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Abstract— The deployment of satellite networks is key to providing
global wireless connectivity for the Internet of Things (IoT). In this
line, we consider a cluster of IoT devices served by a constellation
of low Earth orbit (LEO) satellites, while slotted Aloha is used as a
medium access control technique in the uplink. To characterize the
channel, we employ an On-Off fading channel model that estimates
the quality of the links between the cluster of IoT devices and the
LEO satellites within the constellation, by taking into account their
relative positions. Since each relative position of the constellation
with respect to the cluster of IoT devices leads to a different
throughput for a given traffic load, we propose a novel traffic load
distribution strategy based on successive convex approximation
(SCA) to maximize the system throughput. The method adequately
allocates the traffic load among the different constellation positions with respect to the IoT cluster. Finally, the results
show that the proposed method outperforms other recently proposed strategies based on heuristics for traffic load
allocation, while it also achieves a stable non-zero throughput even for large traffic loads.

Index Terms— IoT, LEO Satellites, Resource Allocation, SCA optimization

I. INTRODUCTION

The continuous evolution of wireless technologies is leading
to an exponential increase in the number of connected Internet
of Things (IoT) devices and the need for extreme worldwide
coverage [1]. Unfortunately, the current deployment of 5G
networks is not able to meet the requirements of global
massive connectivity [2] and there is no guarantee that this will
be possible with the full 5G deployment. This calls for new
architectures and emerging technologies for future wireless
communications systems [3], [4], in which the Internet of
Space Things enabled by CubeSats is one of the anticipated
breakthroughs to achieve the broad connectivity goals of the
6G era [4]. In fact the main candidate technology to help truly
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achieve universal connectivity is satellite communications [5]–
[10], which can leverage several applications to their full
potential, such as environmental monitoring, disaster preven-
tion, smart agriculture, and industrial digitalization. Although
this idea has been discussed for almost a decade [5], several
issues must first be addressed to realize these benefits, as the
spectrum management and energy usage of satellite networks
may be even more challenging than those of terrestrial net-
works [11].

One of the reasons why satellite networks have attracted
great attention from the industry and academia is the re-
markable advance in manufacturing of satellites and rocket
launching technology [8]. Nowadays, satellite networks can be
composed by three types of satellites: low Earth orbit (LEO),
medium Earth orbit (MEO), and geosynchronous Earth orbit
(GEO). Among them, the most attractive in the context of IoT
are the LEO satellites, which present lower cost compared to
MEO and GEO satellites, modular implementation, and lower
latency in the communication between the satellite and the IoT
devices [12]. Moreover, LEO satellites also present smaller
propagation loss in the communication links and potential
global coverage by means of satellite constellations. These
satellite networks bring unprecedented high-speed mobility,
broadband capacity, and even ultra-density coverage, so they
are becoming a relevant component of 5G and beyond [13].
More than a thousand different CubeSat missions have been
launched over the past 20 years, consequently increasing the
number of satellite constellations in orbit [6]. For global
coverage, low Earth orbit (LEO) satellite constellations like



Telesat (188-LEOs) [14], OneWeb (648-LEOs) [15], and Star-
link (3000-LEOs) [16], might be key to providing systems
with terabits-per-second capacity [17]. On the other hand,
small constellations are also relevant, as sparse constellations
like Swarm [18] and Lacuna Space [19], which can provide
IoT services with few LEO satellites for specific regions,
considering three or two hours gaps [20].

However, LEO satellite networks are known to have compli-
cated spatial resource management, primarily due to the user
association [13], power constraints of the on-board battery [21]
and traffic control [22]. In [13], a specific multi-objective user
association problem was formulated for the overall service
efficiency. In [21], the authors propose a spatial resource
allocation intended to minimize handovers and to simplify the
calculation of the time a user spends in each satellite beam
spot. Moreover, in [22] the authors employ a technique called
time-varying graphs to express temporal concepts and defini-
tions of space satellite networks. Then, a temporal centrality-
balanced traffic management scheme is further developed to
enhance the network performance.

A. Related Work

Note that IoT communication solutions based on satellite
constellations must deal with situations where some satellites
are under heavy traffic, while others are underutilized. These
drawbacks are related to the constellation topology, the de-
ployment of IoT devices on the ground, but fundamentally
to the traffic load distribution. Therefore, it is necessary to
consider different traffic load balancing strategies to reduce
packet losses and to increase the system throughput. Indeed,
several works introduced load balancing strategies in the last
few years, as for instance [23]–[28], [32].

In [23], a traffic distribution method based on linear pro-
gramming that maximizes the accommodated traffic in a
multiple satellite system under satellite power constraints is
proposed. In addition, the method considers the visibility
probability in order to distribute the traffic to each satellite.
In [24], the authors propose a load-balanced satellite handover
strategy where a joint handover frequency and workload opti-
mization problem is proposed in order to improve the system
capacity. In addition, an adaptive power allocation algorithm
is designed for a multiple satellite connection model. In [26],
the authors study an asymmetric resource allocation method in
a satellite–terrestrial network and propose a model to achieve
optimal resource allocation among different satellites. In [27],
a novel load balancing scheduling algorithm is proposed to
distribute data packets across the aggregated carriers based on
channel capacities and to utilize the spectrum efficiently.

Moreover, a dense LEO based integrated terrestrial-satellite
network is considered in [25], while a scheduling strategy
subject to backhaul capacity constraints to jointly maximize
the sum rate and the number of served users is proposed. In
addition, in [28], the authors study collaborative computing
and resource allocation among multiple LEO satellites con-
sidering deep reinforcement learning and a max-min fairness
optimization strategy to maximize the tasks completion rate.
In [32], a LEO satellite based narrowband IoT (NB-IoT)

system is investigated and a novel scheduling strategy to
select the set of transmitting users is proposed to maximize a
sum profit. The authors formulate different user profits based
mainly on the visibility times of the LEO satellites.

