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Abstract—The growing demand for reliable and extensive con-
nectivity has made low Earth orbit (LEQO) satellites aided Internet
of Things (IoT) systems a critical area of research. However,
current theoretical studies on IoT-over-LEQ satellite systems
often rely on unrealistic assumptions, such as infinite terrestrial
areas and omnidirectional satellite coverage, leaving significant
gaps in theoretical analysis for more realistic operational con-
straints. These constraints involve finite terrestrial area, limited
satellite coverage, Earth curvature effect, integral uplink and
downlink analysis, and link-dependent interference. To address
these gaps, this paper proposes a novel stochastic geometry based
model to rigorously analyze the performance of IoT-over-LEO
satellite systems. By adopting a binomial point process (BPP)
instead of the conventional Poisson point process (PPP), our
model accurately characterizes the geographical distribution of
a fixed number of IoT devices in a finite terrestrial region.
This modeling framework enables the derivation of distance
distribution functions for both the links from the terrestrial IoT
devices to the satellites (T-S) and from the satellites to the Earth
station (S-ES), while also accounting for limited satellite coverage
and Earth curvature effects. To realistically represent channel
conditions, the Nakagami fading model is employed for the T-
S links to characterize diverse small-scale fading environments,
while the shadowed-Rician fading model is used for the S-ES
links to capture the combined effects of shadowing and domi-
nant line-of-sight paths. Furthermore, the analysis incorporates
uplink and downlink interference, ensuring a comprehensive
evaluation of system performance. The accuracy and effectiveness
of our theoretical framework are validated through extensive
Monte Carlo simulations. These results provide insights into key
performance metrics, such as coverage probability and average
ergodic rate, for both individual links and the overall system.
Our study also offers an important analytical tool for optimizing
the design and performance of IoT-over-LEO satellite systems
with the operational constraints that are more realistic.

Index Terms—IoT-over-LEO satellites, stochastic geometry,
coverage probability, Nakagami fading, shadowed-Rician fading.
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I. INTRODUCTION

NTERNET of Things (IoT) forms a crucial component

of future digital infrastructure and has been attracting
significant interests from both academia and industrial sectors,
because of its vast potential to enhance the quality of services
across various aspects of contemporary life [1]. However,
extending the current IoT that is typically based on limited
terrestrial communication infrastructure to cover the vast rural
and remote areas is encountering numerous problems, partic-
ularly in poor countries [2]. In order to realize ubiquitous
connectivity, IoT systems based on a large-scale low Earth
orbit (LEO) satellite constellation have been considered as an
appealing solution due to their convenient deployment, signif-
icant adaptability, and extensive coverage [3-6]. Conducting
performance analysis of these systems is cost-effective and
crucial for optimizing their design and ensuring their reliability
in diverse environments.

However, when conducting such performance analysis for
real-world scenarios, we must consider a number of factors,
such as the finite size of the IoT device distribution area,
the curvature of the Earth, the limited satellite coverage,
and complex propagation environments, all of which pose
significant challenges to performance analysis. In particular,
in remote areas lacking terrestrial infrastructure, IoT devices
are often deployed in geographically constrained regions, such
as mountains or deserts, where the terrain results in a limited
device distribution area. This makes the widely used tractable
Poisson point process (PPP) inapplicable, posing significant
challenges in deriving the distribution of distances from
ground IoT devices to satellites. Additionally, the curvature
of the Earth and the limited satellite coverage also complicate
the distance distributions and the feasibility of line-of-sight
(LOS) conditions between satellites and ground nodes, making
traditional flat Earth-surface based models inadequate for
accurately describing these effects. Recent research has shown
that stochastic geometry [7] and random geometric graphs [8]
have emerged as promising solutions for characterizing and
evaluating the topology of different types of wireless networks.
Thus, by utilizing the tool of stochastic geometry, we aim
to more accurately evaluate the potential performance gains
brought about by tackling the aforementioned challenges.

A. Related Work

LEO satellite communication has gained enormous research
interests in recent years. In [9], the authors creatively inte-



grated refracting reconfigurable intelligent surface and relay
techniques into satellite IoT systems, opening up a brand new
path for solving the satellite direct-to-indoor communication
issues. The authors of [10] broke through traditional research
perspectives of multiple access in satellite networks, and
studied massive access and interference management issues
by exploiting rate splitting multiple access, which injects new
vitality and directions into the satellite-IoT field. In the context
of multi-altitude LEO satellite networks, the authors of [11]
proposed a hybrid beamforming design for terrestrial users that
are assumed to employ holographic metasurfaces. It involves
optimizing both holographic beamformer and digital beam-
former, and for the latter a low-complexity minimum mean
square error (MMSE) beamforming algorithm is designed by
exploiting the stochastic geometry based distribution of the
LEO satellite constellation.

However, research on stochastic geometry based perfor-
mance analysis of IoT-over-LEO satellite systems, particularly
on the uplink, remains limited, with only a few studies such
as [12-17]. Specifically, Yastrebova et al. [12] investigated
the impact of terrestrial interference on LEO satellite uplinks
in high international mobile telecommunications (IMT) fre-
quency bands. The authors of [13] put forth an analytical
framework that captures the frame repetition behavior based on
the LOS probability and analyzed the coverage performance
as a function of the frame success rate. The work [14] ana-
lyzed uplink coverage performance of the cooperative satellite-
terrestrial network (CSTN) in which the connection between
users and satellites is realized through base station (BS) relay-
ing. Chan et al. [15] analyzed the uplink performance of large-
scale IoT-over-LEO satellite systems and, through simulations,
compared the performance of random constellations with that
of Walker constellations. The study [16] compared direct
and gateway-assisted uplinks, and optimized coverage and
battery efficiency, while the authors of [17] analyzed the uplink
performance for nomadic communication with weak satellite
coverage.

However, the studies [12—16] modeled terrestrial terminals
using a PPP or a Poisson cluster process (PCP), which
assumes an infinite distribution region. Although the study
[17] considered a finite-size region for terrestrial devices
and employed binomial point process (BPP) for modeling, it
simplified the analysis by treating the terrestrial region as a
large disk rather than a spherical cap, thereby neglecting the
effect of Earth’s curvature. This leads to significant differences
between the work in [17] and that of this paper, not only in
the solution of distance distribution but also in the derivation
process of coverage probability. Moreover, the work in [17]
fails to take into account large-scale LEO constellations and
the limited satellite coverage, both of which are the problems
this paper aims to address. Thus, a significant gap exists in the
current research landscape regarding the uplink performance
analysis of realistic satellite-terrestrial networks with terrestrial
terminals located in limited-size regions, particularly when
also accounting for the impact of Earth’s curvature. Filling
this gap is the first motivation for our research.

PPP and PCP can be used to model the distributions of
IoT devices in infinite space, while BPP is suitable for finite

space [19]. More specifically, although PPP and PCP are
widely adopted, they inherently assume a random number of
points, which contradicts the requirement for a fixed number of
points distributed within a finite region in many IoT settings.
The same issue also arises with the Matérn cluster process
(MCP), since it is a special type of PCP and the parent
points in MCP are constructed based on the rules of PPP.
Therefore, PPP and PCP (and also MCP) are not suitable
for modeling remote areas where terrestrial communication
infrastructure is lacked and a fixed number of IoT devices are
required to be concentrated in certain limited-size geographical
regions, such as mountains or deserts. By contrast, BPP is
particularly suited to model scenarios where the number of
devices is fixed and the points are distributed within a limited-
size region. Therefore, the use of BPP can provide a model
that better meets the realistic operational constraints when
conducting performance analysis, making the analytical results
more closely aligned with actual conditions.

Besides, the work [12] used Rician fading, the studies
[13—-15] adopted an empirical model from [18] for satellite-
to-ground links in urban areas, and the work [16] used
a shadowed-Rician (SR) fading model which was further
approximated as a Gamma function. The authors of [17]
employed the Nakagami fading model to analyze ground-to-
air links. However, its model assumes a flat disk, neglect-
ing Earth’s curvature, which limits its applicability to the
analysis of ground IoT devices’ links to large-scale satellite
constellations. Therefore, none of these works has provided
an analytical framework for IoT-over-LEO satellite systems
based on the Nakagami fading model, which offers greater
flexibility by allowing parameter adjustments to represent
Rayleigh, Rician, and empirical fading models. Addressing
these overlooked aspects in existing studies serves as our
second motivation for this research.

