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RÉSUMÉ

Ces dernières années ont vu une augmentation marquée du nombre d’utilisateurs de services
Internet par constellation de satellites. Ces services sont particulièrement nécessaires dans les
zones reculées où les réseaux terrestres traditionnels sont inexistants ou trop coûteux à mettre
en place, améliorant ainsi la connectivité mondiale. Alors que les principales entreprises de
services Internet par satellites se concentrent sur le lancement de satellites supplémentaires
comme solution à court terme, une approche plus durable consiste à concevoir des satel-
lites plus performants et à plus haute capacité : les satellites à ultra-haut débit (extremely
high-throughput satellites, EHTS). Malgré des recherches approfondies sur l’amélioration du
transfert de données entre les satellites de ces constellations, il subsiste une lacune importante
dans la compréhension et l’optimisation du routage interne au sein des EHTS, en particulier
entre les modems. Une telle optimisation est cruciale pour garantir le niveau de qualité de
service désiré aux utilisateurs. Ce mémoire aborde le défi de minimiser les coûts de perte
de paquets dans un système satellitaire, en tenant compte des ressources de calcul limitées
disponibles à bord. Nous modélisons ce problème comme un problème d’optimisation convexe
sujet à des contraintes sur le système et physiques. Notre solution repose sur la commande
prédictive (model predictive control, MPC) pour optimiser le routage de données entre les
modems. Nous améliorons ensuite cette approche avec le concept d’optimisation convexe
en temps réel (online convex optimization, OCO), en utilisant spécifiquement l’algorithme
OIPM-TEC. Cette nouvelle combinaison, appelée OCO-MPC, offre un équilibre entre perfor-
mance et efficacité de calcul. La méthodologie basée sur MPC apporte une réactivité face
à l’incertitude, tandis que l’OCO permet une adaptation en temps réel avec des besoins de
calcul réduits. Cette approche rend notre solution adaptée à une mise en œuvre dans les
systèmes matériels satellitaires actuels, où la puissance de traitement est limitée. Nous éval-
uons les performances de notre approche à l’aide de simulations numériques par rapport aux
méthodes traditionnelles qui sont soit irréalistes, soit peu performantes dans des scénarios
incertains. Notre méthode s’avère très efficace dans des conditions hautement incertaines
tout en étant adaptative et implémentable sur du matériel satellitaire.
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ABSTRACT

Recent years have witnessed a significant increase in users of satellite constellation Internet
connectivity services. These services are particularly valuable in remote areas where tra-
ditional terrestrial networks are unavailable or prohibitively expensive to implement, thus
enhancing global connectivity. While current popular satellite Internet service companies
have focused on launching more satellites as a short-term solution, a more sustainable ap-
proach involves designing better, higher-capacity satellites: extremely high-throughput satel-
lites (EHTS). Despite substantial research on improving data transfer between satellites in
such constellations, there remains a significant gap in understanding and optimizing internal
routing within EHTS, specifically between modems. Such optimization is crucial for ensur-
ing the desired quality of service to users. This Master’s thesis addresses the challenge of
minimizing packet loss costs in a satellite system, considering the limited computational re-
sources available on-board. We model this issue as a convex optimization problem subject to
system and physical constraints. Our solution is based on model predictive control (MPC)
to optimize packet routing between modems. We then enhance this approach utilizing online
convex optimization (OCO), specifically using the OIPM-TEC algorithm. This new combina-
tion, termed OCO-MPC, offers a balance between performance and computational efficiency.
MPC provides responsiveness to uncertainty, while OCO enables real-time adaptation with
reduced computational requirements. This approach makes our solution suitable for imple-
mentation in current satellite hardware systems, where processing power is limited. We assess
the performance of our approach in numerical simulations against traditional methods that
are either unrealistic or poorly performing in uncertain scenarios. Our method proves highly
efficient under highly uncertain conditions while remaining scalable and feasible for satellite
hardware implementation.
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CHAPTER 1 INTRODUCTION

Satellites have long been a cornerstone of global communication networks, facilitating a
range of applications that have revolutionized how information is shared across the globe.
Initially, one of the primary commercial uses of satellites was television broadcasting [1]. By
transmitting signals from space, satellites enabled the delivery of television content to vast
and geographically dispersed audiences, overcoming the limitations of terrestrial broadcast
infrastructure [2]. This capability not only transformed the television industry but also
demonstrated the immense potential of satellite technology to bridge communication gaps
internationally.

Over the past few decades, the role of satellites has expanded beyond television broadcasting.
One of the most significant advancements has been in the area of Internet connectivity. The
advent of high-throughput satellites (HTS) and beyond marked a pivotal shift, providing
significantly higher data transfer rates compared to traditional satellites [3]. HTS have the
capacity to deliver high-speed Internet to regions where terrestrial infrastructure is lacking
or non-existent [4].

This expansion in the capabilities of satellites has profound implications for global con-
nectivity. In many parts of the world, especially in remote and rural areas, access to the
Internet remains limited or unreliable [5, 6]. This digital divide exacerbates socio-economic
inequalities, as access to information and communication technologies is increasingly critical
for education, healthcare, economic opportunities, and social inclusion. By providing reliable
Internet access to these underserved regions, HTS play a vital role in reducing location-based
societal divisions.

The increasing demand for satellite Internet services, driven by the need for global con-
nectivity, presents new challenges and opportunities for optimizing satellite communication
networks [4]. One of the primary challenges is efficiently managing the internal routing of
data within these networks to ensure optimal performance and resource utilization. Effec-
tive internal routing is essential for maintaining a high quality of service (QoS), minimizing
latency, and maximizing the throughput of satellite systems.

The complexity of modern satellite networks necessitates innovative approaches to routing
and resource management. Traditional routing methods, while effective for simpler systems,
often fall short in the dynamic and resource-constrained environment of satellite networks,
particularly in HTS [7]. To address these challenges, there is a growing interest in leveraging
advanced control and optimization techniques that can dynamically adapt to changing net-
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work conditions and demands [8, 9]. However, it is important to note that while significant
research exists on constellation-level routing, i.e. between satellites, there remains a gap in
the literature specifically addressing internal routing within a single satellite.

This Master’s thesis explores the development of a framework for the on-board online rout-
ing within the recently introduced extremely high-throughput satellites (EHTS) [10], aiming
to enhance the efficiency and reliability of satellite communication networks while taking
into account the limited computational resources available on-board. By integrating opti-
mization algorithms and advanced control methodologies tailored for resource-constrained
environments, the proposed framework seeks to optimize data flow within satellite networks,
ensuring that resources are utilized effectively and service quality is maintained. Ensuring
high QoS in EHTS involves complex decision-making processes to manage limited resources
efficiently. Optimization techniques can enhance QoS by dynamically routing information
based on real-time demand and system load, and balancing traffic appropriately to prevent
congestion. This research focuses on developing lightweight, computationally efficient solu-
tions that can operate within the constraints of satellite hardware, balancing the need for
sophisticated routing strategies with the practical limitations of on-board processing capa-
bilities while maintaining high QoS.

The importance of this research lies not only in its technical contributions but also in its
potential to impact global connectivity. As the demand for high-speed Internet continues
to grow, especially in remote and underserved areas, the ability to provide efficient and
reliable satellite-based Internet services will be crucial. This work aims to contribute to this
goal by offering innovative solutions to the challenges of satellite internal routing, ultimately
supporting the broader objective of bridging the digital divide and fostering a more connected
world.

The following sections introduce the basic concepts that will be covered in this thesis, namely
routing, optimization, and model predictive control. Next, the research objectives and the
thesis plan will be presented.

1.1 Routing

Routing is a fundamental concept in network communications, encompassing the process of
selecting optimal paths for data transmission across interconnected nodes. In traditional net-
works, routing algorithms determine the most efficient routes based on various metrics such
as distance, cost, or network congestion. These algorithms must be scalable to accommodate
networks of varying sizes and adaptable to changing network conditions. Additionally, they
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often incorporate QoS considerations to meet specific performance requirements for different
types of traffic.

General routing protocols, such as Open Shortest Path First [11] or Border Gateway Proto-
col [12], are designed to handle the complexities of large-scale, distributed networks. These
protocols maintain routing tables, exchange network topology information, and continuously
update their path selections to ensure efficient data delivery across dynamic network envi-
ronments. As explained in [13], routing in such contexts must balance the need for optimal
path selection with the overhead of maintaining up-to-date network information.

In contrast, internal routing within EHTS presents a unique set of challenges and require-
ments. Unlike traditional network routing, which deals with interconnected nodes spread
across geographical areas, EHTS internal routing focuses on managing data flow between
modem banks (or on-board processors) within a single satellite. This specialized form of
routing operates under severe constraints in terms of computing power, memory, and energy
availability, as highlighted in [7].

The key distinction between general routing and EHTS internal routing lies in their oper-
ational context and objectives. While general routing aims to find optimal paths through
vast, dynamic networks, EHTS internal routing is concerned with maximizing throughput
and minimizing packet loss within the fixed hardware configuration of a satellite. Effective
internal routing is crucial to minimize packet losses and maintain high QoS, ensuring reliable
data transmission and optimal performance. As [14] explains, the internal architecture of
these satellites requires sophisticated routing mechanisms to handle the increasing complex-
ity of on-board digital processing.

HTS internal routing must adhere to strict real-time requirements and QoS constraints while
managing potentially conflicting priorities for different data streams. This necessitates the de-
velopment of specialized algorithms that can make rapid decisions to maintain high through-
put and low latency. Furthermore, these algorithms must be highly efficient due to the limited
on-board resources, a challenge not typically faced in terrestrial network routing where more
powerful hardware is often available, with virtually unlimited access to energy.