However, the above works assume medium access control
(MAC) based on time division multiple access (TDMA) [23],
[24], [26], [27] or code division multiple access (CDMA)
[25], [28], [32], which require tight synchronization and/or
power control, and therefore demand a considerable amount
of signalling that may be not practical for some IoT satellite
networks [33]. In a different direction, a two-phase communi-
cation system is proposed in [30]. In the first phase, multiple
users transmit data packets to a set of uncoordinated satellites
following a simple slotted Aloha policy. Then, in the second
phase, the satellites forward the decoded information to a
common sink. In [34], differently from [30] where receivers
could benefit from orthogonal channel access when transmit-
ting to the sink, the authors focus on a case in which relays
are also sharing a slotted ALOHA channel when forwarding
information. While in [35], the authors study the grant-free
access for critical and noncritical services in space diversity-
based models for both satellite and terrestrial applications.

Such setups are representative of some modern IoT LEO
satellite networks with LoRaWAN technology, as those of
Lacuna Space [19] and Swarm Space [18]. Moreover, the
authors in [30] provide exact expressions for the system
throughput at the first phase considering equal erasure prob-
abilities at all satellites. However, considering equal erasure
probabilities for all satellites in a LEO constellation may
be unrealistic. Consequently, the model proposed in [30] is
extended in [31] considering different erasure probabilities at
each of the visible satellites within the constellation. More-
over, an intelligent traffic load distribution (ITLD) strategy
is proposed therein to improve the overall system throughput
by allocating different amounts of traffic load at different
positions of the LEO constellation with respect to the IoT
cluster. ITLD has been recognized in [36] as one of the
recent and relevant random access techniques in the DtS-
IoT context. Among all the highlighted schemes, ITLD is the
only one that achieves such benefits in throughput and packet
loss rate only through an allocation strategy. On the other
hand, a framework of non-orthogonal slotted Aloha protocol
is proposed and analyzed in [37]. In [38], interference cancel-
lation is used to propose an analysis framework of diversity
framed slotted ALOHA. Moreover, in [39] a preamble and
detection scheme is designed for high-dynamic LEO scenarios.
Nevertheless, although ITLD [31] exploits the potential of the
different positions of the satellite constellation, using a very
low complexity algorithm, it does not guarantee the optimum
traffic load allocation and, consequently, the maximum system
throughput may not be achieved.

Therefore, according to data traffic forecast reports in [40],
more than 29 billion IoT devices will be connected to the
Internet by 2023, while the number of Machine-to-Machine
(M2M) connections will be 14.7 billion. In this sense, satellites
can be used to offload part of the large traffic served by
terrestrial networks. In [41], the authors consider IoT/M2M
data exchanges via satellite and random access techniques in



TABLE I: Review of the state-of-art on traffic allocation for LEO satellites based networks.

Ref. Allocation Strategy LEO Constellation Efficiency-Aware (Throughput) Elevation Angle Suitability for DtS-IoT
[23] Linear programming ✓ ✗ ✓ ✗
[24] Forward and backward searching ✓ ✗ ✓ ✗
[25] Lagrangian multipliers ✓ ✗ ✓ ✗
[26] Lotka–Volterra based predator–prey model ✓ ✗ ✗ ✗
[27] Carrier aggregation ✗ ✓ ✗ ✗
[28] Deep reinforcement learning ✓ ✓ ✓ ✗
[29] Linear programming ✗ ✓ ✓ ✓
[30] Closed-form ✓ ✓ ✗ ✓
[31] Intelligent traffic load distribution ITLD ✓ ✓ ✓ ✓

order to accommodate a large set of devices. Based on energy
availability, interest, and physical ties, although the work
in [42] did not directly investigate the traffic load allocation
strategies, they proposed a clustering approach that determines
each device’s optimal transmit power to meet the required
quality of service, while the constraints are formulated via
a holistic utility function.

Aiming to identify suitable benchmark schemes, Table I
lists the state-of-the-art works on traffic load allocation for
LEO satellites based networks. We can conclude that only the
solutions in [29]–[31] are suitable for the DtS-IoT scenario.
However, in [29] the authors do not consider LEO constel-
lations, while in [30] the authors focus on a single position
with the same erasure probability for all satellites, what over
simplifies the problem and prevents the generalization of the
solution for the case of multiple positions and different erasure
probabilities per satellite. Therefore, the methods that can be
directly compared to the proposed approach are those in [31].

B. Contributions and Organization of the Paper
Different from [23]–[28], [32], in this paper we consider

an Aloha-based network, which is in line with some practical
LEO satellite networks for IoT. Using the model in [31], where
the satellites are considered to have different erasure proba-
bilities, in this work we focus on the design of a traffic load
strategy that maximizes the throughput of a direct-to-satellite1

IoT system; guaranteeing ultra-scalability and efficient perfor-
mance, without very high complexity processing that increases
energy consumption in the satellite, as in [37]–[39]. Finally,
we innovate by introducing a novel algorithm based on the
successive convex approximation (SCA) technique [44] that is
able to maximize the traffic load allocation considering the dif-
ferent constellation positions. By properly allocating the traffic
load, the proposed method maximizes the system throughput,
and considerably outperforms the heuristics introduced in [31].
Summarizing, the main contributions of this work are:

1. We propose an SCA-based optimization strategy that
allocates the traffic load at each constellation position,
maximizing the system throughput per lap.

2. We determine the optimal traffic load for each constella-
tion topology and the best topology for each traffic load.

3. We demonstrate that the proposed strategy outperforms
other load allocation methods proposed in the literature.
We also demonstrate that, while other strategies fall to

1Direct-to-satellite IoT connectivity does not require a terrestrial gateway,
simplifying and accelerating wide coverage deployment [43].

TABLE II: List of Acronyms.