Compared with the limited research on uplink performance,
there is a relatively larger body of works focusing on downlink
analysis [20-25]. Even so, among these works, only the
authors of [25] considered the limited satellite coverage, while
the rest assumed the satellite antenna to be omnidirectional.
However, the work [25] overlooked the presence of interfer-
ence, which, while simplifying the derivation, deviates from
real-world scenarios. When interference pattern and limited
satellite coverage are jointly considered, they introduce sig-
nificant complexity in performance analysis. Hence, it is clear
that there is a lack of thorough performance analysis of the
downlink, accounting for both limited satellite coverage and
interference pattern. This stands as our third motivation.

More importantly, existing studies on satellite communi-
cation analysis tend to focus either on the uplink [12-17]
or on the downlink [20-25], overlooking the importance of
holistic end-to-end (E2E) analysis. Although the authors of
[26] discussed E2E performance, they did not considered any
of these constraints — finite-size terrestrial device distribution
area, limited satellite coverage, and multiple satellites. Ad-
ditionally, it lacks an analysis of distance distribution under
these realistic operational constraints. Such analysis is crucial
for understanding the holistic performance of IoT-over-LEO
satellite systems, as it accounts for the interaction between



COMPARISON OF REPRESENTATIVE STATE-OF-THE-ARTS SATELLITE RELATED NETWORKS WITH OUR WORK.

Reference Link Channel fading model Interference I*.‘lmte'-snz.e gr.ound Limited satellite Earth curvature | Composite E2E | Point process
types device distribution area coverage
Yastrebova et al. [12] TS Rician Rician v S: PPP
S| ova er al. - 1C14 1C1 - TPPP
Manzoor et al. [13] T-S empirical model [18] empirical model [18] v - S O,Tf PS;ll)elhte
. . L. S: PPP
Homssi et al. [14] TS empirical model [18] empirical model [18] v - T: PPP
.. L. S: PPP
Chan et al. [15] T-S empirical model [18] empirical model [18] v - T- PPP
T-S: SR (Approximating | T-S: SR (Approximating S: BPP
Talgat et al. [16] T-S/T-GW-S to a Gamma function) to a Gamma function) v v - T: PCP
T-GW-S: Rayleigh T-GW-S: Rayleigh :
T-A: Nakagami T-A: Nakagami T: BPP
Dong et al. [17] TAS A-S: SR A-S: SR v ) ) A: MHCPP
S-GW: SR
Talgat et al. [20] S-GW-U GW-U: Rayleigh - v - BPP/PPP
Al-Hourani [21] S-T GMM GMM v - PPP
Okatiet al. [22] S-T Rayleigh - v - NPPP
Sellathurai ef al. [23] ST SR (Approximating SR (Approximating v - PPP
to a Gamma function) to a Gamma function)
S-U: SR (Approximating
Kolawole et al. [24] S-U/GW-U to a Gamma function) Nakagami v - PPP
T-U: Nakagami
Jung et al. [25] S-T SR - v v - BPP
A-S: Nakagami . S:One satellite
Song et al. [26] A-S-GW S.GW-: SR Nakagami - v A:MHCPP
T-S: Nakagami T-S: Nakagami S: BPP
Our work TS-ES S-ES: SR S-ES: SR v v v v T: BPP

S: satellite, A: aerial node, T: terrestrial node, ES: Earth station, GW: gateway. SR: shadowed-Rician fading, GMM: Gaussian mixture model. v': considered, - : not considered.
PCP: Poisson cluster process (contains Matérn cluster process and Tomas cluster process), PPP: Poisson point process, BPP: binomial point process, MHCPP: Matérn hard-core point process.

different components and accurately evaluates the overall
efficiency and reliability of data transmission from IoT devices
to satellites and further to Earth stations (ESs). This significant
oversight and the pressing need for a more comprehensive and
realistic E2E analysis, constitute our fourth motivation.

B. Contributions of Our Paper

Inspired by the insights gained from reviewing prior works,
in this paper we focus on the performance analysis of IoT-over-
LEO satellite systems under realistic operational constraints,
such as finite-size ground area, limited satellite coverage,
sophisticated Earth curvature, integral uplink and downlink,
and link-specific interference. Specifically, we introduce an an-
alytical framework for IoT-over-LEO satellite systems, where
IoT devices are distributed within a limited area and satellite
beams have restricted ranges. We derive an expression to char-
acterize the communication coverage of IoT devices within
this constrained space, where the devices establish connections
with the ES through satellite relays. In our exploration, we
partition the system into two main segments: the IoT-device-
to-satellite (T-S) link and the satellite-to-ES (S-ES) link. Based
on the position distribution characteristics of the IoT devices
and the ES, we analyze each segment using Nakagami and
SR fading models, respectively. Our contributions can be
summarized as follows.

® We introduce a novel stochastic geometry based model

to describe the impact of IoT device distribution within
a finite ground area on the performance of IoT-over-LEO
satellite systems. Existing papers on the performance
analysis of IoT-over-satellite systems typically assume
a ground area of infinite size, which is unrealistic. In
contrast, we model the terrestrial distributions of IoT
devices using BPP, which allows for characterizing a
fixed number of devices distributed within a given re-
gion. Furthermore, unlike prior works that assume an

omnidirectional or Earth-tangent satellite coverage, we
incorporate a practical beam-dependent limited satellite
coverage, enabling a more accurate derivation of geomet-
ric relationships.

Based on the above new modeling assumptions, we
analyze the distance distributions of both the T-S link
and the S-ES link under multiple real-world constraints,
including the finite size of the IoT device distribution
area, the curvature of the Earth, and the beam-dependent
limited satellite coverage. Specifically, in existing studies
based on PPP or PCP, the distance distribution function
can be directly obtained through the probability of the
empty event. However, when simultaneously considering
the limited ground area, the Earth’s curvature, and the
limited satellite coverage, it is necessary to take into
account the spatial geometric relationships. This signifi-
cantly increases the difficulty of the derivation.

We take into account different propagation environments
of the uplink and downlink channels, and adopt distinct
channel models that are appropriate for them. Addition-
ally, the relevant interference patterns are considered in
our theoretical analysis. For the T-S link, we adopt the
Nakagami fading model, which serves as a more universal
and adaptable framework for characterizing small-scale
fading. In other words, it can offer greater flexibility by
allowing parameter adjustments to represent Rayleigh,
Rician, and empirical fading models. For the S-ES link
in LEO satellite systems, where Earth stations may be
located in urban areas with building obstructions, the SR
model is well-suited as it captures the combined effects
of shadowing and dominant LOS paths.

We carry out the E2E performance analysis for an IoT-
over-LEO satellite system in terms of the CP of T-
S-ES links, and numerical simulations have validated
our theoretical analysis. Specifically, we perform an in-



depth study on the impact of key system parameters,
including the size of IoT device distribution area, the
width of satellite beams, the numbers of IoT devices and
satellites, and the antenna gains. Important insights are
obtained from the extensive results. To the best of our
knowledge, the E2E performance analysis of an IoT-over-
LEO satellite system where IoT devices communicate
with the ES via satellites, has not been reported before.

Table I compares our work with some representative state-
of-the-art contributions related to IoT-over-LEO satellite sys-
tems, in order to highlight the novelty of our contributions.

C. Organization of the Paper and Notations

The remainder of this paper is organized as follows. Sec-
tion II presents the topology model, the channel model, and
the signal-to-interference-plus-noise ratio (SINR) model of
the IoT-over-LEO satellite system considered. The distance
distributions for both the target and interfering links of the T-S
and S-ES links are derived in Section III. Section IV provides
our primary performance analysis results, which involve the
derivations of the analytical CPs for the T-S link (i.e., uplink)
and the S-ES link (i.e., downlink), respectively. Section V
presents the derivations of the analytical AERs for the T-S
link and the S-ES link, respectively. In Section VI, we provide
numerical results to verify our theoretical derivations and to
quantify the impact of key system parameters. Our conclusions
are drawn in Section VIIL

Throughout this paper, P(-) and E[-] stand for the prob-
ability measure and the expectation operator, respectively.
The Laplace transform of random variable X is defined by
Lx(s) = E [exp(—sX)]. The cumulative distribution func-
tion (CDF) and probability density function (PDF) of random
variable X are denoted by Fx(z) and f,(x), respectively.
I'(+) is the Gamma function, and the Pochhammer symbol is
defined as Ps(z),, = I'(x + n)/T'(z). The lower incomplete
Gamma function is defined as y(a,z) = [; t*~ ! exp(—t)dt.
() denotes the binomial coefficient. 1F (+;+;-) is the con-
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TABLE II
SUMMARY OF MATHEMATICAL NOTATIONS ADOPTED.
Notation | Description
At Finite-size IoT device distribution area
Ac Satellite coverage
As Distribution region of visible satellites from ground
01, 03, 04 Earth-centered zenith angles of Ar, Ac, and As
0> Angle between the satellite and the target IoT device
R Radius of Ar
H Height of satellites
Te Radius of the Earth
Nr.s Nakagami fading parameter
©s Antenna beamwidth of satellites
Satellite-centered angle between the center
¥ of the Earth and the ground transmitter
Nr Total number of IoT devices
Ns Total number of satellites
D Duty cycle of IoT devices
D Power of IoT devices
Ds Power of target satellite
Dn Power of interfering satellites

Fig. 1. Illustration of the IoT-over-LEO satellite system.

fluent hypergeometric function of the first kind. For easy
reference, Table II lists the key symbols used in this paper.