In brief, while general routing principles provide a foundation for understanding network data
flow, the specific demands of internal routing in EHTS call for innovative approaches tailored
to the unique characteristics of satellite communications. This specialized field of routing
represents an important area of ongoing research and development in satellite technology,
as the industry strives to meet the ever-increasing demand for high-capacity, low-latency
satellite communications.
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1.2 Optimization

Optimization is a fundamental concept in mathematics and engineering, focusing on finding
the best solution from a set of possible alternatives. In the context of satellite communications
and network routing, optimization plays a crucial role in maximizing system performance
while adhering to various constraints.

The field of optimization encompasses a wide range of techniques and algorithms designed
to solve complex problems efficiently. These methods can be broadly categorized into linear,
nonlinear, integer, stochastic, dynamic, and convex programming, among others [15]. Each
category is suited to different types of problems and constraints, allowing for flexibility in
addressing diverse challenges in satellite network management.

In the field of satellite internal routing, particularly within EHTS, optimization techniques are
critical for resource allocation, traffic management, and QoS maintenance. These methods
allow for the formulation of routing problems as mathematical models, which can then be
solved to find optimal or near-optimal solutions [16]. Optimization enables efficient allocation
of limited on-board resources, balances traffic across multiple modems to prevent congestion,
and ensures strict QoS, all within the tight computational constraints of satellite hardware.
The application of these techniques aims to maximize throughput, thus enhancing QoS.

However, the dynamic nature of satellite networks and the real-time requirements of data
routing present unique challenges for optimization. This has led to increased interest in
online and adaptive optimization techniques that can respond quickly to changing network
conditions while maintaining high performance [17].

1.3 Model Predictive Control

Model predictive control (MPC) is an advanced control method that has gained significant
traction in various fields, including satellite communications. MPC uses a dynamic model of
the system to predict its future behaviour and optimize control actions accordingly [18,19].

In the context of internal routing within EHTS, MPC can be particularly beneficial. It allows
for proactive decision-making based on predicted traffic patterns, enabling more efficient
resource allocation and QoS maintenance. By optimizing routing decisions over a given time
horizon, MPC can help balance the load across multiple modems and adapt to uncertainty.

The core principle of MPC involves solving an optimal control problem over a rolling horizon
at each time step. This approach allows the controller to anticipate future events and take
appropriate actions, making it particularly suitable for systems with complex dynamics and
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constraints [19]. In the MPC framework, only the decision for the first time step of the
prediction window is actually implemented. After this implementation, the horizon is shifted
forward by one time step, the system state is updated, and the optimization process is
repeated. This rolling horizon strategy forms the backbone of MPC, allowing for continuous
adaptation to changing conditions while maintaining a forward-looking perspective. In the
context of satellite internal routing, MPC can be used to optimize routing decisions as a
function of predicted traffic patterns, implementing only the immediate routing decision
before re-evaluating the network state and re-optimizing for the next time step.

One of the key advantages of MPC is its ability to handle multi-variable systems and in-
corporate constraints explicitly in the control formulation. This makes it well-suited for
managing the complex, interconnected nature of satellite communication networks, where
multiple objectives and constraints must be considered simultaneously [20].

The application of MPC to satellite internal routing presents opportunities for improving
network performance and resource utilization. By predicting future network states and op-
timizing routing decisions over a rolling time horizon, MPC can potentially lead to more
efficient and precise routing strategies compared to traditional, reactive approaches [21].

However, implementing MPC in satellite systems presents several challenges, including com-
putational complexity and the need for accurate system models. Addressing these issues is
an objective of this thesis.

1.4 Research Objectives

This Master’s thesis aims to address the critical challenge of designing an efficient routing
framework for EHTS within the constraints of limited on-board computational resources. Our
primary objective is to design and optimize an on-board internal routing scheme to enhance
satellite performance and capacity. To do so, we first build a convex optimization-based satel-
lite representation with time-varying equality constraints and inequality constraints. Then,
to be adaptive and practical, we develop an MPC framework to adapt this optimization
problem. Next, we tackle the challenge of limited on-board resources by presenting an on-
line convex optimization-based MPC approach, making it implementable in real-time and
compatible with satellite hardware.

Ultimately, this work aspires to contribute to the advancement of EHTS design. By optimiz-
ing internal routing, we aim to increase the number of users that can be served per satellite,
thereby addressing a crucial aspect of the global connectivity challenge. Our overarching
goal is to help bridge the connectivity gap in remote areas across the world.
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1.5 Structure of the Master’s Thesis

The remainder of this Master’s thesis is organized into six chapters. Chapter 2 provides
a review of the relevant literature. Chapter 3 presents the details of our optimization and
MPC framework. Chapter 4 presents the numerical results. Chapter 5 offers a discussion
and conclusion, along with suggestions for future work.

1.6 Contributions

This section summarizes the publications that resulted from this Master’s thesis.

As first author

Journal paper

J1. Olivier Bélanger, Jean-Luc Lupien, Olfa Ben Yahia, Stéphane Martel, Antoine Lesage-
Landry, and Gunes Karabulut Kurt. Online Convex Optimization for On-Board Rout-
ing in High-Throughput Satellites, IEEE Wireless Communications Letters. August
2024. Submitted.

Conference paper

C1. Olivier Bélanger, Olfa Ben Yahia, Stéphane Martel, Antoine Lesage-Landry, and
Gunes Karabulut Kurt. Quality of Service-Constrained Online Routing in High Through-
put Satellites. In: 2024 IEEE Aerospace Conference.

As contributor

Journal paper

J2. Olfa Ben Yahia, Zineb Garroussi, Olivier Bélanger, Brunilde Sansò, Jean-François
Frigon, Stéphane Martel, Antoine Lesage-Landry, and Gunes Karabulut Kurt. Evo-
lution of High Throughput Satellite Systems: A Vision of Programmable Regenerative
Payload, IEEE Communications Surveys & Tutorials. August 2024 (early access).
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Presentations

P1. Online Convex Optimization for On-Board Routing in High-Throughput Satellites, 25th

International Symposium on Mathematical Programming, Montréal, QC, Canada. July
2024.

P2. Model Predictive Control-Based Routing in High-Throughput Satellites, Optimization
Days, Montréal, QC, Canada. May 2024.

P3. Quality of Service-Constrained Routing in High Throughput Satellites, CORS/Optimization
Days, Montréal, QC, Canada. May 2023.
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CHAPTER 2 LITERATURE REVIEW

In this chapter, we discuss satellite on-board routing, optimization, model predictive control,
and Markov-modulated Poisson processes.

2.1 Satellite On-Board Routing

Satellites play an increasingly vital role in global communications [22], connecting vast and
remote territories and bridging communication gaps in regions where deploying terrestrial
infrastructure for both cellular and fiber optic networks remains challenging [23]. While
remote areas have traditionally relied on satellites for communications and television broad-
casting [24], in recent years, these services have expanded to include Internet connectivity [25].
This expansion underlines the immense potential and importance of satellite networks, es-
pecially when considering the growth of direct cell-to-satellite connectivity [26]. As a high
number of users with varying needs directly engage with satellite resources, the implemen-
tation of resilient and reliable QoS mechanisms becomes essential [27]. Prioritizing traffic,
ensuring data delivery, and managing congestion become crucial in such scenarios.

With the growing reach and appeal of these services, there is a notable shift from traditional
single-beam satellites to the more agile multi-beam HTS [28]. The movement of low Earth
orbit (LEO) satellites adds a layer of uncertainty, necessitating rapid adaptation in satellite
network management. Unlike their predecessors, HTS are engineered to handle high data
rates, addressing the digital requirements of modern society [29]. As global demand for high
data rate connectivity grows, the need for rapid and QoS-reliable HTS intensifies.

The intricacies of HTS, coupled with their enhanced capabilities, necessitate specialized com-
ponents for data management. A pivotal part of this internal architecture is the modem
banks, as shown in [10, 30], and depicted in Figure 2.1. They act as the central process-
ing units, ensuring efficient handling, routing, and distribution of the massive influx of data
within the satellite system. Software-based, multi-modem banks architectures, as presented
in [31], aim to increase total throughput and improve efficiency in flow allocation. This ap-
proach is particularly crucial for the recently introduced EHTS, which demand unprecedented
levels of data processing and routing capabilities [10].
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Figure 2.1 Multi-modem EHTS internal architecture [10]

The interconnections between modem banks bring forward new routing and load balancing
challenges. Properly addressing these challenges is of high importance because it can sig-
nificantly enhance data throughput and reduce latency. In the high-stake field of satellite
communication, ensuring these efficiencies directly translates to improved user experience
and service reliability.

An important aspect of managing satellite communication involves the prioritization of pack-
ets and the incoming information rate. Packet priorities determine the processing and trans-
mission order, ensuring high-priority data receives the necessary bandwidth. The incoming
information rate represents the rate at which data packets arrive at the satellite, essential
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for effective traffic management and congestion control.

With the global demand for high-quality communication, enhancing the QoS and expanding
satellite accessibility to a broader user base is crucial. A large range of research has explored
satellite communication, with substantial literature dedicated to enhancing the performance
of both traditional satellites and the more advanced HTS, as well as the networks they cre-
ate [32–35]. Load balancing strategies, indispensable for evenly distributing incoming data
and maintaining peak performance, have gained attention in works like [36]. These strategies
are crucial for ensuring that no single modem bank or processing unit is overwhelmed, leading
to potential data losses or delays. Efficient load balancing allows for optimal resource utiliza-
tion, minimizes response time, and prevents system overload. Its relevance to HTS networks,
where uneven traffic could lead to significant bottlenecks and degrade QoS, is highlighted in
studies such as [37].

However, an important gap emerges when addressing internal routing and load balancing
specifically tailored to EHTS. EHTS, given their capability to handle extremely high data
rates, inherently require specialized internal routing mechanisms to efficiently manage and
distribute the incoming data. The variable and uncertain nature of these incoming flows
introduces an additional layer of complexity to the routing challenges. The complexities
arise particularly when interconnecting modem banks, amplifying the need for strong routing
strategies. While many advancements have been made on the constellation-level (inter-
satellite) front [38,39], the challenges inherent to internal EHTS routing remain comparatively
overlooked.