Acronyms Meaning
CDMA Code division multiple access
GEO Geosynchronous Earth orbit
IoT Internet of things
ITLD Intelligent traffic load distribution
LEO Low Earth orbit
LoS Line of sight
MAC Medium access control
MEO Medium Earth orbit
M2M Machine to machine
NB-IoT Narrowband Internet of things
PSO Particle swarm optimization
SCA Successive convex approximation
TDMA Time division multiple access

zero throughput under high traffic-load scenarios, our
strategy always achieves a non-zero throughput by of-
floading the excess traffic to some constellation positions.

The rest of this paper is organized as follows. Section II
describes the system model. Section III formulates the sys-
tem throughput and presents the optimization problem in
its original non-convex form. Section IV adapts the SCA-
based method to allocate the traffic load and transform the
optimization problem into standard convex form. Section V
discusses the numerical results, while Section VI concludes
the paper. Tables II and III list the acronyms and the symbols
used in this paper, respectively.

II. SYSTEM MODEL

We consider the uplink of an IoT network where a large
number of clustered devices directly transmit their data packets
to a constellation of K LEO satellites using an Aloha-based
protocol. Following [30], [31], the Earth-to-satellite links
between the cluster of IoT devices and the LEO satellites are
modeled according to the On-Off fading channel model [45].
Therefore, the quality of the link between each LEO satellite
and the clustered IoT devices is defined by a given erasure
probability. This model has been extensively used in the
literature in the analysis of Aloha-based schemes [30], [31],
[34], [35]. It describes well the behavior of channels2 whose
losses are dominated by factors related to the presence of
obstacles [30], which is typical of satellite IoT networks.
Besides being of engineering significance, the On-Off fading
model is mathematically amenable.

2Note that it is reasonable to assume that channel conditions do not
vary significantly during a time slot. That is because the typical DtS-IoT
transmission is faster than the time for the elevation angle to move a
sufficiently amount of degrees that would change the channel behavior [46].



TABLE III: List of Symbols.

Variable Description
Gm Channel load at the mth position in packets per unit of time
m Constellation position
∅ Empty set
εm,k Erasure probability at the mth position and kth satellite
Qm Load factor offered by the IoT devices in the mth position
M Number of constellation positions in each lap
K Number of satellites in the constellation
u Number of users transmitting in the same time-slot
αm,k Number of data packets received by each LEO satellite
k k-th Satellite in orbit
δm,J Number of data packets received by multiple satellites per

m constellation position
U Poisson random variable
P Probability that u users transmit in the same time-slot
qm,k Success probability at the mth position and kth satellite
s Spacing between consecutive satellites
J Set containing the possible combinations of satellites within

the constellation per position
A System throughput contribution per individual satellite
Tm System throughput for the mth position
B System throughput portion of the multiplicities
Tm,k Throughput at the kth satellite in the mth position
GT Total channel load in packets per unit of time
βm,J Total number of data packets per m constellation position
TT Total system throughput
εm Vector of erasure probabilities at the mth position
Q Vector that contains the load factors of all positions

Since we consider the satellites can be in different positions
with respect to the IoT devices, it is not practical to assume
that all satellites perceive the same erasure probability as
in [30]. Instead, following [31], we consider that the erasure
probability seen at each satellite depends on its orbital position
(or elevation angle) with respect to the clustered IoT devices.
Moreover, a position is defined as the regular angle range
(relative to the Earth’s center) within the satellite trajectory
where the erasure probability with respect to the clustered IoT
devices can be assumed constant. For instance, the positions
can be regarded as the so called sectors in [46], which are
defined by a range of elevation angles with respect to the IoT
cluster that present similar error performance. Therefore, posi-
tions related to an elevation angle (relative to the clustered IoT
devices on the ground) closer to 90◦ present a smaller erasure
probability than those positions that correspond to elevation
angles closer to 0◦ or 180◦. Moreover, the erasure probabilities
could be determined as the average outage probability in a
position, or in a sector, using the terminology in [46]. Thus,
the On-Off fading channel is a relatively simple model, but
still representative of satellite communications.

We define an iteration as the time that each satellite re-
mains in the same position, while we assume that different
constellation positions last for approximately the same time.
Consequently, each iteration has the duration of a transmission
window with the same erasure probabilities, which for simplic-
ity we analyze in a single time slot. Besides multiple satellites,
we consider M visible satellite constellation positions, and
that εm,k denotes the erasure probability between the kth

satellite and the cluster of IoT devices in the mth constellation
position, for k ∈ {1, 2, · · ·K} and m ∈ {1, 2, · · ·M}.
Moreover, each position is characterized by a vector of erasure
probabilities εm = [εm,1, εm,2, · · · , εm,K ]. We associate the

highest erasure probabilities to positions close to the horizon
and the smallest ones to positions close to the zenith.

In addition, every passing of the satellite constellation over
the IoT cluster is termed a lap. The number of positions M in
which at least one satellite is visible depends on the number of
satellites in the constellation and on the spacing s, in number
of positions, between consecutive satellites. If the K satellites
travel together and are always considered to be in the same
position, then s = 0; if the satellites are distributed in K
consecutive positions, then s = 1; while s > 1 implies that
between two consecutive satellites there is always s−1 empty
positions. Hereinafter, we refer to constellation positions as
those in which at least one satellite is visible. The first position
is the one in which the leading satellite is visible for the first
time in the current lap, and the last position is the one in which
the last satellite is seen for last time.

Example 1: Fig. 1 presents the system model considering
K = 2 satellites traveling in adjacent positions (i.e., s = 1)
with erasure probabilities3 εm = [εm,1; εm,2] such that each
εm,k ∈ {1, 0.9, 0.5}.