II. SYSTEM MODEL

In this section, we present a holistic E2E system model for
the IoT-over-LEO satellite system, which takes into account
both the uplink and downlink, the finite-size ground area, the
limited satellite coverage, the Earth curvature, and the link-
dependent interference. Based on this model, we carry out the
system performance analysis.

A. Geometric Model

As illustrated in Fig. 1, the system consists of multiple IoT
devices (T, n € [1,--+ ,Ng|, Ny > 1), a group of satellites
(S;, Lel,---,Ng], Ns > 1), and an ES. IoT devices are
situated on the surface of the Earth, which is modeled as a
perfect sphere with radius r. ~ 6371 km, while the satellite
constellation is placed on low circular orbits with the same
altitude H. IoT devices connect to the core network using a
transparent transmission architecture via relay satellites, the
ES and the gateway, with the T-S uplink referred to as the
service link and the S-ES downlink as the feeder link. We
make the assumption that the devices maintain a consistently
averaged duty cycle denoted as D during transmission.

The system’s geometric relationships are illustrated in
Fig. 2. Since BPP is accurate for characterizing the nodal
distributions in finite-area networks, Nt IoT devices are dis-
tributed within a circular finite-size area, following a BPP
distribution, denoted as ®t!. This finite-size area takes the
shape of a spherical cap, denoted as Ar, with the arc R, of the
largest circle on Earth’s surface and an Earth-centered zenith
angle of 6; = %. Our modeling and derivation are equally
applicable to other propagation scenarios that can be properly
characterized by Nakagami fading. Due to the limited number
of satellites covering a given finite region, Ny satellites are

ISince we use low Earth orbit satellites with a limited beam angle, satellite
coverage is relatively small. For instance, under our simulation parameters,
the ground radius of this area is less than 90 km, which means that IoT devices
can be counted and modeled using BPP.



modeled by a BPP?, denoted as ®g, on a sphere with an
altitude of r. + H.

We assume that each satellite is equipped with multiple
directional beam antennas, which cooperate to form a coverage
area directed towards the Earth’s center?. To facilitate more
flexible communication with satellites in various directions,
IoT devices employ directional antennas with steerable beams.
For mathematical simplicity, we assume that both satellites and
IoT devices display sectorized beam patterns and disregard the
influence of the satellite’s side lobes, given that the main lobe’s
directionality is of greater significance*. We represent the
main lobe antenna gain of the satellite S as Gs(ys), which is
determined based on the satellite’s beamforming configuration.
Specifically, the coverage region is approximated as a spherical
cap, and the gain is expressed as a function of the satellite
coverage angle (, given by the following equation [15]:

2
Gs(ps) = W. (D

The main lobe and side lobe gains of 10T devices are denoted
as Gy and gy, respectively, with the threshold angle between
the main and side lobes in the beam pattern represented by .
Furthermore, to ensure the timely reception of signals from
the relay satellite, we consider the use of an omnidirectional
antenna with a gain of Ggg at the ES.

As depicted in Fig. 2(a), the ground area covered by the
satellite signal is represented by a blue spherical cap, denoted
as Ac, with an Earth-centered zenith angle 63, while the finite-
size area is indicated by a yellow spherical cap Ag. Only

2LEO constellations currently being researched and developed are large,
consisting of many satellites. From the user’s perspective, the positions of the
satellites can be approximated as independent. Furthermore, when satellites
move along random circular orbits, this independence in their positions
remains constant over time. Besides, the authors of [12] have further examined
the accuracy of the BPP in modeling LEO constellations, focusing on its
alignment with other commonly used models, such as Fibonacci lattice-based
point set and orbit model-based point process. Therefore, using the BPP to
model large-scale constellations is a reasonable assumption.

3Note that this paper does not model a single-beam system. In practice, LEO
constellations typically employ multi-beam cooperation, and virtual beam
technology is used to manage multiple beams, enabling coverage of the Earth’s
surface via a spherical cap region.

4These simplified beam patterns are commonly used in theoretical analyses
that employ stochastic geometry [27-29]. Although this assumption is not
theoretically exact, it provides a sufficiently accurate approximation for
most practical applications, as evidenced by the technical specifications of
commercial antenna products used in cellular base stations.

&
Satellite

(a) service link

IoT devices within the satellite coverage can communicate
with the satellite, and these devices are denoted as the set
®c. Every IoT device is associated with a satellite referred
to as the serving satellite in the subsequent context, which
is positioned closest to its local zenith. Due to the limited
number and signal coverage of satellites, there is a possibility
that no satellite exists within the communication range of
a target IoT device. We denote this probability as P, and
provide a detailed discussion in Section IV-A. To streamline
the mathematical calculations, the device’s local zenith is
represented as a point directly above it, aligned with the
Earth-centered vertical line and lying on the satellite’s orbital
sphere. We further assume that these IoT transmitters employ
code-division multiple access (CDMA) and share a common
frequency f;. The same access technique is utilized in the
feeder link, with satellites operating on a different frequency
f2. Consequently, the signals emitted by IoT devices do not
interfere with the reception at the ES. But the received signal at
the serving satellite suffers the multi-user interference (MUI)
arising from other IoT devices within the coverage area of the
satellite beam on the service link.

Since the satellite antenna beam is a fixed directional beam
with an angle g, wireless transmissions propagate to the
ES exclusively from the satellites positioned within the area
composed of satellites that can cover the ES in their coverage
areas. This communicable area is called the distribution region
of visible satellites, which is represented by the green spherical
cap As in Fig. 2(b). The set of satellites within the distribution
region of visible satellites is denoted as @y . It can be seen that
As’s Earth-centered zenith angle, denoted as 6, is equal to
03, i.e., 84 =03. The satellite’s height H is equivalent to the
minimum distance ry;, to the ES, achieved when it is directly
overhead, i.e., H =ry;,. The maximum possible distance that
a satellite can communicate with the ES is denoted by 7pax,
which will be discussed in Section III. This maximum distance
is realized when the satellite-centered angle between the center
of the Earth and the ground transmitter, ¢, is equal to the half

of ¢y, ie., goz%@s.

B. Service Link Channel Model

Let m be the index of the given target node, 7T, be the
target [oT device, T, be the nth interfering IoT device which
is within the coverage of the serving satellite and imposes

% .
Satell}te%

(b) feeder link

Fig. 2. Tllustration of the system’s geometric relationships, where the yellow, blue and green spherical caps denote the finite-size ground area Ar, satellite

coverage Ac and distribution region of visible satellites .Ag, respectively.



interference on the reception of 7,’s signal at the serving
satellite, and Dr.g be the overall directional gain from IoT
device T to satellite S. The value of Dy, s for the T-S link
from T, to satellite S is given by Dr .5 = GiGs(p). For
any interfering link, we assume that the angle of arrival and
the angle of departure of the signal are independently and
uniformly distributed in the range (0, 2], which results in
a random directivity gain denoted as D7, _s. The probability
distribution for D7, _g can be expressed as:

GiGs(ps), Pubub = 4~
Dy o = ) s o2
s { 9 Gs(py),

where P, v denotes the probability of T-S link in state
(tz,Mb). Here the first subscript tz € {Sb, Mb} represents
the beam state of the IoT device and the second subscript Mb
represents the beam state of the satellite, while Sb and Mb
denote the side lobe and main lobe, respectively.

Let Ry be the distance between the IoT device and the
serving satellite, a; be the path-loss exponent of the service
link, and f; be the carrier frequency. Denote the speed of light
as c. Then the path loss of the service link is given by [25]:

2
Pspnp =1 — 22, @

C

hi(Fr) :(47rf1)2R’Fal' ®)

The satellite-terrestrial connection commonly relies on LOS
transmission, but it may encounter obstacles such as buildings
or plants which impede its signal propagation [30]. In practice,
many IoT devices are situated in outdoor environments prone
to rich scattering and/or LOS paths, hence the signals from
IoT devices to satellites often propagate through multiple
paths characterized by the Nakagami fading model, which
offers greater flexibility by allowing parameter adjustments
to model Rayleigh, Rician, and empirical fading5 . Since the
channel model hr.s exhibits Nakagami fading, |h7.g|? can
be modeled as a random variable that follows a normalized
Gamma distribution. For the sake of simplicity, it is assumed
that the Nakagami fading parameter Np_g is a positive integer
[32]. We further posit that the Doppler shifts arising from the
high-speed movement of LEO satellites can be successfully
mitigated using accurate estimation methods. These methods
leverage detailed ephemeris data of the satellites, such as
orbit types, altitudes, positions, and velocities, which can be
precisely predicted in advance [33, 34].