Despite the critical need for effective internal packet routing, there is a notable lack of
research focusing on routing mechanisms between on-board processors in EHTS. Efficient
packet routing is essential to minimize information loss and ensure QoS [27]. While existing
literature has begun to explore this area, with some works proposing optimization-based
frameworks to tackle the challenge [31], the field remains largely unexplored.

Potential approaches to address this challenge include utilizing multi-commodity flow mod-
els to minimize the maximum residual capacity of inter-modem links [31], or employing
model predictive control (MPC) strategies to optimize internal routing and packet schedul-
ing. However, implementing MPC or any optimization-based approach in EHTS poses sig-
nificant challenges due to limited available computational resources. Satellite systems are
inherently resource-constrained, limited by low power capabilities, which makes addressing
these limitations crucial for the practical deployment of advanced routing solutions.

Improving internal routing in EHTS not only promises more efficient satellite operations but
can also catalyze broader socioeconomic advancements by connecting previously under-served



11

and inaccessible communities in remote regions. This, in turn, can pave the way for greater
economic opportunities, for example, via improved access to information and education.

2.2 Optimization

Optimization is a branch of applied mathematics that seeks to find the best available solution
to minimize an objective function. Constrained optimization extends this goal by incorpo-
rating constraints on system parameters, adding complexity to the problem [40]. A general
form of a constrained optimization problem can be written as:

min
x∈Rn

f(x)

s.t. gi(x) ≤ 0 i = 1, . . . , I (2.1)

hj(x) = 0 j = 1, . . . , J,

where I, J ∈ N denote, respectively, the number of inequality and equality constraints.

In this formulation, f(x) represents the objective function to be minimized, gi(x) are in-
equality constraints that define the feasible region, and hj(x) are equality constraints that
the solution must satisfy.

Convex optimization is a branch of optimization that focuses on problems with a convex
objective function and a convex feasible space induced by the constraints, ensuring any local
minimum is also a global minimum [15]. This property simplifies the search for an optimum
and guarantees global optimality. A typical convex optimization problem is formulated as:

min
x∈Rn

f(x)

s.t. gi(x) ≤ 0 i = 1, . . . , I (2.2)

A⊤x = b.

In this convex optimization formulation, f(x) is a convex objective function, gi(x) are convex
inequality constraints, and A⊤x = b are affine equality constraints, where A ∈ Rn2 and
b ∈ Rm. The convex nature of the objective function and of the feasible region ensures that
any local minimum found is also a global minimum, making the problem more tractable and
the solutions more reliable.

However, real-world problems often come with a degree of uncertainty. Parameters may be
unpredictable or information may be incomplete. To address these challenges, optimization
theory has branched into different subfields: stochastic, robust, online, among others.
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Stochastic optimization takes into account the probabilistic nature of problem parame-
ters [41]. It seeks solutions that are optimal in the expected sense, considering the dis-
tribution of possible outcomes. This method is valuable when dealing with uncertainties in
the system that can be probabilistically modelled.

Robust optimization aims to find solutions that remain feasible under all possible realizations
of uncertainty within a system [42]. It provides guarantees even in the worst-case scenarios,
making it ideal for applications where reliability is primordial.

Online optimization deals with problems that evolve over time, making decisions sequentially
as new data becomes available and iterating quickly instead of solving a problem to optimal-
ity [17, 43]. It is particularly suited to environments where information unfolds in real-time,
requiring immediate responses.

To address the challenge of internal routing within EHTS, online optimization is chosen as
the preferred approach. This decision is driven by the problem’s dynamic nature, where con-
ditions and parameters change in real-time, and the need for immediate, adaptive decision-
making is critical. Online optimization’s ability to iteratively refine solutions as new informa-
tion becomes available offers a strategic advantage, ensuring that decisions are always based
on the most current data. This adaptability, combined with the potential for real-time re-
sponsiveness, aligns with the requirements of managing dynamic systems and responding to
evolving challenges efficiently. An online optimization approach is designed to be off-the-shelf
solver-free, eliminating the need for complex external solvers. This characteristic, coupled
with its low computational requirements, makes it particularly suitable for implementation
on satellite hardware, where processing power is limited.

2.2.1 EHTS and Optimization

Optimization in EHTS systems establishes a direct link between the physical challenges of
satellite communications and the mathematical constructs of objective functions and con-
straints. The physical limitations, such as bandwidth restrictions, link and queue capaci-
ties, and signal variability, are translated into constraints within an optimization framework.
These constraints represent the boundaries within which the EHTS must operate, ensur-
ing that the solutions proposed by optimization algorithms are practically applicable in the
physical system.

The objective function is designed to reflect the main focus of the EHTS, such as minimiz-
ing packet loss or maximizing throughput, which is rooted in the need for reliable, efficient,
and QoS-ensuring data transmission. By formulating these physical and operational goals
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as mathematical objectives, optimization techniques can find a balance between the physical
realities of LEO satellites with the desired network performance outcomes, driving the EHTS
toward operational excellence that adheres to the demands of high-quality global communi-
cation services.

2.2.2 Online Convex Optimization

Online Convex Optimization (OCO) is a subset of online optimization that deals specifically
with convex objective and constraint functions. It provides a framework for decision-making
in dynamic environments where the objective function may change over time [43]. In OCO,
at each time step t, the algorithm chooses a point xt ∈ Rn from a convex set X ∈ Rn, then
observes a convex loss function ft : Rn 7→ R and incurs a loss ft(xt). In this thesis, we work
with the specific case of a time-invariant objective function f . The goal is to minimize regret.

In problems where the optimal decision changes over time, the dynamic regret can be used:

Rd(T ) =
T∑

t=1
(f(xt) − f(x∗

t )) , (2.3)

where x∗
t is the optimal decision at time t and T is the total number of time steps.

For the internal routing within EHTS, where a certain tolerance to optimality is deemed
reasonable, we use the epsilon-dynamic regret, defined as:

Rε(T ) =
T∑

t=1
[f(xt) − f(x∗

t ) − ε]+ , (2.4)

where ε > 0 is the desired tolerance, and where [.]+ is the positive part of the argument, i.e.
[a]+ ≜ max(0, a).

OCO has found applications in various fields, including machine learning [17], finance [44],
network routing [45], and power systems [46]. Its ability to adapt to changing environments
makes it particularly suitable for satellite communication systems, where network conditions
and data flows can vary rapidly [17].

2.2.3 Newton Methods in Optimization

Newton methods are a class of iterative optimization algorithms that use second-order deriva-
tives to find the minimum of a function. These methods are known for their rapid convergence
rates, especially near the optimum [40].
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In the context of convex optimization, Newton methods can be particularly effective due to
their ability to take advantage of the curvature information provided by the Hessian matrix.
This allows them to make more informed steps towards the optimum compared to first-order
methods [15]. First-order methods, such as gradient descent, use only the first derivative
(gradient) information and are generally simpler and less computationally intensive but may
converge more slowly. In contrast, second-order methods like Newton’s method use both
the first and second derivatives (Hessian), allowing for faster convergence but at the cost of
increased computational complexity.

Interior point methods, a subset of Newton methods, are particularly useful for solving large-
scale linear and nonlinear convex optimization problems by iteratively moving within the
interior of the feasible region [47]. This approach can handle complex constraints efficiently,
making it a powerful tool in optimization.

A specific technique within Newton methods is the infeasible Newton step, which allows
for steps that do not necessarily satisfy all constraints at each iteration but are directed
towards feasibility and optimality [15]. This approach can be particularly useful in complex
optimization problems where strict adherence to constraints at every step is impractical.

2.2.3.1 Newton Methods in Online Convex Optimization

Recent research has explored the integration of Newton methods into the online convex opti-
mization framework [46,48,49]. These online Newton methods aim to combine the adaptive
nature of OCO with the rapid convergence of Newton’s method [50].

For satellite communication systems, this combination could potentially offer significant ad-
vantages. The ability to quickly adapt to changing network conditions (provided by OCO)
coupled with fast convergence to optimal solutions (provided by Newton methods) could lead
to more efficient and responsive routing strategies in EHTS.

However, implementing Newton methods in resource-constrained environments like satellites
presents challenges, primarily due to the computational complexity of calculating and in-
verting the Hessian matrix. Recent work has focused on developing approximations and
modifications to make these methods more computationally tractable in online settings [51].

2.3 Model Predictive Control

MPC has evolved significantly since its inception in the 1970s [52]. At its core, MPC is
an advanced optimization-based control strategy that solves a finite-horizon optimal control
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problem at each time step. The general formulation of an MPC problem can be expressed
as:

min
xt:t+W

t+W −1∑
k=t

f(xk, uk)

s.t. gi(xk, uk) ≤ 0 i = 1, . . . , m, k = t, . . . , t + W − 1 (2.5)

hj(xk, uk) = 0 j = 1, . . . , p, k = t, . . . , t + W − 1

xk+1 = d(xk, uk) k = t, . . . , t + W − 1,

where xk and uk represent, respectively, the state and control of the system, and d(xk, uk),
the system dynamics. In this formulation, we optimize over a finite time window W , starting
from the current time t. The objective function is a sum over this window, and the constraints
are applied for each time step within the window. The system dynamics constraint represents
the evolution of the state over time.

Initially developed for process control in petrochemical industries, MPC has since found
applications in diverse fields. In chemical process control, it has been used to maintain
optimal operating conditions in complex refinery operations [53]. The automotive industry
has adopted MPC for advanced driver assistance systems and autonomous vehicle control,
particularly in trajectory planning and collision avoidance [54]. In energy management, MPC
has been crucial in optimizing power grid operations, balancing supply and demand while
minimizing operational costs [55].