When the first satellite is seen for the first time by the IoT
cluster, the vector of erasure probabilities is ε1 = [0.9; 1]. Note
that ε1,2 = 1 means that the second satellite is not yet seen
by the IoT devices. In the next position, the second satellite
appears on the horizon, then ε2 = [0.5; 0.9]. In a similar
way, in the third and fourth positions ε3 = [0.5; 0.5] and
ε4 = [0.9; 0.5], respectively. Finally, in the fifth position, the
first satellite leaves the visible horizon and similar to the first
position only one satellite (now the second satellite) is visible,
so that ε5 = [1; 0.9]. Similarly, Table IV illustrates the erasure
probabilities at each position for a different satellite spacing4

s. Note that, the number of visible constellation positions
increases with the satellite spacing, but the number of positions
with both visible satellites decreases.

TABLE IV: Satellite constellations with K = 2 satellites and
spacing s ∈ {0, 1, 2, 3, 4}. Erasure probabilities εm at each
visible position m = {1, 2, . . . ,M}. Non-visible positions
(i.e., εm = 1) are marked with “-”.

s Satellite ε1 ε2 ε3 ε4 ε5 ε6 ε7 ε8

0 k = 1 0.9 0.5 0.5 0.9 - - - -
k = 2 0.9 0.5 0.5 0.9 - - - -

1 k = 1 0.9 0.5 0.5 0.9 1.0 - - -
k = 2 1.0 0.9 0.5 0.5 0.9 - - -

2 k = 1 0.9 0.5 0.5 0.9 1.0 1.0 - -
k = 2 1.0 1.0 0.9 0.5 0.5 0.9 - -

3 k = 1 0.9 0.5 0.5 0.9 1.0 1.0 1.0 -
k = 2 1.0 1.0 1.0 0.9 0.5 0.5 0.9 -

4 k = 1 0.9 0.5 0.5 0.9 1.0 1.0 1.0 1.0
k = 2 1.0 1.0 1.0 1.0 0.9 0.5 0.5 0.9

3The particular value of the erasure probability depends on distance, carrier
frequency, antenna gains, data rate, noise figure, random blockages, etc.
Calculating the erasure probability for a given setup is outside the scope of
this work. The aim is to provide tools for traffic load allocation. Although the
values of the erasure probabilities are arbitrary, we can assume that is a good
approximation based on the traditional On-Off fading channel literature [30],
[31], [35], [45], [47], [48] and also studies such as [49], where the authors
estimate the outage probability as a function of the elevation angle.

4The satellite spacing control requires advanced techniques, and it is outside
the scope of this work. However, with the rapid evolution of technology, the
required orbit correction mechanisms should be available soon.
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Fig. 1: Snapshots of the M = 5 visible positions of a
constellation with K = 2 satellites with spacing s = 1.

III. SYSTEM THROUGHPUT

We assume that a large number of clustered IoT devices
share the same direct-to-satellite IoT communication, but with
a very low probability of individual transmission. Therefore,
the number of users accessing the channel in the same time
slot per position can be modeled as a Poisson random variable
U [30]. Consequently, the probability that u users transmit in
the same time slot, considering the mth constellation position,
follows the Poisson probability distribution,

P [U = u] =
(Gm)ue−Gm

u!
, (1)

where Gm denotes the channel load offered to the mth

constellation position, such that the total channel load offered
per lap (GT ) is the sum of all the loads offered at the M
visible positions, i.e., GT =

∑M
m=1 Gm. Since u different

IoT devices can transmit at the same time slot, the probability
that the kth satellite successfully receives a data packet is
qm,k(u) = u(1 − εm,k) (εm,k)

u−1. Therefore, the average
number of data packets successfully received at the kth satellite

in a given time slot in the mth constellation position is

Tm,k =

∞∑
u=0

qm,k(u) P [U = u]

=

∞∑
u=0

[
u(1− εm,k) (εm,k)

u−1 (Gm)ue−Gm

u!

]
= Gm(1− εm,k)e

−Gm(1−εm,k)

= Qmαm,ke
−Qmαm,k , (2)

where
αm,k = GT (1− εm,k), (3)

and Qm is the fraction of the total load that is offered by
the IoT devices in the mth constellation position, such that
0 ≤ Qm ≤ 1,

∑M
m=1 Qm = 1 and Gm = QmGT, so that

GT =
∑M

m=1 QmGT.
The system throughput for the mth position is defined as

the number of different data packets received by at least one
satellite at each time slot. Therefore, multiplicities must be
discarded, i.e., when data packets are successfully received by
more than one satellite. In [31], it is shown that the system
throughput in this case becomes

Tm =
∑

∀J⊆{1,··· ,K}
J ̸=∅

(−1)|J|+1Gm

∏
k∈J(1− εm,k)

e
Gm(1−

∏
k∈J εm,k)

(4)

=
∑

∀J⊆{1,··· ,K}
J ̸=∅

(−1)|J|+1 Qmβm,J e
−Qmδm,J ,

where
βm,J = GT

∏
k∈J

(1− εm,k), (5)

δm,J = GT

1−
∏
k∈J

εm,k

 , (6)

and J is a set containing the possible combinations of satellites
within the constellation.

In order to facilitate the understanding, in the particular case
of K = 2 satellites we have the set J =

{
{1}, {2}, {1, 2}

}
and therefore its throughput can be computed as

Tm=

2∑
k=1

Qmαm,ke
−Qmαm,k

︸ ︷︷ ︸
(I)

−Qmβm,{1,2}e
−Qmδm,{1,2}︸ ︷︷ ︸

(II)

(7)

where (I) is the contribution of each satellite to the throughput
at that position, while (II) compensates for multiplicities5

(when both satellites receive the same packet, which should
not increase the throughput further). In general, there will be
K terms in (I), while all the combinations with more than a
single satellite among K satellites would appear in (II) [50].