Building upon the aforementioned modeling, the SINR at
the receiving satellite for the signal originating from the target
IoT device T,,, can be expressed as:

_pDr,,-s \h,,-s|” 1y (Rr,,)

SINR; = 4
) e 4
wDr,, s |hr, s Li(Rr,)
~ - , (5)
T

where p; is the transmit power at IoT devices, Rr, is the
distance from node T}, to the satellite .S, and o2 is the strength

SFor instance, with the Nakagami fading parameter set to N7.g = 1 and

2

Np.g = (flgi)l , it resorts to the Rayleigh and Rician-K distributions,
respectively. Furthermore, by tuning its parameter Np.g, it is possible to
model the signal fading conditions spanning from severe to moderate, while

making the distribution fit to empirically measured fading data sets [31].

of additive white Gaussian noise (AWGN) of both the T-S link
and S-ES link, while the interference power It is given by

> DD |hg, s|* i(Re,), (6)

TnePc \Trn

It =

in which D is the averaged duty cycle, T}, are interfering
IoT devices, and Ry, is the distance from node T, to S.
The approximation in (5) is due to the fact that the system is
interference limited and It > 2.

C. Feeder Link Channel Model

Let S,, be the last-hop satellite that transmits the signal to
the ES, S,, be the interfering satellite, and G s_gg be the overall
beam gain from satellite S to the ES. Since the satellite’s
directional antenna utilizes fixed beams with negligible side
lobe gain and the ES employs an omnidirectional antenna,
the value of the beam gain remains uniform for both the
given target satellite S, and the interfering satellite .S,,, i.e.,
Ds,, -gs = Ds,-rs = Gs(ps)GEs-

The path-loss of the feeder link between the satellite and
the ES is given by

hs) =(77) B ™

where f5 is the carrier frequency of the feeder link, Rg is the
distance between the ES and its serving satellite, and as is
the path-loss exponent of the feeder link.

ESs are commonly deployed in outdoor environments with
low population density and minimal industrial activity, re-
sulting in reduced electromagnetic interference. Additionally,
the open spaces in suburban areas reduce the presence of
obstacles that might affect signal transmission. However, for
the LEO systems considered, ESs are also often deployed
in urban areas, where the S-ES link may be affected by
shadowing from buildings and other obstructions. Hence, the
S-ES link is characterized by using the SR fading model [35],
which encompasses both the LOS shadowing component and
the scattering component, usually used to analyze satellite-
terrestrial links in different fixed and mobile satellite services
operating in various frequency bands [36]. Therefore, we use
the SR fading model to characterize the small-scale fading
of the feeder link, with 2¢ defining the mean power of
the multipath component excluding the LOS component and
Q denoting the mean power of the LOS component. The
Nakagami fading parameter is denoted by ¢, and the small-
scale fading is denoted by |hs.gs|? in this study, where hs g
denotes the channel coefficient of the S-ES link. Consequently,
the PDF of |hs.gs|? can be represented as [37]:

fihs msp2(x) =k exp(—=Bx)1F1 (q;1;6z), ()
2¢q)? Q
where x = 26((2&;252)4’ = 2¢(2eq+Q)° and B = %

Similar to the service link, the SINR of the signal received
at the ES from the satellite S,, is given by

Ds mslhs msll
SINRj; =~ psDs,,-ps | S;L ES| 2(Rsm)’
S

(€))



where the interference power Ig is given by

D

Sn€PL\{Sm}

Is = pnDs,.gs |hs,-ps” l2(Rs,),  (10)

ps and p,, are the transmit power at target satellite S,, and
interfering satellite .S,,, respectively, while Rg, and Rg, are
the distances from the target node .S,,, and the interfering node
Sy, to the ES, respectively. Owing to the interference limited
nature, Is > o2, and we ignore the impact of noise.

III. DISTANCE DISTRIBUTION

To derive the CP expression, it is essential to first char-
acterize key distance distributions arising from the stochastic
geometry inherent in the considered system. Additionally, we
delve into the success probabilities of the binomial process
associated with the counts of terrestrial interfering IoT de-
vices and space interfering satellites, respectively. The success
probability refers to the likelihood of a point being situated
within the area of interest. In the case of homogeneous BPPs,
the success probability is calculated as the ratio of the surface
area within the region of interest to the total surface area where
all points are distributed [7].

Let r be the distance between IoT device 1" and satellite S,
and 0y signify the central angle between the two. From basic
geometry, we obtain

r cos(p) + 1e cos(fy) = H + 7, (11)
12 = ((H + re) sin(02))? 4 (H + 7re) cos(02) — re) . (12)

Substituting (11) into (12) leads to the relationship between r
and s given by

r=(H+re)cos(p) — \/TE(H + 7¢)2 sin? ().

Then, we can obtain the maximum communication distance
rmax from satellite to IoT devices or the ES by substituting
@ = % into (13):

13)

Tmax = (H + 7¢) cos (%) —\/rg—(H + 7¢)2 sin? (%) (14)

Lemma 1. The CDF of the distance Rg from any specific
satellite S to an 10T device T or to the ES is given by

Fpe(rs) 2P (Rs <1y)

0, rs < H,
r2—H?
=9\ 1xmre M Srs < H A 2r, 15)
1, rs > H + 2r,
and the corresponding PDF is given by
s—em—, H <rs < H+2r
) — 2(TC+H)TC7 —=Is = €y 1

Trs(rs) { 0, otherwise. (16)
Proof. See Appendix A. O

Remark 1. 7o derive the distance distribution of the service
link, we first need to determine the distance distribution from
the target device to its nearest service satellite, followed by the
distance distribution from interfering devices to this particular
service satellite. The former requires obtaining the distance

distribution from an arbitrary point on the satellite orbital
sphere to a fixed point on the ground, which is given in
Lemma 1. The latter involves the distance distribution from an
arbitrary point on the ground to a fixed point on the satellite
orbital sphere, as presented in Lemma 2. Additionally, the
distance distribution of the feeder link is primarily based on
Lemma 1.

Thus, the CDF of the distance Ry, between the target IoT
device T,, and the nearest satellite can be obtained as:

Fry, (rm) =1=P(Ry, >rm)=1- [] P(Rs > ry)

Sedg
0 7rm<H7
2 g2 \ Vs
=\t (- atesie) HSrm<Htboe (D
1 ST > H + 2r,.

By differentiating (17), the corresponding PDF is given by

fRTm (rm) =

r2—H?> \Ng1_ rm
NS (1_4(TC+H)T’C> S 2(TC+H)TC7 ngm§H+2re7
0 otherwise.

(18)

Lemma 2. The CDF of the distance Rt from any specific lIoT
device T to a satellite S is given as

Fry(re) 2P (Ry < ry)

O, ry < H,
r2—H?
m, H S Tt S H+ 2Tea (19)
1, r¢ > H + 2r.
Proof. See Appendix B. O

The PDF fg,(r() of the distance Rt from IoT device T to
satellite .S can be obtained by differentiating (19) as

sormry H << H+2r,
fRT(Tt) :{ 2(%'617‘1)% t

20
otherwise. (20)

Based on (17), the serving satellite can be determined, and
naturally the interfering IoT devices are located within the
coverage Ac of the serving satellite, i.e., ®c # (). Hence,
the interfering IoT devices must satisfy the constraint that the
distance from these ground devices to the service satellite,
i.e., Ry, is less than or equal to the maximum communication
distance rmax, 1.€., Rt < rmax. Thus, the CDF of the distance
R, between interfering IoT devices and the serving satellite
is defined as

FRTn (Tn) = HD(RTn S Tn) = ]P)(RT S Tn|(I)C 7é O)

]P)(RT <rp,Rr < rmax)
]P)(RT S Tmax)

:P(RT S T’I’L|RT S T‘max):

_ P(Rr < min(r,, rmax))7 21
]P)(RT < Tmax)

where 7m.x 1S given by (14). Based on the comparison rela-

tionship between r,, and rp,, and by applying Eq. (19), the

CDF of the distance R, between interfering IoT devices and




the serving satellite can be obtained as

0, < H,
Fry(rn
FRTn (Tn) = %a H S Tn S Tmax (22)
1, Tn > Tmax,
and the corresponding PDF is given by
2
=, H<r,<r
H2 bl = ''n = "'max»
n = max 23
Jier, (1) { 0, otherwise. (23)