Transitioning to aerospace applications, MPC has shown promise in various aspects of space-
craft control. For attitude control and station-keeping of satellites, MPC has demonstrated
improved performance over traditional control methods [56]. In a recent study, researchers
proposed an MPC policy for simultaneous station keeping, attitude control, and momentum
management of low-thrust satellites, showcasing the versatility of MPC in handling multiple
objectives [57].

2.3.1 Challenges in Applying MPC to Satellite Communications

While MPC offers significant potential for satellite communications, several challenges need
to be addressed:

• Computational Complexity: Satellite systems have limited on-board computational re-
sources, making the implementation of complex MPC algorithms challenging [58]. Re-
search is needed to develop computationally efficient MPC formulations suitable for
satellite hardware.
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• Model Accuracy: The effectiveness of MPC heavily relies on the accuracy of the system
model. While it can tolerate some model inaccuracies for the future, having a model
that closely represents reality allows us to build a more realistic and effective algorithm.
An accurate model will enhance the predictive capability of MPC and lead to better
control performance. As underlined in [59], “for MPC to be successful, developing
an accurate model [...] is critical.” Moreover, if a model is too far from reality, we
will suffer from feasibility problems. In satellite communications, developing accurate
models that capture the dynamic nature of network traffic and satellite movement is a
significant challenge [23].

• Real-time Implementation: The fast-changing nature of satellite communications re-
quires real-time optimization. Developing MPC strategies that can operate in real-time
within the constraints of satellite systems is an active area of research [21].

The application of MPC to internal routing in EHTS remains a largely unexplored area.
This Master’s thesis notably focuses on developing an MPC formulation specifically tailored
to the unique challenges of EHTS internal routing. Our approach aims to address the trade-
off between MPC performance and computational efficiency in resource-constrained satellite
environments. By tackling the computational complexity, enhancing model accuracy, and
ensuring real-time implementation, this research seeks to provide an effective solution for
optimizing internal routing in EHTS systems.

2.4 Markov-Modulated Poisson Processes

Markov-modulated Poisson processes (MMPPs) are a powerful tool for modelling traffic
patterns in various communication networks, including satellite networks. An MMPP is
characterized by a Poisson process whose rate parameter λ(t) is governed by an underlying
continuous-time Markov chain. The state of the Markov chain at any time t determines the
rate λ(t), allowing the model to switch between different traffic intensities based on state
probabilities.

MMPPs are particularly well-suited for capturing the bursty and irregular nature of traffic,
which is a common characteristic in satellite communications. The ability of MMPPs to
model both predictable periodic patterns and unpredictable bursts makes them ideal for
applications where traffic patterns exhibit significant variability.

In the context of satellite networks, MMPPs have been used effectively for Internet Protocol
traffic prediction. For instance, in [60], MMPPs were utilized to predict traffic in satellite
networks, demonstrating their efficiency in capturing the bursty nature of satellite traffic.
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Similarly, [61] highlighted the adaptability of MMPPs for processes with irregular bursts of
activity combined with predictable patterns, aligning well with the characteristics of satellite
traffic.

Given the similar traffic patterns observed in terrestrial and other satellite networks, the
application of MMPPs to EHTS has potential. The inherent ability of MMPPs to capture
both predictable periodic patterns and unpredictable bursts in traffic makes them suitable
for modelling LEO EHTS traffic. By leveraging MMPPs, more accurate traffic predictions
can be achieved, enhancing the reliability of models and bringing them closer to real-world
implementation.

We provided a literature review on satellite on-board routing, mathematical optimization,
MPC, and MMPPs to justify the challenge we tackle and our approach. Building on the
insights gained from this review, we now turn our attention to the development of the MPC
and OCO-MPC frameworks, which are designed to address the specific challenges identified
in optimizing satellite communication systems.
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CHAPTER 3 DETAILS OF THE SOLUTION

This chapter first presents the development of our optimization and MPC framework for
internal routing within EHTS, before introducing the more implementable OCO-MPC ap-
proach.

3.1 Optimization and Model Predictive Control Approaches

This section presents our optimization-based MPC framework developed for EHTS internal
routing. It is based on our published work [62].

3.1.1 EHTS Packet Management Model

In EHTS, there are multiple processing units referred to as modem banks. We consider a
satellite equipped with M ∈ N modem banks, with each bank managing P ∈ N distinct
priorities.

Queues play a crucial role in managing the flow of data packets. Each queue, associated with
a specific priority within a modem bank, temporarily holds incoming data packets until they
can be processed and routed. Complementing the role of the queues are the scheduler weights,
0 ≤ wm

p (t) ≤ 1. These weights are normalized such that they sum to 1 for a given module.
They determine the fraction of packets of priority p ∈ {1, 2, ..., P} that are selected from
each queue from module m ∈ {1, 2, ..., M} to be processed and subsequently transmitted.
Traditionally, routing techniques relied on fixed weights, which often do not accommodate
varying traffic demands and patterns effectively. By dynamically adjusting these weights,
the satellite can adapt to the incoming flows and the current state of the queues.

We formulate the problem as a multi-commodity flow instance [63], where the data flows
represent the commodities. In this context, the uplink beam serves as the source, and the
sinks encompass both the downlink beam and lost packets. Figure 3.1 presents the simplified
case where M = P = 2. In Figure 3.1, the uplink beam is depicted as two distinct beams for
clarity of representation. However, it is essential to understand that these are virtual nodes.
There is in reality a single uplink beam that contains all the different priorities. Additionally,
Figure 3.2 represents an expanded view of the queuing processes within a given module m

for a specific priority p. We consider the EHTS internal problem over a time horizon T ∈ N.
We discretize the horizon in time steps and index them by t ∈ {1, 2, ..., T}.

The routing scheme of EHTS is characterized by several constraints, as detailed below.
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At each time step t, the net inflow f in,m
p (t) ∈ R+ and outflow f out,m

p (t) ∈ R+ of commodity
p ∈ {1, 2, ..., P} at module m ∈ {1, 2, ..., M} are equilibrated by considering the queue’s
inflow Qin,m

p (t) ∈ R+ and outflow Qout,m
p (t) ∈ R+ balance, ∆Qm

p (t) ∈ R, and the packet loss
Lm

p (t) ∈ R+:
f in,m

p (t) − f out,m
p (t) − ∆Qm

p (t) − Lm
p (t) = 0. (3.1)

For every module m, the scheduler weight at a time step t represents the percentage of
processed packets from queue of priority p:

0 ≤ wm
p (t) ≤ 1. (3.2)
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The scheduler weights wm
p (t) across all priorities p ∈ {1, 2, ..., P} are normalized to 1:

P∑
p=1

wm
p (t) = 1. (3.3)

To avoid high disruptions in the system, we introduce a ramping constraint. For a given
module and priority, the weight of a scheduler at a time step t is constrained by the maximum
deviation from the previous time step:

∣∣∣wm
p (t) − wm

p (t − 1)
∣∣∣ ≤ ∆w, (3.4)

where ∆w ≥ 0 is the maximum allowed change in weight between consecutive time steps.

At each time step t, the outflow f out,m
p (t) from module m represents the fraction of packets

processed by that module. It is constrained by the unitless scheduler weights normalized over
their respective operation periods, ∆s > 0:

f out,m
p (t) ≤

wm
p (t)
∆s

, (3.5)

where ∆s is a EHTS parameter acting as the scheduler clock, serving to translate the fraction
of packets set by wm

p (t) ≤ 1 to a number of processed packets for a given time step t.

Let Fp(t) ∈ R+ be the stochastic process modelling the incoming flow of a given priority p.
The cumulative incoming flow for a specific priority p on all modules m ∈ {1, 2, ..., M}
matches the observed demand Fp(t):

M∑
m=1

f in,m
p (t) = Fp(t). (3.6)

Let Qm
p (t) be the occupancy of a specific queue at time t. The occupancy at the next time

step, Qm
p (t + 1), is determined by its current occupancy Qm

p (t), to which the net incoming
(outgoing) packet balance ∆Qm

p (t) is added:

Qm
p (t + 1) = Qm

p (t) + ∆Qm
p (t). (3.7)

To ensure continuity across successive optimization horizons, each queue starts and concludes
with a specific, predefined occupancy Q0 ∈ R+:

Qm
p (0) = Qm

p (T − 1) = Q0. (3.8)
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Every queue has a total capacity bounded by Q
m ∈ R+, induced by the hardware limitations

of the modem banks in satellite communication subsystems:

P∑
p=1

Qm
p (t) ≤ Q

m
. (3.9)

All module output links have a maximum capacity C
m ∈ R+, representing the transmission

bandwidth constraints of the satellite communication channels:

P∑
p=1

f out,m
p (t) ≤ C

m
. (3.10)

Let kp > 0 be the cost incurred when losing a packet of priority p ∈ {1, 2, ..., P}. In the
batch optimization problem, informed by Fp(t) in hindsight, we seek to minimize the total
packet loss cost over all priorities and time steps:

min
wm

p (t),f in,m
p (t)

T∑
t=1

P∑
p=1

M∑
m=1

Lm
p (t)kp (3.11)

subject to (3.1) − (3.10).

In (3.11), ∑M
m=1 Lm

p (t) denotes the total number of lost packets for priority p across all
modules at time t. The incurred cost when a packet of priority p is lost is kp, with higher
priorities corresponding to greater costs. The total cost, which we seek to minimize, is the
aggregated sum of these costs over all time steps and priorities.

3.1.2 Proposed Approaches

In this section, we present the base proposed approaches, starting with batch optimization,
proceeding to MPC, and concluding with alternative methods. The practical, implementable
OCO-MPC solution is detailed in Section 3.2.