Finally, from the above it is clear that the system through-
put is directly influenced by the number of LEO satellites,

5Note that, βm,{1,2} = GT (1 − εm,1)(1 − εm,2) and δm,{1,2} =
GT (1− εm,1εm,2), while βm,{k} = δm,{k} = αm,k , so βm,J and δm,J
must be used only for |J| > 1.



their positions, and erasure probabilities, as stated in (4).
Another factor that greatly influences the system throughput
per position (per lap) is the traffic load per position (per lap).
Let us define the total system throughput as the sum of the
contributions of each constellation position, i.e.

TT =

M∑
m=1

Tm(Qm, GT). (8)

Therefore, to maximize the overall system throughput it is
necessary to adequately accommodate the traffic load offered
per lap (GT) by the IoT devices in the traffic load for each
constellation position (Gm), according to the satellite constel-
lation topology. Thus, the following optimization problem can
be defined,

Maximize
Q

TT =

M∑
m=1

Tm(Qm, GT )

subject to:
M∑

m=1

Qm = 1,

0 ≤ Qm ≤ 1 ∀m.

(9)

where Qm ∈ Q and Q is the vector that contains the load
factors of all positions (i.e., Q = [Q1, · · · , Qm, · · · , QM ]).

Unfortunately, the above optimization problem is non-
convex since Tm(Qm, GT ) is a sum of non-linear concave
and convex functions. For instance, note that part (I) in (7)
is concave, while part (II) is convex. Thus, standard convex
optimization tools cannot be directly applied. In the following
section, we propose a novel traffic allocation strategy based
on the SCA technique. For the sake of simplicity, to properly
allocate the traffic load, we consider the IoT devices’ positions
are perfectly known, all IoT devices in each lap share the same
visibility time (which is valid for clusters of small size), and
that there is an efficient mechanism to estimate the rise and
set time of each satellite.

IV. SCA-BASED OPTIMIZATION METHOD

The optimization problem in (9) can be solved by the SCA
method [44], which has been used for solving nonconvex
optimization problems, where in each iteration the nonconvex
feasible set is approximated by an inner convex approxima-
tion [51]. The SCA approach has been used in several opti-
mization problems related to wireless communications in [52]–
[56], as well as in IoT networks assisted by satellites [57]–[60].

First, let us rewrite (4) as a function of Qm, as

TT =

M∑
m=1

∑
∀J⊆{1,··· ,K}

J ̸=∅

(−1)|J|+1 Qmβm,J e
−Qmδm,J . (10)

Then, (10) can be approximated around a fixed operating point
Q̃ as TT = A(Q)+ B̃(Q, Q̃). The function A(Q) collects the
system throughput contribution of each individual satellite, at
each position, to the overall throughput as

A(Q) =

M∑
m=1

K∑
k=1

Qmαm,ke
−Qmαm,k , (11)

while B̃(Q, Q̃) compensates the multiplicities, and at a certain
iteration it can be written as

B̃(Q,Q̃)=B(Q̃) +

M∑
m=1

(Qm−Q̃m)
d

dQm
B(Qm)

∣∣
Qm=Q̃m

=

M∑
m=1

QmCm(Q̃m)+B(Q̃)−
M∑

m=1

Q̃mCm(Q̃m)︸ ︷︷ ︸
constant

(12)

by using the first-order Taylor approximation of B(Q) around
Q̃, where

Cm(Q̃m) =
d

dQm
B(Qm)

∣∣
Qm=Q̃m

(13)

and

B(Q) =

M∑
m=1

∑
J⊆{1,...,K}

|J|>1

(−1)|J|+1 Qmβm,J e
−Qmδm,J . (14)

Then, the optimization problem in (9) can be approximated
in the vicinity of Q̃ to

Minimize
Q

T̃T = −A(Q)−
M∑

m=1

QmCm(Q̃m)

subject to:
M∑

m=1

Qm − 1 = 0,

−Qm ≤ 0 ∀m,

Qm − 1 ≤ 0 ∀m,

(15)

which is in a standard convex form [61].
The optimization problem in (15) can be efficiently solved

using standard convex optimization tools of Matlab® such as
CVX [62] or fmincon [63]. Moreover, interior point meth-
ods [64], which are known to converge in/with polynomial
time/complexity, are commonly utilized for such a convex
problem [65]. Notice that since there are M variables and
2M + 1 constraints, the overall complexity of solving (15)
using interior point methods is O(Mω log(1/ξ)), where ξ
captures the solution tolerance or accuracy and ω is some real
number usually smaller than four [65].

Once (15) is solved, its output yields a new operating point
Q̃ around which the linearization in (12) can be recalculated,
leading to a new solution to the problem in (15). Such
process can be iterated until a given convergence criteria
is reached. Algorithm 1 summarizes the proposed iterative
technique based on SCA for computing the optimal traffic load
at each constellation position. Finally, notice that the overall
complexity of Algorithm 1 is O(NMω log(1/ξ)) assuming a
fixed number N of iterations.

V. NUMERICAL RESULTS

In this section, we evaluate the performance of the pro-
posed traffic allocation strategy. In addition, we discuss the
impact of the different positions and topologies of the satellite
constellation on system throughput. Without loss of gener-
ality, we assume a constellation with K = 2 satellites and



Algorithm 1 Traffic Load Allocation based on SCA
1: Input: {K,M, εm, GT }: number of satellites, total visible
constellation positions, the vector of erasure probabilities and
the traffic load offered per lap;
2: Choose load factors {Q̃m} such that problem constraints in
(15) are satisfied, ∀m ∈ {1, 2, · · ·M};
3: Repeat:
4: Compute {Qm} by solving (15),∀m ∈ {1, 2, · · ·M};
5: Update {Q̃m} ← {Qm};
6: Until convergence within a given tolerance or the maximum
number of iterations is reached;
7: Output: Qm, ∀m ∈ {1, 2, · · ·M}.

erasure probabilities belonging to the set {1, 0.9, 0.5}6. We
comparatively evaluate the performance of the proposed SCA-
based technique against three other traffic load distributions
(presented and discussed in [31]): i) Uniform, which equally
distributes the traffic load among all visible positions of the
constellation; ii) Non-uniform, which assigns to each visible
position of the constellation a traffic load proportional to the
performance of this position when it receives a uniform traffic
load; and iii) ITLD, which conveniently selects between the
Uniform and Non-uniform distribution to achieve a higher
overall throughput according to the total traffic load per lap.