IoT devices connect to the ES via satellite relays. Since
the distance covered by a single-hop satellite link often falls
short for communication needs, signals are aggregated at one
satellite and then sent through multi-hop inter-satellite links to
reach the ES. It is assumed that there is at least one satellite
within the distribution region of visible satellite from the view
of the ES. A satellite within this distribution area is randomly
selected to link to the ES, and the remaining satellites within
this distribution area are classified as interfering satellites.
Thus, the distance Rg, between the target satellite S, and
the ES is given as

Frg (r,) =P(Rs,, <71,) =P(Rs <7, |Rs < Tmax)

0, rl < H,
Fry(r),)
= %a H< T;n < Tmax, (24)
1, T, > Tmax-
The corresponding PDF is given by
2r!
7711 H < I <
frs, (1) =% The—mZ = Tm = Tma (25)
0, otherwise.
Due to the fact that the distance variables 7/, and 7/, for

the target satellite and interfering satellites are independently
and identically distributed, fry (77,)=frs, (17,)-

Remark 2. The derived distance distribution provides valu-
able insights into the spatial characteristics of loT-satellite
communication, including the impact of interfering IoT devices
on the serving satellite as well as the distance distribution
from the satellite to the ES. By considering finite device
regions and satellite coverage limits, it helps to understand
the communication links both between loT devices and their
serving satellites and between the satellite and the ES. This
framework also accounts for interference from nearby devices,
enabling more informed decisions in satellite constellation
placement and coverage design, particularly in scenarios
with spatial constraints. Additionally, the framework serves
as a flexible tool for analyzing other similar communication
systems with finite-size ground area, limited satellite coverage
and interference factors.

IV. COVERAGE PROBABILITY

We conduct CP analysis for both the T-S and S-ES links.
The CP refers to the likelihood that the SINR at the receiver
surpasses the minimum SINR threshold necessary for suc-
cessful data transmission. In other words, if the SINR of the
received signal at the receiver surpasses the threshold 7, the
transmitter is inside the coverage area of the receiver.

A. CP over the T-S Link

When the serving satellite is at distance Rp,, which is
greater than 7, from the target IoT device, the closest
satellite to the target IoT device is outside the communication
range, which means that there is no service satellite, i.e.,

P(SINRy > Ty |Ryr,, > Tmax) = 0. (26)
The probability of Ry >7n., denoted as Py, is given by

PO :P(RTM > Tmax) =1- ]P(RT < Tmax)
g2\
=1-F ax) = (1— ‘“‘”‘7 . 27
Rr,, (de ) < 4(7‘@ ¥ H)Te> ( )
We now formulate the CP under the Nakagami fading
assumption for the service link.

Lemma 3. The Laplace transform of random variable It is

toDp g \ VTS
[ (e ™|

EIT (5) :ENLRTn ,Dr,,-s5

aq
Tn S <I’C \T7n NT-S RT”
(28)
. _ nnTirdl D
with tog = “Dr5
Proof. See Appendix C. O

The target IoT devices are located within the finite-size
area At. Once a target IoT device selects a service satellite,
any other IoT devices within the satellite coverage Ac of the
serving satellite are interfering devices. However, in reality,
there exist IoT devices that are outside the finite-size area At
but are also within the satellite coverage Ac, hence becoming
interfering nodes. Thus, we assume that when the satellite
coverage Ac partially intersects with Ar, the distribution of
IoT devices within the intersection region still follows ®r.
Therefore, we have

‘CIT(S)
— Nrp.
Tinax toDr _s s 2r,
= ENIvDTn' H / ( nal 2 dry,
T CDAT Nr.gry max -H
ex toGth i
Nr H / (( + NT ST 271'
Trn€®c\Tn,
(14 JooCs NTS(l -2 - 2 ar| . 29)
Nr.gr' 21/ | 12, — ¢

The point distribution of the interfering users can be de-
scribed by a BPP. Therefore, the number of interfering users
Ny follows a binomial distribution with a certain probability
of success. The probability of success can be expressed as

S(Ac)  2mrZ(1 —cos(f3)) 1 —cos(fs3)

P =5 = 2m2(1 —cos(0r)) 1= cos(0r)’

(30)

H+7e—7Tmax COS (%)

Te

where cos(03) = and 7y, is given in (14).



Then L;,(s) can be derived as follows:

Np—1 ’ —Nrp.

Nt —1 /T ( tOGth> r-s
Lr(s)= P 1+ ——-
() Z ( ny >( ") < H < Nr.grn?

’I’L]:1
—Nr.g nr
Pt tog:Gs ( @t ) 2ry
X — 1+ —— 1—— )| ———=dr,
2T + ( +NT_57’7O{1> 2w /) ri. — H? "

x (1 — pp)Nr=1=nr, (31)
Theorem 1. The CP of the serving satellite to any IoT device
is given as

PIS —(1 — B))P(SINRy > Ty |Rr,, < Tmax);

cov

(32)
where T is the SINR threshold of the T-S link and
P(SINRl Z Tl‘RTm S rmax)

Nm(_l)n+1 <N£-5> Ly, (s)

:/:”Z

n=1

X IV T72n — H2 sl "'m
S A(re + H)re 2(re + H)re
nnT 1672 firol The

pt DT, -5 €2

complete expression of PLS of the T-S link is given by (34).

cov

(33)

dr,,

with Lr,(s) being given by (31), and s =

Proof. See Appendix D. O

B. CP over the S-ES Link

Lemma 4. The Laplace transform of random variable I is
given by

L (s") = Niél (gf) (1_c20s(93)>n1

’I’LI:1
Tmax
8 /
H

(2eq)?(1 + 2¢to/r!-2)a—1
((2eq + Q)(1 + 2¢to'r, **) — Q)°

2r! 1+cos(63) Ns=nr=1
X3 :LH2 dry, < 5 , (3%)
t¢(B=3) TopnDsy 55 T —
where t], <(8 ;SEZWESS BS and cos(f3) =
H+re—rmax cos (%)
Proof. See Appendix E. O

Theorem 2. The CP for an arbitrarily located satellite capa-
ble of communicating with the ES under the SR fading channel

is given by
PYESAP(SINR, > Th)

S Uk K k41
1§(6_6)k+1r(k+1);< . )

x (—1)*

e / 271;77, /
H ﬁIS(S) 1{2103»}(_1{2d?ﬂrn7
where Ty is the SINR threshold of the S-ES link, ¥(k) =
MPs(l—q)k with k from (8), s’ = LB T
(k!)? ’1 ’ PsDsyy-Es l2(r],)’
¢ = (D(k 4+ 2) %71, L1,(s') is given by (35), I is the
interference power of the interfering satellites visible to the

(36)

ES, rmax is given in (14), and the complete exression of PCSO'VES
for the S-ES link is given by (37).
Proof. See Appendix F. O

C. E2E Coverage Probability

In our model, the communication link is established from
the ground IoT devices to the satellite, which then transpar-
ently forwards the signal to the ground station. Consequently,
the E2E coverage probability is the product of the coverage
probabilities for both the uplink from IoT devices to the satel-
lite and the downlink from the satellite to the ES. Therefore,
the E2E coverage probability can be expressed as:

PEZE — PT—S PS'ES.

cov cov cov

(38)

Remark 3. The derived CP expression offers valuable insights
for the overall system design. By modeling IoT devices within
finite regions and considering satellite coverage limitations,
we can more accurately assess how system parameters, such
as the number of devices and satellite coverage, affect the
system’s performance. This helps identify critical factors that
influence communication reliability, guiding satellite constel-
lation deployment and device distribution optimization. These
insights enable a more efficient design of loT-over-satellite
systems, ensuring robust conmectivity even in constrained
environments. Additionally, this approach can be applied to
other communication systems with similar spatial limitations,
providing a flexible tool for network design.