3.1.2.1 Batch Optimization

In addressing the task of optimizing flow allocation in EHTS, our initial approach is batch
optimization with hindsight information on the incoming flow. This method processes data
from the entire time horizon to derive an optimal solution [64]. This means that the incoming
flows are predetermined for the whole horizon and processed as a single batch, i.e., there is
no underlying uncertainty.
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This approach offers several advantages. Access to the complete data set for the full time
horizon allows for the generation of the optimal solution by accounting for future information.
This broader perspective enables the system to anticipate and adjust for potential bottlenecks
or surges in demand. It ensures that the derived solution optimizes flow allocation throughout
the entire time horizon.

However, the comprehensive nature of this method, while it is a strength, can also be viewed
as a limitation. Requiring complete information means that the system might fail in dynamic
environments with sudden demand shifts. In these circumstances, batch optimization lacks
the flexibility to respond to these changes. The method can be computationally demanding,
especially when faced with longer horizons or larger data sets. This may result in longer
processing times, which is unsuitable for real-time applications, especially given the restricted
on-board computing capacity of satellites. As a result, we will consider batch optimization
with hindsight as the gold standard against which we benchmark our results.

Within EHTS, the batch optimization framework can certainly be of use for stable, pre-
dictable scenarios. However, considering the dynamic environment of satellite communica-
tion, a more adaptive strategy is essential. This dynamism is primarily driven by two factors:
the rapid movement of LEO satellites and the uncertain, time-varying nature of user demand.
The inherent time-varying nature of the system, where routing decisions depend on the cur-
rent queue occupancy, adds another layer of complexity. These factors together create a
highly dynamic environment that requires real-time adaptability. This leads to our proposed
MPC approach.

3.1.2.2 Model Predictive Control

MPC is an advanced control technique that uses a model of the system to predict its future
behaviour over a given time horizon [65]. These predictions guide the system in computing
controls that optimize specific performance criteria, such as reducing packet loss cost in our
case, while taking into account constraints on the system’s inputs, states, and outputs.

In the field of EHTS, the dynamic nature of satellite communication and packet arrival
poses challenges that traditional optimization approaches may struggle to address. The
ever-changing environment, caused by the varying, uncertain demands and movement of the
satellites, requires a method that can adapt swiftly. This is where MPC proves valuable.

The core idea behind applying MPC to EHTS is its inherent adaptability. Unlike batch
optimization, which needs the full incoming flow information for the entire time horizon prior
to computations, MPC adjusts to new information as it becomes available. By doing so, it
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continually refines its routing and scheduling decisions, ensuring close to optimal response
to evolving scenarios. Instead of working with the realized stochastic process, we work with
the expected flow only. In practice, this value can be empirically estimated from historical
data. The expression of the flow then becomes:

F̂p(t) = E[Fp(t)], (3.12)

where E[·] represents the expectation operator. Constraint (3.6) is then substituted by:

M∑
m=1

f in,m
p (t) = F̂p(t). (3.13)

The formulation of our MPC approach mirrors the constraints and objectives mentioned in
Subsection 3.1.2.1. However, its execution differs. For every time step, the MPC method
evaluates the optimization problem over a moving time window 1 ≤ W < T . Once the
solution is determined, the initial control action from the time window corresponding to the
current round is implemented in the satellite. Following this decision, the resulting states of
the satellite, such as the outflows and queue occupancies, are observed. With this refreshed
state information and new flow data, the time window advances while maintaining its fixed
duration. The optimization problem is then revisited and solved for the subsequent time
step. As each time step progresses, the system continues this iterative process, leveraging
both the current state of the system and, when available, revised flow forecasts. The main
difference lies in the optimization function and the online implementation. Problem (3.11)
becomes, at time t ∈ {1, 2, ..., T}:

min
wm

p (τ),f in,m
p (τ),

τ∈{t,t+1,...,t+W }

t+W∑
τ=t

P∑
p=1

M∑
m=1

Lm
p (τ)kp.

subject to (3.1) − (3.5), (3.7) − (3.10), (3.13)

(3.14)

where wm
p (t) and f in,m

p (t) are then implemented.

Our simulation results, detailed in the subsequent sections, illustrate MPC’s ability to tackle
uncertain incoming flow in this setting. The comparison with the batch optimization bench-
mark reveals that while batch optimization might produce theoretically optimal solutions for
static scenarios, MPC excels in dynamic, uncertain conditions typical of satellite communi-
cations. Not only does MPC achieve near-optimal results, but it also maintains consistent
performance under these ever-changing conditions. The MPC process for online routing and
scheduling in an EHTS is summarized in Algorithm 1.
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Algorithm 1 MPC online routing and scheduling process
1: Parameter: W .
2: for t in 0, 1, . . . , T − 1 do
3: Initialize: Given F̂p(t)
4: Observe the states Qm

p (t), ∆Qm
p (t), Lm

p (t) and f out,m
p (t).

5: Solve (3.14) considering F̂p(t).
6: Implement wm

p (t) and f in,m
p (t).

The process and interactions defining our MPC framework for EHTS internal routing are
illustrated in Figure 3.3.

Expected flow F̂ (t) Optimization over window W Constraints

System Parameters

f in,m
p (t), wm

p (t) Satellite System

Realized flow F (t)

Feedback

Figure 3.3 MPC framework for EHTS internal routing

3.1.2.3 Alternative Benchmarking Methods

Apart from batch optimization, the first alternative method is termed static batch optimiza-
tion with hindsight. This method removes a degree of freedom by calculating the optimal
weights at the initial time step and maintaining them consistently over time. It still uses
hindsight information, making it impractical. It is used as a second benchmark for our
approach. It can be represented by adding the following constraint to (3.11):

wm
p (t) = wm

p (1) ∀ t ∈ {2, 3, ..., T}. (3.15)
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Another method used for comparison is the windowless MPC approach. In this method, we
employ an MPC with a window of size W = 1. The objective behind this is to ascertain if
the added design variable of window length in our original MPC approach is beneficial.

The last comparison method is the cost-proportional method, where the following constraint
is added to (3.11):

wm
p (t) = kp∑P

p=1 kp

∀ t, p. (3.16)

It is a rule-based controller that sets the scheduler weights proportional to the associated
cost kp. While being very computationally lightweight, it is a greedy approach that is not in
the least adaptive to incoming flow.

3.2 Online Convex Optimization Framework

Building on Section 3.1, this section presents our OCO-MPC framework. It is based on work
soon to be submitted to IEEE Wireless Communication Letters. The main motivation behind
this framework is to alleviate the heavy computational burden associated with traditional
MPC, which makes it almost impossible to implement on real-world satellite hardware.

3.2.1 Problem Statement

We recall the optimization problem previously introduced in Section 3.1 concisely. For clarity
and ease of reference in the present subsection, we have regrouped the equality constraints
together, followed by the inequality constraints, using the same parameters as introduced in
Section 3.1.
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min
wm

p (τ),f in,m
p (τ),

τ∈{t,t+1,...,t+W }

t+W∑
τ=t

P∑
p=1

M∑
m=1

Lm
p (τ)kp (3.17a)

s.t. f in,m
p (t) − f out,m

p (t) − ∆Qm
p (t) − Lm

p (t) = 0, (3.17b)
P∑

p=1
wm

p (t) = 1, (3.17c)

M∑
m=1

f in,m
p (t) = F̂p(t), (3.17d)

Qm
p (t + 1) = Qm

p (t) + ∆Qm
p (t), (3.17e)

Qm
p (0) = Qm

p (T − 1) = Q0, (3.17f)

0 ≤ wm
p (t) ≤ 1, (3.17g)∣∣∣wm

p (t) − wm
p (t − 1)

∣∣∣ ≤ ∆w, (3.17h)

f out,m
p (t) ≤

wm
p (t)
∆s

, (3.17i)
P∑

p=1
Qm

p (t) ≤ Q
m

, (3.17j)

P∑
p=1

f out,m
p (t) ≤ C

m
, (3.17k)

where (3.17a) is a convex packet loss cost minimization objective function, (3.17b) is the
packet balance equation, (3.17c) ensures the scheduler weights are normalized, (3.17d) matches
the routed incoming flow to the observed demand per priority, (3.17e) updates the queue oc-
cupancy across time, (3.17f) sets the initial and final queue occupancy, (3.17g) bounds the
scheduler weights, (3.17h) imposes ramp constraints on the scheduler weights, (3.17i) denor-
malizes the scheduler weights to associate an actual number of packets processed based on
the design parameter ∆s, (3.17j) limits the total queue occupancy, and (3.17k) restricts the
outflow by the transmission bandwidth.

Problem (3.17) entails solving a multi-period optimization problem to optimality with P ×
M × W constraints at each decision round. This amounts to an important computational
load relative to the on-board available resources.
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3.2.2 Incoming Flow

In this updated model, we represent the incoming flow Fp(t) as a MMPP. This approach allows
for a more realistic representation of the temporal fluctuations in satellite Internet traffic.
The MMPP is characterized by a discrete-time Markov chain with state space S = {1, 2, 3},
representing three different traffic states. The transition probability matrix Pλ is defined as:

Pλ =


p11 p12 p13

p21 p22 p23

p31 p32 p33

 .

Each state i ∈ S is associated with a Poisson process characterized by a rate parameter λi

packets per time increment.

We make the assumption that given EHTS always know their position relative to Earth and
can therefore estimate which traffic intensity λi it will experience at any given time. This
means that at each time step t, the expected incoming flow F̂p(t) in (3.17d) will be one of
the three λi values, i.e. F̂p(t) ∈ {λ1, λ2, λ3}.

3.2.3 Online Convex Optimization

To alleviate the computational burden of MPC, we use OCO [43]. OCO is a framework for
providing a sequence of decisions in a dynamic environment where the problem changes over
time, and is fully observed only after one commits to a decision [17].