Fig. 2 shows the overall throughput achieved as a function of
the traffic load per lap. The satellite constellation topology fea-
tures satellites traveling in adjacent positions, i.e. s = 1, while
five constellation positions are visible for the clustered IoT
devices with the following erasure probabilities [εm,1, εm,2] ∈{
[0.9, 1], [0.5, 0.9], [0.5, 0.5], [0.9, 0.5], [1, 0.9]

}
. We evaluate

the performance of the SCA-based technique compared to the
use of ITLD [31], as well as the Uniform and Non-uniform
traffic load distributions analyzed in [31]. The SCA-based
technique outperforms all other allocation methods.

Note that, the overall maximum throughput is reached by
our proposal for GT = 28.4, a value for which ITLD performs
poorly. For that total traffic load the Uniform distribution has
already saturated the tolerated traffic load for some positions,
while the Non-uniform distribution still does not sufficiently
exploit the positions that can take high traffic loads. By its
turn, the SCA-based technique allocates the traffic load to
each position so that the overall throughput is the maximum
achievable for the generated traffic load per lap. That is
confirmed by the exhaustive search results for the maximum
throughput (which are represented by black dots). The allo-
cation strategy proposed here also guarantees that, even for
very high traffic loads, the overall performance of the system
remains above 2 for this topology. However, when the other
allocation strategies are used, the overall throughput tends to
0 when the traffic load is extremely high. This is because our

6In [31], ε = {1, 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1, 0.01}, while
we show that the throughput increases with the number of satellites in the
constellation. However, note that a scenario with more possibilities in terms
of erasure probabilities increases the number of visible positions. Moreover,
increasing the number of satellites also increases the number of possible
topologies. Since the goal of this paper is to demonstrate the validity of the
proposed optimization strategy, we avoid the computational cost associated
with large scenarios and focus on the case of K = 2 satellites.

0 10 20 30 40 50 60 70 80 90 100

0

0.5

1

1.5

2

2.5

Fig. 2: Overall throughput as a function of the traffic load
per lap considering the proposed SCA-based technique, ITLD,
PSO, Uniform, and Non-uniform traffic load distributions. We
assume a satellite constellation with K = 2 and s = 1.

proposal assigns the excess traffic load only to the position
with the least contribution in terms of system throughput,
therefore not harming the overall throughput.

Moreover, three critical points are marked in blue in the
throughput curve of the proposed SCA-based technique in
Fig. 2: i) a circle indicates the system throughput (TT = 1.43)
for low traffic load (GT = 4.1); ii) a star identifies the opti-
mum overall throughput (TT = 2.42), which is reached at the
optimum traffic load (GT = 28.4) for this topology; and iii)
a diamond indicates the system throughput (TT = 2.06) when
the traffic load is high (GT = 80) and the performance tends to
remain stable for our strategy. The projections of these points,
the vertical dashed lines, allow identifying the throughput
achieved by the other traffic allocation strategies. Note that
these values are highlighted in colored text corresponding to
each strategy in the legend.

Fig. 3a shows the load factors for each constellation
position according to the traffic load per lap when it is
used the SCA-based technique, while Fig. 3b shows the
load factors for the Non-Uniform and Uniform distributions.
Note that load factors Qm ∈ {Q1, Q2, Q3, Q4, Q5} are
related to erasure probabilities as follows [εm,1, εm,2] ∈{
[0.9, 1], [0.5, 0.9], [0.5, 0.5], [0.9, 0.5], [1, 0.9]

}
, which pre-

supposes a symmetry between the factors [Q1, Q5] and
[Q2, Q4], given the symmetry between the erasure probabilities
in both cases, but Q3 is associated with a unique position in
the lap, with [ε3,1, ε3,2] = [0.5, 0.5].

The analysis of the blue circle in Figs. 2 and 3a shows
that when the traffic load is very low, it is very inefficient
to allocate part of that traffic load to positions with high
erasure probabilities [εm,1, εm,2] ∈

{
[0.9, 1], [1, 0.9]

}
. That

is why the SCA-based optimization technique assigns values
close to 0 to Q1 and Q5. In such cases, it is better to ex-
ploit positions with lower erasure probabilities [εm,1, εm,2] ∈{
[0.5, 0.9], [0.5, 0.5], [0.9, 0.5]

}
, since the collision probabil-
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(a) Load factor Qm selected by the proposed SCA-based optimization
technique for each constellation position as a function of GT .
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(b) Load factor Qm selected by the Non-Uniform and Uniform
distributions for each constellation position as a function of GT . Note
that in the Non-uniform distribution always Q1 = Q5 and Q2 = Q4.

Fig. 3: Load factor Qm in the scenario with five positions.
The markers here are located in the same traffic load as in
Fig. 2, the circle in GT = 4.1, the star in GT = 28.4, and the
diamond in GT = 80.

ities at the receiver are very low due to the low traffic
load. Consequently, the proposed SCA-based technique selects
Q1 = Q5 ≈ 0, while Q2 = Q4 ≈ Q3 ≈ 0.33, to exploit
constellation positions suitable for low traffic load. However,
Fig. 3b shows that the Non-Uniform distribution approach
selects Q1 = Q5 ≈ 0.06, which prevents fully exploiting
positions 2 and 4. Meanwhile, the Uniform distribution ap-
proach performs even worse, since it assigns Qm = 0.2 ∀m ∈
{1, 2, 3, 4, 5}, thus perceiving unnecessary losses in the first
and last positions.