V. AVERAGE ERGODIC RATE

We now focus on the average achievable date rate. The
AER, measured in bits/s/Hz, also known as the Shannon
throughput, represents the mean data rate achievable over the
system. It corresponds to the ergodic capacity for a fading

Ns\ Nr. Nr—1 nr
prs_ (1 (l R — H? ) RDyrEes (N) S (NT - 1) T 08 (%) — H
4(re + H)re n ny Te — Te COS (T:)

n=1

2nTyrpt D

N e
" (Nps!) M5 it (1 cos (%))

‘max
X /
H

nr=
—Nr.5

1
2nTyrér D s
e )
™ (Np.g!)Nrs rant(l — cos (ﬂ)) ™

2

2

Tmax —

Te — T'e COS (%)

2 M (H A re—Timax cos (£) — re cos (%) Nr=tmm r2 — H?
gz Ns (1‘4

Ng—1 r
> LC— (34)

(re+H)re 2re+H)re ™
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k=0 t=0 nr=1
26t ((8—08)Topnrie \ 17
H+27"e — Pinax COS % Ns—ngi— Tmax [ Tmax 2Cq (1+ T/L;) 4T77Lrn
X 5 — 4 772 drldr],. (37)
Te < 26q+Q ( 2ctC(B;5?a7;2PnT§,‘f )q Q) ( Thax — )
communication link, normalized to a unit bandwidth. The AER 0.14, T ‘
is defined as follows T T e T T T T T 1-P
= A 012 .
C £ E[log, (1 4+ SINR)]. (39) -
=3
af 01r 8
A. AER over the T-S Link ::“
Theorem 3. The average rate of an arbitrary loT device in E 0081 |
the service link of a Nakagami fading channel is given by E 0.06 |
~T- & Analysis, R. = 250km
CTS =(1 — Py)E[logy(1 + SINR,)|R7,, < rmax], (40) %DO ull ® Simulation. R  250km k!
z VY% e = = Analysis, R. = 200km
in which Py is given in (27) and o} ®  Simulation, R, = 200km
0.02 1 A!lalysi§, R. = 150km
Eflog, (1 + SINRy)|Rx,, < Tmax] L et By
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1)+t (NT-S) Lr(s1)
n

Ng—1 Ns’f‘m
2(re+H)re

ok
H2

( 74(7“e+H)re

717](2t—1)167r2f1 ok
) ) pe DT, - 5.62
replacing s in L. (s) with s;.

Proof. See Appendix G. O

dtdr,,, (41

where s1 = , and L. (s1) is obtained by

B. AER over the S-ES Link

Theorem 4. The AER of an arbitrary satellite node in the
feeder link of an SR fading channel is given by

~S-ES_ Ml (k)

o o
k+1
><§j<k'*1)<1)%Eg@xp<saus+cﬂ>ﬂ

u
u=0

27!
(k+1) 5" :nHQ

Tmax

dr;n> dt, (42)

where

E r5[exp(—s} (Is+02)|=Efexp (—sils)]exp (—sio?)

— Lia(s)exp (i)

(43)

with s} %, and Li1,(s1") is obtained by
replacing s' in L1,(s") with s.
Proof. See Appendix H. O

Remark 4. It is worth noting that when calculating the AER
for the S-ES link, we must consider noise. This is because
satellites are distributed according to a BPP model on a
spherical surface at an altitude H from the ground. In the
field of view of the ES, there may be no interfering satellites
present. In such cases, the presence of noise o2 is essential to
give the AER calculation meaningful significance.

Threshold T} (dB)

Fig. 3. CP as function of threshold 77, given different finite-size area radii
Rc.

VI. NUMERICAL RESULTS

We validate the derived theoretical expressions using Monte
Carlo simulations with 50,000 iterations. The results from
the analytical derivations in Sections IV and V are labeled
as ‘Analysis’, while the Monte Carlo results are labeled
as ‘Simulation’. The default system parameters used in the
simulations are listed in Table III, unless otherwise specified.
In all the experiments, the Monte Carlo simulation results
closely match to the corresponding analytical results, which
demonstrates the accuracy of our theoretical analysis.

TABLE III
DEFAULT SIMULATION SYSTEM PARAMETERS.

Notation | Parameter | Default Value
H Height of satellites 400 km
R, Radius of Ar 200 km
Nr Number of IoT devices 5000
Ng Number of satellites 3000
©s Antenna beamwidth of satellites 25°

Nr.s Nakagami fading parameter 2
SR(E, q,9Q) SR fading parameter SR(0.158,1,0.1)
o? AWGN’s power spectral density -98 dBm
aq, as Path-loss exponents of T-S and S-ES links 2,2
Ty, To SINR threshold of T-S and S-ES links variable
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0.16 ®  Simulation, ¢, = 25°
Analysis, ¢, = 30°
0.14 Simulation, ¢, = 30°
1 P@(‘ZS“) s - — = =Upper limit, 1 — Py(20°)
0.12 N Upper limit, 1 — Py(25°)
s Upper limit, 1 — P,(30°)

Coverage Probability Pg)},s
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Threshold T; (dB)
Fig. 4. CP as function of threshold 7%, given different satellite antenna
beamwidth ;.

A. Performance of the T-S Link

Fig. 3 illustrates the CP as the function of the SINR
threshold T3 © given three different values of the radius R,
of the finite-size area Ar. As expected, increasing the SINR
threshold T} leads to a decrease in the CP. This decrease is due
to the inverse relationship between 77 and the probability of
achieving an SINR exceeding the specified threshold value. It
can also be seen that an increase in the coverage radius of Ag
leads to a noticeable enhancement in the CP. This is attributed
to the fact that when the total number of IoT devices remains
constant, a larger finite-size area results in a reduced density
of 10T devices. Consequently, there are fewer interfering IoT
transmitters simultaneously attempting to access the serving
satellite, leading to a decrease in MUI and thus an increase in
the CP. Note that the upper limit of the CP is not 1 but 1—Fj.
This is because the satellite’s coverage is limited, and when
R >7max, the nearest satellite cannot communicate with the
target IoT device, resulting in the zero CP. Moreover, as shown
in (27), P is independent of R, and the upper limits of CP
corresponding to different R. values are identical.

Fig. 4 plots the CP as the function of the SINR threshold T}
for three different values of the satellite antenna beamwidth
s The results suggest that increasing the satellite coverage
reduces the T-S link’s CP. This is attributed to the impact of
s on the SINR, where a larger coverage service satellite leads
to increased MUI and consequently reduced CP. Also, due to
the fact that Py is determined by ¢s, the upper limit values
of the three CP curves are different, which can be explained
in formulas (27) and (32). This is because as s increases,
the communication distance of the satellite increases, giving
IoT devices a higher probability of connecting to the serving
satellite. However, the increase in communication range also

%The choice of SINR threshold is influenced by factors such as the link
budget, signal propagation characteristics and the specific environment of the
ToT-satellite communication system. In practice, this threshold is chosen based
on system parameters and specific deployment scenarios. In our analysis, we
consider the SINR threshold ranging from -20dB to 15 dB to explore the
system’s behavior across different link budget conditions.

0.1

Analysis, Ng = 2500
® Simulation, Ng = 2500
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) Upper limit, 1 — P,(3000)
Upper limit, 1 — Py(3500) \ .
0 T T T 1 1 e a "

-15 -10 -5 0 5 10 15
Threshold 77 (dB)
Fig. 5. CP as function of threshold 77, given different numbers of satellites
Ns.
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Fig. 6. AER as function of finite-size area’s radius R, given different antenna
beamwidth of satellites s.

means an increase in MUI. Therefore, the larger the ¢y, the
faster the CP reduces as 7] increases.

Additionally, Fig. 5 investigates the influence of the number
of satellites Ng on the achievable CP. As expected, increasing
Ny results in an increase in the CP because a higher number
of satellites increases the likelihood that the nearest satellite
to the target IoT device will be within communication range,
which also increases the upper limit 1 — Py of CP.

Fig. 6 depicts the AER as the function of the finite-size
area’s radius R, given three different values for satellite
antenna beamwidth 5. As expected, increasing R, increases
C™S. The impact of ¢, on the achievable AER is clearly shown
in Fig. 6. Evidently, increasing the available area At results
in an increase in the AER, because given the fixed number of
IoT devices Nt, a larger distribution area results in a lower
density and a decrease in the number of interfering devices.
Also the larger the ¢, the greater the communication distance.
This increases the probability that the satellite can establish a
connection, thereby leading to a higher AER.
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B. Performance of the S-ES Link

Fig. 7 depicts the CP as the function of the SINR threshold
T, for three different values of the satellite overage range
(s. As anticipated, increasing 75 results in a reduction in CP.
Besides, an increase in ¢ leads to a noticeable reduction in the
CP. This is because an increase in the satellite beam coverage
expands the ES’s visible range, resulting in a higher number
of interfering satellites within this range. This leads to higher
MUI, causing a decrease in the CP. It is worth noting that the
CP curve does not reach zero, rather it reaches a lower limit
value, when 75 increases to very large value. This is due to
the limited number of satellites and their restricted coverage
areas. Given that there must always be a satellite providing
ES service, it is highly likely that no interfering satellites exist
within the ES’s visible range. As the visible range increases,
this limit value of CP will decrease.

Fig. 8 plots the CP as the function of 75 for three different
numbers of satellites Ng. As expected, increasing Ng reduces
the achievable CP since a higher number of satellites increases
the number of interfering satellites. This reduces the SINR of
the S-ES link, causing a reduction in the CP.