In the context of satellite systems, OCO is particularly advantageous because it enables real-
time adjustments to routing and scheduling decisions based on current network conditions, in
addition to reducing computational overhead. Our approach does not require solving (3.17)
to optimality at each time step; instead, we adopt a strategy where only a single infeasible
start Newton step is taken, balancing computational efficiency with the quality of the decision
as established by the OCO algorithm performance guarantees.

We utilize the epsilon-online interior-point method for time-varying equality-constrained
(εOIPM-TEC) optimization [46] for efficient on-board satellite routing. OIPM-TEC guarantees
time-averaged optimal decisions on inequality-constrained convex problems with time-varying
equality constraints, making it well-suited for our problem. εOIPM-TEC is a more streamlined
version of OIPM-TEC, providing an even lighter framework while still offering performance
guarantees within an ε-tolerance of the round optima.

As presented in [46], the optimization problem is formulated in a matrix form. To align more
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closely with constraints (3.17b) − (3.17k), we express (3.17) as (3.18), where xt ∈ Rn×P ×M×W

contains the n = 6 vectorized variables f in,m
p (t), wm

p (t), Lm
p (t), f out,m

p (t), Qm
p (t), and ∆Qm

p (t)
for each pair (p, m) and each time step in {t, t + 1, ..., t + W}:

min
xt

c⊤xt

s.t. Axt − bt = 0 (3.18)

Cxt − d ≤ 0.

We remark that xt includes intermediary variables used to ensure all system constraints are
respected, i.e., Lm

p (t), f out,m
p (t), Qm

p (t), and ∆Qm
p (t). The parameters A and bt, respec-

tively, represent the multipliers and coefficients of equality constraints (3.17b) − (3.17f),
while C and d, respectively, represent the multipliers and coefficients of the inequality con-
straints (3.17g) − (3.17k). This formulation is directly applicable to our EHTS on-board
routing problem, where the time-varying constraints, particularly (3.17d) and (3.17e), are
expressed as equality constraints. It is important to note that we only know the expected tra-
jectory of bt on the MPC window W , while the actual value of bt is only known a posteriori,
i.e., at t + 1.

3.2.3.1 Matrix Formulation of the MPC problem

A few modifications need to be made to Problem (3.17) to be written in the form of (3.18).

First, the term wm
p (t − 1) from (3.17h) in Cxt − d cannot be included in C nor d because

neither admit time-varying components. Therefore, we make some adjustments to meet
OIPM-TEC assumptions. We do this in two steps: (i) we embed all information pertaining to
time step (t − 1) in xt, and (ii), we add the following equality constraint:

wm
p (t − 1) = ŵm

p (t − 1), (3.19)

to Axt −bt = 0, where ŵm
p (t−1) is the realized weight for the previous time step. At time t,

it can thus be considered as a parameter.

Second, we rewrite (3.17h) as two separate constraints to remove the absolute value, as
follows:

wm
p (t) − wm

p (t − 1) − ∆w ≤ 0, (3.20)

−wm
p (t) + wm

p (t − 1) − ∆w ≤ 0. (3.21)
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Third, to ensure consistency between the satellite system and the optimization problem, i.e.,
to incorporate feedback from observations, we add the constraint:

Qm
p (t) = Qm

p,sys(t), (3.22)

where Qm
p,sys(t) is the state of a given queue at the beginning of the time step t, after imple-

menting our previous decision in the satellite system. This state will be of value Q0 if t = 0
or t = T − 1.

We therefore have the following optimization problem, where the equality and inequality
constraints are presented and regrouped in the form of (3.18):

min
wm

p (τ),f in,m
p (τ),

τ∈{t,t+1,...,t+W }

t+W∑
τ=t

P∑
p=1

M∑
m=1

Lm
p (τ)kp (3.23a)

s.t. f in,m
p (t) − Lm

p (t) − f out,m
p (t) − ∆Qm

p (t) = 0, (3.23b)
P∑

p=1
wm

p (t) − 1 = 0, (3.23c)

M∑
m=1

f in,m
p (t) − F̂p(t) = 0, (3.23d)

− Qm
p (t) + Qm

p (t + 1) − ∆Qm
p (t) = 0, (3.23e)

wm
p (t − 1) − ŵm

p (t − 1) = 0, (3.23f)

Qm
p (t) − Qm

p,sys(t) = 0, (3.23g)

− wm
p (t) ≤ 0, (3.23h)

wm
p (t) − 1 ≤ 0, (3.23i)

wm
p (t) − wm

p (t − 1) − ∆w ≤ 0, (3.23j)

− wm
p (t) + wm

p (t − 1) − ∆w ≤ 0, (3.23k)

−
wm

p (t)
∆s

+ f out,m
p (t) ≤ 0, (3.23l)

P∑
p=1

Qm
p (t) − Q

m ≤ 0, (3.23m)

P∑
p=1

f out,m
p (t) − C

m ≤ 0, (3.23n)



30

To create the decision vector xt ∈ Rn×P ×M×(W +1) , we introduce a few definitions.

We note that it contains all n = 6 optimization variable types used to model the internal
dynamics of EHTS: f in,m

p (t), wm
p (t), Lm

p (t), f out,m
p (t), Qm

p (t), and ∆Qm
p (t).

Each variable type is grouped in a matrix for a given type step t, e.g.:

F in,m
p (t) =


f in,1

1 (t) f in,1
2 (t) · · · f in,1

P (t)
f in,2

1 (t) f in,2
2 (t) · · · f in,2

P (t)
... ... . . . ...

f in,M
1 (t) f in,M

2 (t) · · · f in,M
P (t)


M × P

. (3.24)

We define the operator vec : Rm×n 7→ Rmn as follows:

vec
(
F in,m

p (t)
)

=



f in,1
1 (t)

f in,2
1 (t)

f in,M
1 (t)

f in,1
2 (t)

f in,2
2 (t)

...
f in,M

2 (t)
...

f in,M
P (t)


MP × 1

. (3.25)

We define the decision vector xt for a given time window ranging from time steps t − 1 to
t + W − 1 as :
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xt =



vec(F in,m
p (t − 1))

vec(W m
p (t − 1))

vec(Lm
p (t − 1))

vec(F out,m
p (t − 1))

vec(Qm
p (t − 1))

vec(∆Qm
p (t − 1))

vec(F in,m
p (t))

vec(W m
p (t))

vec(Lm
p (t))

vec(F out,m
p (t))

vec(Qm
p (t))

vec(∆Qm
p (t))

vec(F in,m
p (t + 1))

vec(W m
p (t + 1))

vec(Lm
p (t + 1))

...
vec(F out,m

p (t + W − 1))
vec(Qm

p (t + W − 1))
vec(∆Qm

p (t + W − 1))



. (3.26)

Equality constraints (3.23b) − (3.23g) are then embedded in A and bt. Let the number
of columns of A be the number of decision variables nPM(W + 1). Let the rows of A be
the number of individual constraints. Constraints (3.23b), (3.23e), and (3.23e) lead to a
new row for each combination of m and p, whereas (3.23c) leads to M rows, and (3.23d),
to P rows. This holds for each time step in {t − 1, . . . , t + W − 1}. The column vector
bt, which has the same number of rows as A, contains the parameters associated to the
time-varying equality constraints (3.23d), (3.23f) , and (3.23g), as well as those for the time-
invariant equality constraints (3.23b), (3.23c), and (3.23e). Similarly, C and d together
model the inequality constraints (3.23h) − (3.23n). Like A, C has nPM(W + 1) columns.
Constraints (3.23h) − (3.23l), (3.23n) lead to PM rows per time step, and (3.23m) leads
to M rows per time step. Meanwhile, the column vector d, which has the same num-
ber of rows as C, contains the parameters associated to the time-invariant inequality con-
straints (3.23h)−(3.23n). Finally, to ensure a closed, compact feasible space, we numerically
introduce box constraints for each decision variable.

Matrices A and C and vectors bt, d, and c⊤ are presented in detail in Appendix A.



32

3.2.3.2 OIPM-TEC

OIPM-TEC solves a problem of the form (3.18) by taking an infeasible start Newton step to-
wards optimality and directly observing the impact of that decision [46]. OIPM-TEC ensures
feasibility by maintaining strict feasibility for time-invariant inequality constraints and sub-
linearly bounding the violation of time-varying equality constraints under some assumptions.
Integrating this approach into our MPC framework, instead of systematically solving to op-
timality, allows faster adaptation to the changing conditions reflected in bt by reducing the
computational overhead.

In this Master’s thesis, we use a more streamlined version of OIPM-TEC, namely εOIPM-TEC.
This provides an even lighter framework while still offering performance guarantees within
an ε-tolerance of the optima.

3.2.4 OCO-MPC

In this subsection, we present our methodology in detail. We focus on the algorithmic
integration of OCO with MPC for satellite on-board routing.

Let ϕ : Rn×P ×M×W 7→ R be the log-barrier functional as introduced in [15], defined as
ϕ(x) = − ∑

i log(−fi(x)) where gi(x) ≤ 0 are the inequality constraints, and let η > 0 be the
barrier parameter. As presented in [15], interior-point methods solve a problem in the form
of (3.27) instead of directly solving one similar to (3.18):

min
xt

dη(xt), (3.27)

where dη(xt) = ηc⊤xt + ϕ(xt) is the log-barrier functional-augmented objective function [46].

From [62], [46], [15, equations 10.21 and 10.22], we define the OCO-MPC in Algorithm 2,
where we combine εOIPM-TEC and our MPC framework. The feedback control is performed
in steps 5 − 6 of Algorithm 2, while the infeasible Newton step is performed in steps 8−9 to
update xt+1.

While εOIPM-TEC is effective in many scenarios, it is only guaranteed to respect equality
constraints under conditions more stringent than can be assumed for this application. To
mitigate this potential issue, we introduce a feedback correction mechanism that proportion-
ally adjusts the flow allocation f in,m

p (t) for all pairs (p, m) when the inflow is observed.
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Algorithm 2 OCO-MPC for online on-board routing
1: Parameters: W , A.
2: Initialization: Given x0 and η.
3: for t in {0, 1, . . . , T − 1} do
4: Observe F̂p(t).
5: Implement the decision wm

p (t) and f in,m
p (t) from xt.