Fig. 4 shows the system throughput for each position and
each allocation strategy. Note that there are only three curves
for five positions due to the symmetry of positions 1 and
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Fig. 4: Throughput contribution for each position. The circles
indicate the traffic load distribution per position Gm when
GT = 4.1 for: proposed SCA-based method (in blue), Uniform
(in red) and Non-Uniform (in green) allocations. We take
advantage of the symmetry between ε1 = [0.9, 1] and ε5 =
[1, 0.9], as well as ε2 = [0.5, 0.9] and ε4 = [0.9, 0.5], to
represent each position pair by a single curve.

5 and positions 2 and 4. Moreover, considering GT = 4.1,
which corresponds to the blue circle in Fig. 3, the system
throughput achieved by the SCA-based technique (i.e., the
sum of the throughput achieved in each position), is TT =
2 × 0 + 2 × 0.429 + 0.573 = 1.43 outperforming the Non-
Uniform distribution with TT = 2 × 0.024 + 2 × 0.385 +
0.579 = 1.39 and even more the Uniform distribution with
TT = 2× 0.073 + 2× 0.316 + 0.426 = 1.20, see Fig. 2.

In addition, the comparative analysis of the curves in Fig. 4
allows us to confirm that under conditions of low traffic load,
the highest system throughput is associated with the positions
with the lowest erasure probabilities. This is because in such
conditions the probability of collisions is very low and it is
more important to avoid the losses associated with the channel.
Note that the highest throughput is associated with the central
position where [ε3,1, ε3,2] = [0.5, 0.5]. Moreover, as one would
expect, intermediate positions with [ε2,1, ε2,2] = [0.5, 0.9] and
[ε4,1, ε4,2] = [0.9, 0.5] outperform near-horizon positions with
[ε1,1, ε1,2] = [0.9, 1] and [ε5,1, ε5,2] = [1, 0.9].

Fig. 2 shows that this constellation with K = 2 satellites
with topology s = 1 reaches the optimal system throughput
when the traffic load per lap is GT = 28.4. Now, focusing
around the point marked by a blue star in Figs. 2 and 3a,
we can see that for GT > 10 the only load factors that
continue to increase with the traffic load are Q1 and Q5, those
with the highest erasure probabilities [ε1,1, ε1,2] = [0.9, 1] and
[ε5,1, ε5,2] = [1, 0.9]. This is because the maximum throughput
values for the positions with the lowest erasure probabilities
were already reached with relatively low traffic loads, and
lowering the load factor is the way to guarantee that the
throughput achieved in such positions remains the maximum
when the traffic load per lap increases.
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Fig. 5: Throughput contribution for each constellation posi-
tion. The star allows to identify the traffic load distribution
per position Gm when GT = 28.4 (traffic load value for
which the maximum system throughput is reached with this
constellation with K = 2 satellites with s = 1) according to:
proposed SCA-based method (in blue), Uniform (in red) and
Non-Uniform (in green) allocations.

Fig. 5 corroborates the above. Note that the maximum
throughput T3 = 0.626 from the central position is associated
with G3 = 2.2, so that to guarantee maximum throughput
in this position Q3 must be such that G3 = Q3GT = 2.2.
A similar analysis can be carried out for the intermediate
positions, where Q2 and Q4 must be selected such that Gm =
QmGT = 3.1, ∀m ∈ {2, 4}, to guarantee T2 = T4 = 0.528.
However, note that near-horizon positions with high erasure
probabilities tolerate a much higher traffic load since a low
percentage of the messages sent are received at the satellites
and thus significant collision probabilities occur for high traffic
loads. Therefore, Q1 and Q5 must be selected such that
Gm = QmGT = 10, ∀m ∈ {1, 5}, to guarantee maximum
throughput in these positions T1 = T5 = 0.367. After this
analysis we can understand the contribution of each position to
the overall system throughput, TT = 2×T1+2×T2+T3 = 2.42
for GT = 2×G1+2×G2+G3 = 28.4, see Fig. 2. Moreover,
the Non-Uniform distribution strategy in the face of this traffic
load assigns a higher load factor to the intermediate positions
(Q2 = Q4 ≈ 0.25) and the same load factor to the central
position and the near-horizon positions (Q3 = Q1 = Q5 ≈
0.167), as can be seen in Fig. 3b. Consequently, the system
throughput with the Uniform and Non-Uniform distributions
is numerically equal (TT = 1.89) despite the fact that the
load factors are not equal, and significantly lower than the
throughput achieved by the proposed SCA-based technique.

Analyzing Fig. 3a after the maximum throughput point
(blue star) until the traffic load per lap is approximately 50,
shows that the proposed SCA-based optimization technique
continues to find benefits in increasing the load factor of both
extreme positions (Q1 and Q5). However, for GT > 50 it
is detrimental in terms of overall throughput to increase both
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Fig. 6: Throughput contribution for each position. In this case
we consider the optimal load traffic GT = 80 (diamond) for
Successive Convex Approximation technique (blue), Uniform
(red) and No-Uniform (green).

load factors. From that point on, the SCA-based technique
finds the maximum attainable throughput by assigning to the
central position the value of Q3 that allows it to reach the
maximum throughput T3 = 0.626, as well as Q2 and Q4

to reach T2 = T4 = 0.528 and likewise to one of the two
extreme positions, in this case to Q5 for T5 = 0.367. Then,
Q1 must be such that the last position assumes the remaining
traffic load, i.e., Q1 = 1 − Q2 − Q3 − Q4 − Q5, see Fig. 2.
Consequently, for extremely high traffic load values, T1 tends
to 0 and TT tends to 2×T2+T3+T5 = 2.049. However, none
of the other traffic load allocation strategies has this ability,
so when ITLD, Uniform, and Non-uniform distributions are
applied, for extremely high traffic load values, the overall
system throughput tends to 0, as can be seen in Fig. 2.