Fig. 9 shows the AER as the function of the target satellite

power ps, given three different values for the satellite antenna
beamwidth ¢,. As expected, increasing p; increases CSFS. In
addition, increasing s leads to an increase in the number of
interfering satellites, which decreases the AER.

C. E2E Performance

In this set of simulations, we assume the threshold 77 equals
the threshold 75, i.e., T3 = 15 = 1. An identical threshold
value can measure the overall communication quality of the
system in a more intuitive manner, because it provides a
consistent reference standard, representing the performance
of both uplink and downlink based on the same threshold
T. This consistency allows the E2E coverage probability to
directly reflect the system’s ability to meet overall service
quality requirements. By avoiding the complex interactions
introduced by different thresholds, it simplifies performance
analysis and emphasizes the system’s overall communication
quality, making the results clearer and easier to interpret.

Fig. 10 plots the E2E coverage probability as the function of
the SINR threshold 7" for three different values of the number
of satellites Ng. It can be seen that increasing Ng results in
an increase in the CP. The CP performance of the service and
feeder links jointly influence the E2E coverage probability. As
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shown in Figs. 5 and 8, the impact of Ng on CP is opposite
in the service and feeder links. Specifically, increasing Ng
increases the CP of the service link, while increasing Ng
decreases the CP of the feeder link. Therefore, it is evident that
the service link has a more significant impact on the overall
system performance. This phenomenon can be explained as
follows. When an IoT device selects the nearest satellite as
its serving satellite, there is a certain probability (Fp) that no
satellite exists within the device’s visible range due to the
limited coverage of satellites. In such cases, the IoT device
cannot establish connection because no serving satellite is
available. This probability Py, specified by (27), quantitatively
captures this limitation. However, once the signal is relayed
via satellite to the ES, it is ensured that at least one satellite
can communicate with the ES due to the design of satellite
relay links and the broader coverage of the ES. Clearly, the
availability of a satellite within the IoT device’s range plays a
critical role in determining the system’s overall connectivity.

Fig. 11 shows the E2E coverage probability as the function
of the SINR threshold T, given three different satellite antenna
beamwidth ¢g. As expected, increasing ¢ increases the E2E
coverage probability since a larger satellite coverage provides
greater benefits to the service link, thereby leading to an
overall increase in the E2E coverage probability. It can be
observed from the coverage probability curves of the service
link (see Fig. 4) and the feeder link (see Fig. 7) that the impact
of satellite antenna beamwidth on the coverage probability
of the service link is opposite to that of the feeder link.
Furthermore, the downward trend shown in Fig. 11 is more
similar to that of the service link shown in Fig. 4, which
means that the service link has a higher impact on the E2E
performance than the feeder link. Meanwhile, due to the
opposite trend observed regarding the feeder link, the decline
rate of each curve in Fig. 11 is significantly faster than that in
Fig. 4. This implies that when jointly considering the service
link and the feeder link, the dynamic change of the system
performance may become more complex than that of only
considering the service link or the feeder link. In other words,
the opposite impact of satellite antenna beamwidth on the

coverage probability of the feeder link complicates the overall
coverage performance profile. The faster decline rate of the
curves in Fig. 11 indicates that although the overall trend is
similar to that of the service link, the characteristics of the
feeder link significantly weaken the system’s coverage ability
under a large satellite coverage. Similar insights can also be
obtained by comparing the results of Fig. 5 and Fig. 10.

The above discussions suggest that in practical system
design and resource allocation, a judicious and balanced
parameter configuration on the two links is required. For
example, when planning the satellite coverage, one cannot
simply rely on the characteristics of the service link but
should fully consider the reverse effect of the feeder link.
Otherwise, as the coverage expands, the overall coverage
probability may deteriorate at a faster rate. It also means
that when optimizing system performance, the optimization
strategies for the feeder link may be different from those for
the service link. Customized methods need to be explored to
enhance the stability of the feeder link under large coverage,
thereby slowing down the decline rate of the overall coverage
probability and ensuring reliable operation of the system under
different coverage conditions.

VII. CONCLUSIONS

In this paper, we have proposed a tractable approach for
analyzing the performance of IoT-over-LEO satellite systems,
where IoT devices are located in a finite-size ground area. We
have analyzed and discussed the performance of the service
link and the feeder link separately, as well as that of the E2E
overall system. The following conclusions have been drawn
from our theoretical analysis and simulations results.

1) When the satellite coverage and the number of satellites
are both limited, the coverage probability of the service
link has a clear upper limit, which is determined by the
probability Py that no satellite exists within the visible
range of an [oT device.

2) An increase in the number of satellites and their coverage
both lead to an improvement in coverage probability.
However, when IoT devices simultaneously operate on
the same frequency resource, a larger coverage also
means more interfering devices, resulting in a faster
decline of coverage probability.

3) The number of satellites and the satellite coverage have
opposing effects on the coverage probabilities and aver-
age ergodic rates of the service and feeder links. While
increasing the number of satellites or satellite coverage
improves the service link’s performance, it can exacerbate
interference in the feeder link, leading to a decrease in
its performance.

4) The service link has a more significant impact on the
overall system performance because the limited satellite
coverage results in a certain probability P, that no
satellite is within an IoT device’s visible range, preventing
connectivity. In contrast, the link from satellite to ground
station ensures communication due to broader coverage.
Therefore, the availability of a serving satellite is crucial
for system connectivity.



For practical IoT-over-LEO satellite system design, both the
first and second insights imply that network planners need to
carefully consider the trade-off between the cost of deploying
more satellites and optimizing the achievable coverage of each
satellite. For instance, in urban areas with a high density of
IoT devices, a relatively smaller but well-planned satellite
coverage can be adopted to balance coverage and interference,
thus enhancing the overall system performance. The third
insight is also crucial for the deployment of IoT-over-LEO
satellite systems. It means operators need to coordinate the
design of the service and feeder links. For example, in a
system with a large number of IoT devices in a specific area,
additional resources may be allocated to the feeder link, such
as using more advanced interference-mitigation techniques, to
counterbalance the negative impact on the feeder link when
enhancing the service link. The fourth insight implies that
efforts should be focused on improving the reliability of the
service link. This could involve developing more accurate
satellite-tracking algorithms for IoT devices to increase the
probability of being connected to a satellite, or deploying
relay nodes in areas with poor satellite visibility to bridge
the communication gap.

In summary, our study offers theoretical guidance and
valuable insights for IoT-over-LEO satellite system planning,
deployment, and optimization in practice.

APPENDIX

A. Proof of Lemma 1

Proof. Let A(x) represent the spherical cap with the radius
re-+H such that the distance between any point on A(z) and
the IoT device is equal to x € [H, 2r.+ H], a and b signify
the radius and height of A(z), respectively, and the surface
area of A(z) be S(A(z)). If z=H, the surface area vanishes,
ie., S(A(H))=0, while when = =2r.+ H, the surface area
becomes a whole sphere with the radius 7.+ H, which is the
region where the satellites are located, i.e., S(A(2r.+H))=
47 (r.+H)?. From basic geometry, we obtain

S(A(z)) =2r(re + H)b, (44)
S(A(x)) =m(a® +b?), 45)
2 =(H —b)? + d°. (46)

Substituting (44) and (45) into (46) leads to the relationship
expression between x2 and S(A(z)) as

2 S(A(@) S(A(z)) 2
v T 2H27r(re+H)+H
;S(A(:v))ﬁ +H2 47)
Thus, we have
S(A(x)):TF(T‘e—‘rH)(xQ_HQ). s

Te

The probability that the distance between satellite .S and
IoT device T is less than 7 is equivalent to the probability
of the satellite S being within A(rs), denoted as the success

probability for A(rs), with s € [H, 2r+ H]. This is defined

as the ratio of the surface area of S(A(rs)) to S(A(2r.+H)):

S(A(rs)) r2 — H?

P(Rs < 1) = =S ,

(Bs <19 = S(A(@re + H) ~ A(re + H)e

for H < ry<2r.+H. Clearly P(Rs <r,)=0 for ;< H, and
P(Rs <rs)=1 for rs>2r,+ H. This leads to (15).