6: if xt is not such that ∑M
m=1 f in,m

p (t) = Fp(t)
∀ p ∈ {1, 2, . . . , P} then

7: Apply the feedback correction.
8: Observe the outcome c⊤xt, the new constraint bt, and

the new states Qm
p (t), ∆Qm

p (t), Lm
p (t), and f out,m

p (t).
9: Update decision:

10:

xt+1

−

 =
xt

−

 −

∇2ϕ(xt) A⊤

A 0

−1 ∇dη(xt)
Axt − bt



The sequence {xt}T
t=1 provided by Algorithm 2 has provable bounds on dynamic regret and

constraint violations under certain conditions. Interested readers are referred to [46] for
further details.

It is worth noting that the dash in the update of Algorithm 2’s line 10 represents the unused
dual variable, which we omit for clarity. Our approach, requiring only one interior-point
method step per iteration, is inherently more computationally efficient than solving to full
optimality with Mosek [66]. While Mosek also uses interior-point methods, it typically re-
quires multiple steps to reach optimality, whereas our method achieves a good approximation
with a single step.

Having developed and discussed the MPC and OCO-MPC frameworks for internal routing
within EHTS, we now move on to assess their practical performance in numerical settings.
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CHAPTER 4 EXPERIMENTAL RESULTS

This chapter begins by detailing the benchmarking process for the MPC approach, followed
by an evaluation of the OCO-MPC framework, highlighting their respective performances
and effectiveness in optimizing internal routing within EHTS.

4.1 MPC Framework

This section presents our experimental setup, describes the numerical comparison methods,
and provides the results along with their analysis for the developed MPC framework.

4.1.1 Simulation Setup

The simulations were constructed to emulate a realistic environment for EHTS. The exper-
imental framework is defined over a time horizon of T = 100 time steps, and the MPC
approach uses a window W = 10. The empirical justification for this choice of window size
is provided in Subsection 4.1.3. The satellites are modelled with M = 16 modem banks [31],
which can each accommodate P = 3 distinct priorities of data packets, e.g., high priority
(p = 1), like voice over Internet Protocol, medium priority (p = 2), like instant messaging,
and low priority (p = 3), like emails. The packet loss costs, corresponding to the significance
of these priorities, are set to 10, 4, and 1, respectively. Importantly, smaller numbers were
used for readability. The entire experimental setup is designed to be scalable, allowing for
the representation of flow values across various orders of magnitude, such as 109 packets in
the context of EHTS.

The system is constrained such that each queue can hold a maximum of Q = 10 packets,
with both the initial and final states of the queues being empty (Q0 = 0) to promote the
continuity of the routing strategy. Lastly, the scheduler weights cannot deviate by more than
∆w = 10% between consecutive time steps.

We assume that Fp(t) is distributed according to a Poisson process with an average arrival
rate of λp packets per time step [67]. In this study, the timeline is divided into segments
representing progressively higher traffic, characterized by average arrival rates λp starting
at 10 packets per time step and increasing linearly up to 100. To establish an inversely
proportional relationship relative to packet priorities, we normalized λp by the packet loss
cost kp.
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Table 4.1 Experimental setup parameters, MPC framework

Parameter Value Description
T 100 time steps Time horizon of the simulation
W 10 time steps MPC window size
M 16 Number of modem banks
P 3 Number of distinct priorities
kp 10, 4, 1 Packet loss costs for high, medium, and low

priority packets
Q 10 packets Maximum queue size
Q0 0 Initial and final queue occupancy
∆w 10% Maximum deviation of scheduler weights be-

tween consecutive time steps
λp 10 − 100 packets per time step Average arrival rate, increasing linearly

Table 4.1 summarizes the key parameters and their values used in the experimental setup,
providing an overview of the simulation environment and its constraints.

4.1.2 Comparison Methods

The proposed MPC approach is rigorously tested against other methods to demonstrate
its potential benefits and capabilities. The first benchmark is the batch optimization with
hindsight method. This is the “gold standard”, as it utilizes ex post information for the total
time horizon, optimizing weights and routing incoming flow based on the actual, realized
flow for every time step. However, while it offers a theoretical optimum, its applicability is
limited as it uses information not readily available when routing decisions are made.

The second benchmark is a variant of the gold standard, known as the static batch optimiza-
tion with hindsight method. It closely resembles its predecessor, with one added constraint:
the weights remain constant over time. This emphasizes consistency in allocation decisions
and leads to streamlined computations, but at the expense of adaptability, as it removes one
degree of freedom.

The third benchmark, windowless MPC, simplifies the standard MPC approach by using
a window of only one time step. This eliminates the potential benefit of considering fu-
ture states, a key advantage of traditional MPC. However, this simplification translates to
increased computational efficiency.

Lastly, the cost proportional allocation method, in contrast, presents a simpler and more
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direct approach. Instead of unpacking the complexities of the incoming flows, it focuses on
proportional weight allocations based on costs, ensuring rapid decision-making. While it
prioritizes computational efficiency over precision, this method remains an important con-
sideration.

The next subsection details the numerical assessment of the MPC method against these four
benchmarks, shedding light on the advantages the MPC approach brings to packet routing
in EHTS.

4.1.3 Results and Analysis

Having outlined the experimental framework and benchmarking methods, this subsection
presents the quantitative results of our MPC simulations. To ensure consistency in our
findings, all simulations were conducted 100 times using a Monte Carlo approach. These
results offer insights into the efficacy of the MPC technique.

Initially, understanding the flow dynamics is essential as they form the basis of the system’s
operation. The incoming flow distribution is depicted in Figure 4.1. Figure 4.1a displays the
incoming flows for a single run, highlighting the system’s inherent uncertainty. In contrast,
Figure 4.1b showcases the incoming flows over time, averaged across 100 Monte Carlo runs.
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(a) For a single run

0 20 40 60 80
Time step

0

100

200

300

400

500

600

700

800

In
co

m
in

g
flo

w

Realization, priority 1

Mean, priority 1

Realization, priority 2

Mean, priority 2

Realization, priority 3

Mean, priority 3

(b) Averaged over 100 Monte Carlo runs

Figure 4.1 Incoming flows across time
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Next, we analyze the aggregated outflows across all M modules for each priority level. The
results, specific to our MPC approach, are illustrated in Figure 4.2.
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Figure 4.2 Outgoing flows across time averaged over 100 Monte Carlo runs

As illustrated in Figure 4.2, when the system tends towards saturation, the MPC approach
prioritizes transmitting packets of the highest priorities, discarding the lowest one.

Figure 4.3 presents the lost packets across time, delineated by priorities, for different scenar-
ios. It shows that the batch optimization with hindsight generally discards fewer packets of
Priority 1 than MPC but more of Priorities 2 and 3, which leads to a lower cost.
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Figure 4.3 Lost packets across time averaged over 100 Monte Carlo runs

Building on Figure 4.3, we now focus on the central aspect of this study: packet loss costs.
Minimizing packet loss cost is the primary objective of these optimization efforts. Figure 4.4
illustrates the comparative performance of various methods in minimizing packet loss costs
over time. The results align with initial expectations. The batch with hindsight method
unsurprisingly emerged as the best technique. As previously highlighted, this method lever-
ages hindsight information about the actual realization of the stochastic process modeling
the flows, providing a rationale for its superior performance. Following closely, our MPC
approach demonstrated its capabilities, with cumulative averaged costs only 1.05% greater
than the batch with hindsight method. Considering that the MPC method operates with the
expected information rather than comprehensive data, this marginal increase underscores its
effectiveness. Moreover, losses from the MPC method were 3.54% inferior to those of the
windowless MPC method, which registered 4.59% more costs than the hindsight optimum.
The static batch with hindsight method engendered costs 10.78% higher than its dynamic
batch with hindsight counterpart and 9.73% higher than the MPC approach. In contrast,
the proportional approach registered the highest costs with a total of 32.35% more than the
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Figure 4.4 Packet loss cost across time averaged over 100 Monte Carlo runs
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hindsight optimum. The significant cost disparity between our approach and the proportional
method highlights the benefits of the MPC and of a comprehensive scheduling mechanism.
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Figure 4.5 Packet loss cost across time averaged over 100 Monte Carlo runs for different time
windows

Lastly, in our MPC method, we utilized a window size of 10. This choice proved to be
advantageous, as it resulted in lower losses compared to smaller window sizes, as shown in
Figure 4.5. Specifically, the losses were 1.71% and 1.19% higher with window sizes of 2 and 5,
respectively, when compared to the window size of 10. Additionally, we found that a window
size of 10 entails only 0.61% more packet loss costs than a window size of 20, while requiring
approximately half the computation time for our current implementation. This highlights the
importance of balancing performance with computational efficiency, as the smaller window
size of 10 achieves similar results to the window size of 20, but with significantly reduced
computation time. These findings highlight the effectiveness of our chosen window size in
optimizing the performance of our MPC approach.
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4.2 OCO-MPC Framework

This section presents the numerical settings and results for the developed OCO-MPC frame-
work.

4.2.1 Numerical Setting

Let F (t) be the incoming flow, now modelled as a continuous-time Markov chain with state
space S = {1, 2, 3}, representing three different traffic states. Consider the transition proba-
bility matrix Pλ defined as:

Pλ =


0.8 0.15 0.05
0.1 0.8 0.1
0.05 0.2 0.75

 .

Each state i ∈ S is associated with a Poisson process characterized by a rate parameter λi

packets per time increment, where λ1 = 20, λ2 = 25, and λ3 = 30. At any given time t, the
traffic intensity follows a Poisson distribution with rate λF (t), modulated by the current state
F (t) of the Markov chain.

