it is also obvious that better BER performance
can be achieved in MSCBP scenario. This is because the
local observations of the central satellite node in MSCBP
can promise a lower information loss than the fully-quantized
observations in MSCTP. Moreover, the Alg. 4 (MSCBP) shows
the smallest BER gap compared with the perfect backhaul
case, which exhibits the effectiveness of the proposed scheme.

Fig. 15 plots the DD performance of Alg. 4 under both
the MSCTP and MSCBP scenarios with different quantization
resolutions, given G = 136, Ka = 15 and P = 3. It
is obvious that as the quantization resolution improves, the
BER gap between MSCTP/MSCBP and the perfect backhaul
becomes smaller, and MSCBP outperforms MSCTP at all the
quantization resolutions. It is also worth noting that in the
low SNR region and with the quantization resolution B = 5
bits, the MSCBP framework can achieve better BER than the
perfect backhaul. This is because Alg. 4 can better utilize the
discrete constellation information during iterative inference,
while the LS method adopted in the perfect backhaul case can
not utilize the prior information of symbol constellation. By
contrast, in the high SNR region, the BER performance of the
proposed scheme is restricted by the quantized resolution, thus
resulting in a worse BER than perfect backhaul.

Fig. 16 investigates the influence of receiver antenna size
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and channel coding on the DD performance, given G = 136,
Ka = 15, and P = 3. Alg. 4 is employed to perform DD
in the MSCBP scenario, the quantization resolution is B =
2 bits and a low-density LDPC channel coding with 1/2 code-
rate is applied. As expected, channel coding can significantly
improve the DD performance. For example, with the array
size of Nx = Ny = 10 and at SNR = 20 dB, the BER of
the uncoded case is about 2 × 10−4 while the BER of the
coded case is around 4×10−5. Obviously, increasing the array
size can also dramatically improve the BER performance, as a
larger receiver antenna array can provide more observations for
performance enhancement. In the coded situation, for example,
an Nx = Ny = 14 array can harvest an SNR gain of nearly
8 dB at the BER of 10−4, compared with an Nx = Ny = 10
array.

VII. CONCLUSIONS

The random access problem in mMIMO-based satellite
communication systems has been investigated in this paper.
Considering the vast geographic distribution region of tar-
get UTs, a TSP-MCS has been designed with tolerance to
imperfect synchronization. Specifically, we have constructed
a multi-satellite system where a TS is utilized to perform
JADCE at edge satellite nodes. Exploiting the sparse feature
of TSLs and sporadic transmission of UTs’ traffic, our sys-
tem acquires an initial estimate through the OAMP-MMV
algorithm, after which a 2D-ESPRIT method is applied for
enhanced parameterized CE. Moreover, we have proposed
a majority voting method to enhance AD performance by
aggregating information from multiple edge nodes. To deal
with the high spatial correlation among UTs’ channels, a
multi-satellite cooperative linear DD algorithm and a multi-
satellite cooperative Bayes dequantization DD algorithm have
been proposed for perfect backhaul and quantized backhaul,
respectively. Simulation results have verified the effectiveness
of our proposed scheme in terms of CE, AD, and DD for quasi-
synchronous random access satellite systems. One deficiency
of the proposed scheme is that it is limited to the case where
the total number of potential UTs is fixed, and it can not adapt
to the variation of newly enrolled/exited UTs. One possible
solution is to investigate unsourced multiple access methods in
LEO satellite constellations. Extensions to the hybrid mMIMO

receiver and the designs of receiving beams at satellites for
improved performance are also interesting directions.

APPENDIX A
AUXILIARY MATRICES FOR 2D-ESPRIT ALGORITHM

Define the exchange matrix ΠN ∈ RN×N and the selection
matrix J2 ∈ R(N−1)×N as

ΠN =


1

. .
.

1
1

 ,J2 =


1 0 . . . 0 0
0 1 . . . 0 0
...

...
. . .

...
...

0 0 . . . 1 0

 . (57)

For even-dimensional and odd-dimensional matrices,Q2K and
Q2K+1 are respectively defined as

Q2K =
1√
2

[
Ik jIk
Πk −jΠk

]
, (58a)

Q2K+1 =
1√
2

 Ik 0 jIk
0T

√
2 0T

Πk 0 −jΠk

 . (58b)

Other auxiliary matrices are defined as follows.

Kµ1
= IMsub

y
⊗Re

{
QH
Msub
x −1J2QMsub

x

}
, (59a)

Kµ2 = IMsub
y
⊗ Im

{
QH
Msub
x −1J2QMsub

x

}
, (59b)

Kν1 = Re
{
QH
Msub
y −1J2QMsub

y

}
⊗ IMsub

x
, (59c)

Kν2 = Im
{
QH
Msub
y −1J2QMsub

y

}
⊗ IMsub

x
. (59d)
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