Differentiating (15) with respect to r¢ leads to (16). L]

(49)

B. Proof of Lemma 2

Proof. Let A’'(z') denote the spherical cap with the radius r,
such that the distance between any point on A’(z’) and the
satellite is equal to 2’ € [H, 2r.+ H], a; and b; signify the
radius and height of A’(2’), and the surface area of A’(z') be
S(A' (). If o’ =H, S(A'(H))=0. When 2’ =2r.+ H, the
surface area becomes the surface of the Earth, i.e., S(A’(2r.+
H))=4nr?. From basic geometry, we can obtain

S(A'(z")) =27rby, (50)

S(A'(2")) =r(af +b7), (51)

2/ =(H + b))% + a2 (52)
From (50)-(52), we obtain the relationship:
12 _ g2

S(A/(@')) =21 53

(re + H)
Similar to Appendix A, it is straightforward to derive (19). O

C. Proof of Lemma 3

Proof. Ly, (s) can be written as

Ln(s)=El ]] eXp(—SptDTn-s b, s|* Dl (RTn))

Tn€Pc\Tm

Wg

H E\th—s‘2[exp<|hT"'S|2(_t0DTn‘SRi?1)):

TnE(DC\Tm,

—Nr.5

b) toDr,-

(: ]ENI;RTnyDTn—S H (14_]\;;;}%51) , (54)
-sho,

T €2c\ T

where (a) is obtained by denoting ¢y = %, and (b) is
obtained by using the moment-generating function (MGF) of
the normalized Gamma random variable. O

D. Proof of Theorem 1

Proof. From Bayes rule, we have
PIS —P(Rp, > max)P(SINRy > T1| Ry, > Tmax)
+ ]P(RTM S rmax)P(SINRl 2 :Z-11|-RTm S Tmax)
=(1— Py)P(SINR; > Th|Rr,, < rmax)- (55)



Note that

P(SINRl > T1‘RT,,,L < 'rmax)
= Ery,, [P(SINRy > T1|Rr,, = 1, Rr,,, < Tmax)]

H

As fry,, (rm) is given in (18), we only need to derive:

P (SINRy > Ti|Rr,, = T1m)

. p<|hTm.s|2 < pDTmTSIum))

(>) 1-F [(1 — exp m»mﬂ

o NZT:S(_I)nH (NT s) Ey o [ ( nnT11T167r222 ron )}
. oDt -sc

@3S (V2 e e (o)

(SINRl > Tl'-RTm = Tm) fRTm (rm)drm‘ (56)

(57)

where (a) is a tight upper bound when Nrp.g is small

[38], ie., P(|h*<y) < (1—exp(—yn)"™* with n =
1

Nrp.g(Np.g!l)” ¥r-s, (b) is obtained by binomial theorem and

. . . 2f2p21 .
(c) is obtained by denoting s= %. This completes

the proof. [

E. Proof of Lemma 4

Proof.

Lig(s)=Elexp|=s' Y puDs, ms|hs, ps|"l2(Rs,)

Sneq)L\{SNL}
=E 11 eXp<_5/anSn—ES|hSn-ES|212(RSn))
Sn€PL\{Sm}
= EN[ H / — H2
Sn€®L\{Sm} ma"

XBing, ns? [GXP (—S'PnDsn»Esmsn-Es\Q lz(?‘é))} d?“;]

Ns—1 Tme /
(i) NS mr _ p/\Ns—n;—1 i 2rn
=> <nI>PI (1—Pp) PR

nr=1 H max

to'|hs,-ps|’ /
X]E‘hsansp exXp —77‘,&2 d’l‘n,
n

where (a) is obtained by the fact that N; follows the BPP and
t{(B0)T2pnDs,-Es Tie
pS

(58)

by denoting ¢, =

We now derive Ej;,; o2 [exp ( to‘hrsim" . The MGF
of the SR fading model is defined as Mg(x ) E [exp(—xS)|=

((2(62;1)(‘2’)((11?;;; [35]. Thus, we have

E to' |hs,-ps|”
|hs,-es|? |€XP | — Tos
Tn

o (2e9)1(1 + 2atyrl2)a !
(28 + Q)(1 + 2t 7)) — Q)T

Next the probability of success P; can be expressed as

S(As)  2m(re + H)?*(1 — cos(6s))
S(As) 4m(re + H)?

1 —cos(63)

-
where Ag is the spherical surface at a height of r. + H at

. . H+re—Tmax cos (5
which satellites are located, and cos(65)= %

Substituting (59) and (60) into (58) leads to (35). L]

(59)

P =

(60)

FE. Proof of Theorem 2

Proof. Using the Kummer’s transform of the hypergeometric
function [39], the PDF of |h|? can be rewritten as f, hlz( x)=

SO W (k) z¥exp (— (8 — 8) x), where W(k) = <*(,j,)2 (1—
k=0
q)%- Then the CDF of |h|? can be expressed as
Fiups ( Z w(k / #* exp(— (3 — O)t)dt
_Z /5 5 Bkt L(B-B)). 6D
Hence, we can obtain P3ES as
pSEs & p | P |hs,,-ps” Ds,-psl2(Rs,,) _ T
cov IS = 12
T'max TQIS :|
=1-| P|hs,psl’<———>——<|Rs, =1}
/H [l SmBS] " psDs,.-ps 12(7“1’71)| o
2r)
x 7d ! (62)
max — H?
Now we derive P [|h5 msl’ < D= nTZISsl2 o) |Rs,, = r;n]:
151
Plhs psl? < ——25  |Rg =4
{| Sm-BS|" < pDs. ms ZZ(%)| Som Tm]
= (k) ( Tols )
—E E+1,(8—08)— =278
LZ;(/& —gye \F L) e s )
@ = (k)
~ E ———T(k+1
— (B — o)+t (k+1)

. ( (B~ O)T>1s ))“1
P\ nDs,-ms (1))

< U(k Hok+1
vy ey (1)

t=0



RS0 ey
;}merl);( ; )(1) L1.(s),

(63)

where (a) is approximated by using 'ygk:Jrl, z)<D(k+1)(1—
exp(—(Cx))*T1[38], ¢ = (I'(k+2)) 71, and (b) is obtained
)

from binomial theorem with s’ = M
psDsp,-Bsla2(rr,)

Substituting (63) into (62) leads to PSES (36). O

cov

G. Proof of Theorem 3
Proof. From (39), Bayes rule and (26), we have

C’T'S LR [logQ(l + SINRl)‘RTm < rmax]

2 [ & [p (1ot TSR > ), (et

T'max IT(2t _ 1) ) :|
= E|P(|hr, s> ————
/H /t>0 [ < 75| pDr,,-sl1(rm)
2

—H2 \™T Ny
11— =
x ( Are 1 H)re) 2re + H)re

b T'max _ ] 2t_1 Nr.s
(m)/ / 1—-FE 1 exp(n ( ) ))
H t>0 ptDTm-S ll(rm)
—H2 \™ N,
(1 m STt dry,
4(re + H)re 2(re + H)re

r NTS
‘max N _
(C/ / "+1< TS>EIT[9XP(—81-7T)]
t>0 n

de¢dr,

Ns—1
X (1 . '"l H2 ) ’ NS 'm dt dr’rn
4d(re + H)re 2(re + H)re
r Nr. s
max N 3
L E (e
t>0 . n
~H2A\MT Ny,
x (1— dt dr,p,, 64
( 4(re n H)re) 2Wre + Hyre ©4)

where (a) follows form the fact that if the random variable
X involved is positive, E[X] = [,_ P(X > t)dt, (b) is
obtained by the tight upper bound when Np.g is small
[38], that is, PL|h\2<w] < (1—exp(—yn))V™5 with n =
Nrp.gs(Np.g!)” ¥r-s, and (c) is obtained by binomial theorem

t_ - 202 « .
and by denoting s; = ""(QP[ 1:1));62521 "w'  This completes the

proof. O

H. Proof of Theorem 4

Proof. Starting from the definition (39), we have

E [logy (1 + SINR)]

Dg . hae . 2l /
/ ]}D(]ng(1+ps Sm E5’| Sim ES| 2(rm
t>0

Is+0'2
Is + 0%)(2t—1
:E[/ P(|h5m-ES|2>(S)()>dt:|
t>0

psDs,,.-gs la(17,)

CSES &

@

_Us+ 0—2)(2t_1)>}

psDS ES ZQ( m)

o~ (k)
(B — 5)FH
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( 510 )( ’ )> Im QdT dt¢
psDs,,-esl2(r],)) | T2 —H

i T (k) k4 1) 2!
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_ / E
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k=0
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X<1_exp (‘ D, ms 21}, >> drm )
© R 100 21,
_»/t>0<1 /H El];)(ﬂ_é)k+lr(k+ ) mdx_‘E[2
k+1
XZO <k Z 1> (—1)"E[ [exp(—s'l(ls + 02))] dr;n>dt,
- (66)

where (a) follows form the fact that if the random variable X
involved is positive, E ft>0 (X >t)dt, (b) is approxi-
mated by using 'ygk—l—l x) <T'(k+1)(1 —exp( ¢x))*+! with
¢ = (T'(k+2))” #1 [38], and (c) is obtained from binomial

cr o _uC(B-6)(2°1)
theorem with s} = psDsp-psl2(r),)" -
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