This approach allows us to realistically model the temporal fluctuations in satellite Internet
traffic. Simulating the traffic as an MMPP lets us capture the inherent stochasticity and time-
dependent behaviour of the system. Compared to the previous numerical setting, where the
incoming flow was simply increasing linearly across time, this new setting is more realistic
and uses fewer assumptions, making it better suited for real-world applications.

This numerical setup closely follows the one presented in Table 4.1, with a few key differences.
We maintain the same time horizon of T = 100 time steps, but reduce the MPC window to
W = 5. This reduction is primarily due to computational requirements (reducing the matrix
sizes by half), while still maintaining excellent performance, as shown in Figure 4.6. The
number of modem banks (M = 16) and priorities (P = 3) remain the same as in the previous
setup. The most significant change is in the modeling of the incoming flow: instead of a
linearly increasing arrival rate, we now use a MMPP to represent the incoming flow, allowing
for more realistic temporal fluctuations in satellite Internet traffic. All other parameters,
including the maximum queue size Q, initial and final queue states Q0, and the maximum
deviation of scheduler weights ∆w, remain the same as in the previous setup. The use of
εOIPM-TEC requires the setting of additional parameters. We initialize the initial guess x0

randomly and verify its feasibility before applying the Newton step. Additionally, we set
the barrier parameter η to 104, which translates to ε ∼ O(N)

η
, where N = 6(W + 1)MP is

the dimension of the decision variable xt [46, Theorem 2]. This modified setup allows us to
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evaluate the performance of our OCO-MPC framework under more dynamic and realistic
traffic conditions while maintaining comparability with our previous results. Simulation
parameters are summarized in Table 4.2.

We conduct 100 Monte Carlo simulations to ensure consistency and to account for the stochas-
tic nature of the MMPP-based incoming flow.

Table 4.2 Experimental setup parameters, OCO-MPC framework

Parameter Value Description
T 100 time steps Time horizon of the simulation
W 5 time steps MPC window size
M 16 Number of modem banks
P 3 Number of distinct priorities
kp 10, 4, 1 Packet loss costs for high, medium, and low

priority packets
Q 10 packets Maximum queue size
Q0 0 Initial and final queue occupancy
∆w 10% Maximum deviation of scheduler weights be-

tween consecutive time steps
λp {20, 25, 30} packets per time step Average arrival rate, following an MMPP
η 104 Barrier parameter for the εOIPM-TEC algo-

rithm

We use the following methods to benchmark our OCO-MPC algorithm:

• Batch with hindsight: Problem (3.17) solved with hindsight information on the incoming
flow, serving as the best yet unreachable performance;

• MPC : Our MPC framework solved to optimality at each round, providing a reference
for our online algorithm, though being computationally expensive;

• Cost-proportional allocation: A rule-based controller that sets the scheduler weights
proportional to the associated cost kp.

4.2.2 Numerical Results

The incoming flow distribution, depicted in Figure 4.6, illustrates the flows across priorities,
highlighting the system’s inherent uncertainty when modelled with a Markov-modulated
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Poisson process. This figure shows the results from a single Monte Carlo run to showcase the
variability and uncertainty in the system.
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Figure 4.6 Incoming flows across time

Figure 4.7 illustrates the performance of our OCO-MPC algorithm against the other bench-
marks. The cumulative packet loss costs are averaged over 100 Monte Carlo runs to ensure
statistical significance. The shadowed regions depict the 95th percentile of the data, high-
lighting the range of variability and uncertainty in the system’s performance across the Monte
Carlo simulations.
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By design, the batch with hindsight method performs best because it uses full information
on the incoming flow. The MPC framework performs closely, suffering only 1.22% more
packet loss costs than the batch with hindsight method. This shows once again the relevance
of applying such a framework to the problem of flow routing on-board EHTS. Our OCO-
MPC approach also performs well, with 18.80% more packet loss costs than the batch with
hindsight method and 17.37% more than the comparative MPC method. It, however, uses
a single Newton step per iteration towards the optima and does not use a full-on solver
like [66], making it readily implementable while still showing good performance. It also
performs much better than the proportional approach, which registered the highest costs
with a total of 48.71% more than the hindsight optimum. While the proportional approach
is greedy and also computationally lightweight, it performs poorly. This contrast highlights
the advantage of utilizing the limited on-board processing capabilities by implementing the
OCO-MPC approach.
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CHAPTER 5 CONCLUSION

This Master’s thesis presents a novel mathematical framework for modelling and solving
the internal routing problem within multi-modem EHTS. Our research makes significant
contributions to the field of satellite communications.

We first develop a comprehensive multi-period optimization problem that minimizes packet
loss costs across time, subject to system and physical constraints. Building upon this for-
mulation, we introduce an MPC framework that operates with the expected incoming flow,
enhancing the realism and applicability of our approach.

Recognizing the computational challenges inherent to MPC, we refine our methodology by
presenting the OCO-MPC framework. This innovative approach employs a single Newton
step towards the optimum, eliminating the need for a full optimization solver while providing
adequate performance and significantly reducing computational complexity.

Our research demonstrates the effectiveness of these approaches through rigorous numerical
simulations and comparisons. We illustrate the close-to-optimal performance of our MPC
approach against other methods, showcasing its high effectiveness while operating solely on
expected values. We further validate the performance of our OCO-MPC approach using a
more realistic incoming flow model based on an MMPP. This analysis not only confirms the
approach’s effectiveness but also, for the first time, shows its potential implementability in
the context of internal routing withing EHTS. This analysis not only confirms the approach’s
effectiveness but also, for the first time, shows its potential implementability in the context
of internal routing within EHTS.

To the best of our knowledge, this work represents the first MPC-based approach in this
context. As such, it has the potential to make significant contributions to the field of telecom-
munications, particularly in satellite network optimization.

In summary, this Master’s thesis presents a comprehensive mathematical framework for ad-
dressing the complex problem of internal routing within EHTS. The proposed OCO-MPC
approach offers a powerful and computationally efficient solution, bridging the gap between
theoretical optimization and practical implementation in satellite systems. Our work lays
a solid foundation for future research in this critical area of satellite communications and
network optimization.
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5.1 Limitations and Future Work

The first area for improvement in this work is the internal topology of the satellites used in
our experiments. The model, as presented in Figure 3.1, only contains one layer of modems,
without any interconnection between them. To make our model more realistic, we could use
a toroidal topology, as suggested in [31]. This approach aligns with current research trends
in satellite network modelling and would increase the complexity of our system, requiring,
for example, additional constraints in our optimization problem.

Next, it would be interesting to exploit the fast computation provided by εOIPM-TEC to
further decrease the duration of the time steps to closely track incoming flow and, therefore,
further enhance performance while maintaining computational efficiency. This approach
could improve our ability to monitor the incoming flow by processing fewer packets per
time step while increasing the number of time steps (and conserving the same total time),
potentially leading to improved overall performance. An interesting study on the trade-off
between the added computational time and improved performance may prove valuable.

Finally, a significant improvement could be made on the implementation side by designing
the code in C/C++ instead of Python, as it is currently done. This change could provide
more accurate run-times to evaluate the computation time of our approaches and further
showcase the advantage of OCO-MPC in a realistic satellite environment. It would bring our
implementation closer to what could be actually deployed on satellite hardware, enhancing
the practical relevance of our research [68,69].
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APPENDIX A DEFINITIONS OF MATRICES

We present here a detailed definition of the matrices A and C and the vectors b and d used in Problem (3.18).

For simplicity, all elements of A are represented for W = 2.

We define A as:

A =



0 0 0 0 0 0 δmm′δpp′ 0 −δmm′δpp′ −δmm′δpp′ 0 −δmm′δpp′ 0 0 0 0 0 0
0 0 0 0 0 0 0 vm 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 vp 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 δmm′δpp′ δmm′δpp′ 0 0 0 0 −δmm′δpp′ 0
0 δmm′δpp′ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 δmm′δpp′ 0 0 0 0 0 0 0


,

where δmm′ and δpp′ are Kronecker deltas such that

δij =

1 if i = j

0 if i ̸= j.

We also define
vm =

[
0m−1 1 0M−m

]
︸ ︷︷ ︸

P times

,

and
vp =

[
0(p−1)M 1M 0(P −p)M

]
,
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where 0n ∈ Rn and 1n ∈ Rn represent vectors of length n filled with zeros and ones, respectively.

We define bt as:

bt =



0MP

1M

F̂p

0MP

ŵm
p (t − 1)

Qsys,MP


,

where 0MP is a zero vector of size MP , 1M is a vector of ones of size M ,

F̂p =


F̂1(t)
F̂2(t)

...
F̂P (t)


P × 1

,

and

ŵm
p (t − 1) =


ŵ0

0(t − 1)
ŵ1

0(t − 1)
...

ŵM
P (t − 1)


P × M

.
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We define C as:

C =



0 0 0 0 0 0 0 −δmm′δpp′ 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 δmm′δpp′ 0 0 0 0 0 0 0 0 0 0
0 −δmm′δpp′ 0 0 0 0 0 δmm′δpp′ 0 0 0 0 0 0 0 0 0 0
0 δmm′δpp′ 0 0 0 0 0 −δmm′δpp′ 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 −1

∆s
δmm′δpp′ 0 δmm′δpp′ 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 vm 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 δmm′δpp′ 0 0 0 0 0 0 0 0


.

We define d as:

d =



0
1

∆w
∆w

0
Q
C


.

We define c⊤ as
c⊤ =

[
0 0 0 0 0 0 0 0 vk 0 0 0 0 0 vk 0 0 0

]
, (A.1)

such that
vk =

[
k1︸︷︷︸

1×M

k2︸︷︷︸
1×M

· · · kP︸︷︷︸
1×M

]
,

and where kp is the cost of losing a packet of priority p.
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