This effect can be observed by analyzing the point repre-
sented by the blue diamond in Figs. 2 and 3. Note that in the
last four positions, the maximum throughput associated with
each of those positions is achieved, as long as Q2, Q3, Q4,
and Q5 guarantee that the traffic loads allocated to them is
optimal for each position (i.e., when SCA-based optimization
technique is used), but the first position has to assume the
remaining traffic load (G1 = 61.3), so its contribution in
terms of throughput is very poor, T1 = 0.013. However,
the Uniform and Non-uniform distributions achieve lower
throughput (TT = 1.30), when the traffic load per round is
GT = 80. Fig. 3b shows than the Non-Uniform distribution
perceives very low benefits in the central position, since for
high traffic loads, the high collision probability at the receiver
leads the system throughput to tend to 0.

Finally, Fig. 7 shows the overall throughput as a function
of the traffic load per lap, using SCA-based optimization
technique in a constellation with K = 2 satellites for different
topologies s ∈ {0, 1, 2, 3, 4}, which were represented in
Table IV. By analyzing Fig. 7, we can determine the most
convenient topology to use if the total traffic load to be offered
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Fig. 7: Overall throughput as a function of the traffic load per
lap, using SCA-based technique in a constellation with K = 2
satellites for different topologies s = {0, 1, 2, 3, 4}.

TABLE V: Optimal channel load per lap and per position,
which allow to achieve the maximum system throughput by
the proposed SCA-based method in a constellation with K = 2
satellites for different topologies with s ∈ {0, 1, 2, 3, 4}.

s G∗
T G∗

1 G∗
2 G∗

3 G∗
4 G∗

5 G∗
6 G∗

7 G∗
8

0 24.8 10.2 2.2 2.2 10.2 - - - -
1 28.4 10 3.1 2.2 3.1 10 - - -
2 30.2 10 2 3.1 3.1 2 10 - -
3 38.2 10 2 2 10.2 2 2 10 -
4 48.0 10 2 2 10 10 2 2 10

from the ground is known. For example, when (GT < 10) the
highest throughput is achieved with the topology of s = 0;
while for (10 < GT < 20), s = 3 is more convenient; and for
(GT > 20), larger spacing is best, s = 4. This fact facilitates
custom design or even dynamic adaptation of the topology
if some orbital correction solution is possible. Moreover,
note that as the spacing s between satellites increases, the
number M of visible positions increases. Consequently, the
stable value of throughput for high-traffic loads decreases
with decreasing satellite spacing s, as nullifying the system
throughput achieved by a position is more detrimental for
topologies with fewer visible positions of the satellite constel-
lation. Also note that the stable throughput value of a topology
is approximately the maximum throughput achieved by this
topology decremented by 0.367. This is because 0.367 is the
maximum throughput achievable by one satellite on the hori-
zon when the other satellite is no longer visible to the clustered
IoT devices, except for the topology with s = 0 since both
satellites are always together. Fig. 7 and Table V show that
the optimal traffic load (GT ∈ {24.8, 28.4, 30.2, 38.2, 48}),
which allows reaching the maximum overall throughput of
each topology, increases with the increase of satellite spacing
(s ∈ {0, 1, 2, 3, 4}). This is because a greater number of visible
positions (M ∈ {4, 5, 6, 7, 8}) allows a greater traffic load to
be assigned more efficiently.

These results and trends are expected, as well as the fact

TABLE VI: Maximum throughput per lap and per position
achieved by the proposed SCA-based method in a constellation
with K = 2 satellites for different topologies with s ∈
{0, 1, 2, 3, 4}.
s T ∗

T T ∗
1 T ∗

2 T ∗
3 T ∗

4 T ∗
5 T ∗

6 T ∗
7 T ∗

8
0 2.70 0.72 0.63 0.63 0.72 - - - -
1 2.42 0.37 0.53 0.63 0.53 0.37 - - -
2 2.53 0.37 0.37 0.53 0.53 0.37 0.37 - -
3 2.93 0.37 0.37 0.37 0.72 0.37 0.37 0.37 -
4 2.94 0.37 0.37 0.37 0.37 0.37 0.37 0.37 0.37

that the maximum value of overall throughput achieved by
each topology increases with s, except for the topology with
s = 0, which reaches a maximum overall throughput greater
than the topologies with s = 1 and s = 2. In order to
better understand the performance of the different topologies
in terms of system throughput, it is necessary to analyze
Table VI. Note that precisely the position that allows reaching
the highest throughput per position (Tm = 0.72) are those
with [εm,1, εm,2] = [0.9, 0.9], corresponding to the topology
with s = 0, also the second highest throughput value per
position (Tm = 0.63) is reached twice by the topology with
s = 0. Consequently, the overall throughput from the topology
with s = 0 (TT = 2.70) is greater than that achieved by the
topologies with s = 1 (TT = 2.42) and s = 2 (TT = 2.53).

VI. CONCLUSIONS

This work introduced a novel optimal traffic load allocation
strategy for Aloha-based IoT LEO constellations. The link
between the cluster of IoT devices and each satellite in the
constellation was modelled by an erasure probability, follow-
ing the On-Off fading channel model. In order to maximize the
achievable system throughput, we proposed a low-complexity
SCA-based technique that considerably outperforms three pre-
viously proposed heuristics. Moreover, we analyzed in detail
the traffic load allocation per position, while highlighting the
superiority of the proposed technique, which achieves a non-
zero throughput even if the traffic load is extremely high.
In future work, we intend to evaluate the system throughput
considering the imperfect knowledge of the IoT devices’
positions and different visibility times for each IoT device.
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