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Abstract

Currently, 46.4% of the world's population does not have access to the Internet.
Bringing the more than 3.5 billion individuals still unconnected online is the primary
goal for multiple international organizations, including the ITU and the UN Broad-
band Commission. In the last ten years, there has been steady growth in the number
of Internet users (around 200 - 300 million per year), but this has been considered in-
sufficient to meet the target of having 60% of the world's population be connected by
the end of 2020 (as set in Resolution 200 - Connect 2020 Agenda for Global Telecom-
munication/ICT Development). Besides, even more ambitious targets (75% of the
world's population connected) have been proposed for 2025.

Two important barriers that restrict connectivity are the lack of infrastructure and
affordability. To address these barriers, several novel concepts that involve space-
borne and airborne platforms have been proposed to provide connectivity at a lower
cost (improve affordability) to a wider reach of people (extend infrastructure). This
thesis explores the tradespace of architectures for space and aerial communication
network concepts to extend global connectivity. In particular, constellations of geo-
stationary satellites, large constellations of MEO and LEO satellites, and high- and
low-altitude aerial platforms are studied. For each of these concepts, I develop end-
to-end system models that include the RF propagation, atmospheric channel, power-
and mass-sizing, system dynamics, and costs. Different frequency bands are consid-
ered, including current state-of-the-art Ku- and Ka-bands and future scenarios with
extremely high-frequency bands (V/Q, E, and optical).

The potential of each of these concepts is then analyzed from a techno-economic
perspective. Given the large scale of the problem (global connectivity), the different
spatial and temporal scales on which each of the concepts operate, plus the large
tradespace of potential architectures, evaluating the potential impact requires the
development of large simulation models to compute realistic estimates for performance
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and cost, as well as to identify trade-offs among concepts.

However, due to limited computing resources, an exhaustive evaluation of all design
configuration is impractical and often not possible; consequently, the resources de-
voted to concept exploration need to be carefully allotted, balancing exploration and
exploitation within the tradespace. To that end, this thesis presents a Bayesian opti-
mization approach tailored for System Architecture problems, to explore tradespaces
efficiently when there is a tightly-constrained budget for objective function evalua-
tions.

Thesis Supervisor: Prof. Edward F. Crawley
Title: Professor, Aeronautics and Astronautics
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Chapter

Introduction

1.1 Context

Telecommunication services have significantly impacted technological progress, busi-
ness, and social lives in the last century. In recent years, the widespread adoption of
the Internet and computers has resulted in a new economy, where the focus has shifted
from manufacturing and commodity-based businesses towards heavily technology-
based companies, and where innovation in the form of new products and services
occurs at an unprecedented pace.

However, not everyone is benefiting equally from this new economy. To date, 46.4%
of the global population is still offline [1], and even though most of them live in areas
covered by 3G and 4G connectivity, approximately 11% of the population live in ar-
eas with no broadband coverage. The majority of those in areas with no broadband
connectivity are located in the least developed countries in Africa, South America,
and Southeast Asia, being the two main reasons for the absence of connectivity the
lack of infrastructure and affordability issues. In particular, due to the sparse distri-
bution of the population and their relatively low incomes, traditional communications
systems are not well-suited for extending connectivity into these regions since they
are expensive to deploy and have limited coverage. Thus, new concepts such as satel-
lite constellations, networks of interconnected balloons or unmanned aerial vehicles
(UAVs), and tethered blimps have been proposed in the last few years.

This dissertation studies the impact that these space and aerial concepts can have
in terms of bringing new users online, and analyzes which concepts and architectures
have the highest potential in achieving this goal. To accomplish these objectives,
there are two main elements that this work develops. First, accurate models for each
of the concepts, capturing the different spatial and temporal scales of as well as the
various design options, are constructed, which allow for realistic comparisons of their
performance, costs, and impact. Second, due to the computational complexity of
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the models developed, a methodology to conduct tradespace exploration when only
a limited number of architectures can be evaluated is proposed.

1.2 Motivation

1.2.1 Connecting the other half

A recent study by Katz [21 showed that fixed and mobile broadband have had a
significant impact on the global economy. An increase of 1% in fixed-broadband con-
nectivity yields an increase of 0.08% in GDP, whereas a similar increase in mobile-
broadband penetration results in an increase of 0.15% in GDP. Moreover, the same
study concluded that digitalization improvements enabled by enhanced connectivity
yield additional increases in GDP (-0.13% for every 1 per cent increase in the dig-
ital ecosystem development index) and productivity (-0.23%). Thus, the economic
benefits of extended Internet connectivity (both direct and indirect) are evident.

However, by the end of 2019, 53.6% of the world's population is expected to be
connected to the Internet [1]; bringing online the other half is a stated priority of var-
ious international organizations, such as the International Telecommunications Union
(ITU) Resolution 200 - Connect 2020 Agenda for Global Telecommunication/ICT De-
velopment [3] and the UN Broadband commission [4]. The main goals of these two
groups are to find scalable and replicable solutions to connect large rural offline pop-
ulations at minimal costs and to find effective strategies for narrowing the usage gap
across all regions.

To this end, each of these organizations has published a manifesto with objectives
to be met by the years 2020 and 2025, respectively. Even though in the last ten years
there has been a steady growth of Internet users (around 200 - 300 million per year
[5], as shown in Figure 1-la), and some continents have almost reached saturation
with more than 80 % of the population connected (see Figure 1-1b), the growth trends
exhibited, in addition to projections from studies [6], indicate that the objectives set
in the Connect 2020 Agenda (60% of the population connected by 2020) and by the
UN Broadband Commission (75 % of the population connected by 2025) are unlikely
to be met.

Several studies have been conducted to determine the main factors which influence
the number of people connected to the Internet in a given country [8, 9, 101. These
studies identified the degree of infrastructure roll-out (i.e., communications infras-
tructure, road infrastructure, power infrastructure) and affordability (i.e., device cost,
service cost, electricity cost) as the two most important factors to be solved through
technological innovations, while relevance (i.e., access to content in their primary
language, perceived value of Internet use) and readiness (i.e., information technology
skills, know-how, basic literacy) also play an essential role. In this dissertation, only
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Figure 1-1: Internet users by year: (a) absolute numbers of individuals connected, (b)
percentage figures. Forecasts for individuals connected for years 2018 - 2027
were made using the Gompertz model of technology diffusion [7]. Source data:

ITU and Worldbank.

the techno-economic factors (infrastructure and affordability) are analyzed, leaving

out the policy factors (relevance and readiness).

Affordability and infrastructure roll-out are closely related. Telecommunications

operators do not deploy infrastructure in areas where no business opportunities are

viable, and low-income individuals have few incentives to subscribe to broadband
services. The current consensus among studies and organizations [10, 9, 11] is that

for telecom services and devices to be considered "affordable", they should cost less

than 2% of an individual's monthly income. And although historically the price of

handheld devices has been a significant barrier to access, low-cost feature phones and

smartphones, along with robust secondary smartphone markets, are rapidly lowering
these costs. However, service costs remain an issue. A recent study by Thanki showed

that while the first billion individuals to be connected had a monthly disposable
income apportioned for communication services of at least $82.04 (according to the

ITU 2% definition), the same measure for the last billion is merely $0.90 [12].

Deploying new infrastructure becomes increasingly complicated when the geo-

graphical distribution of those unconnected and their income levels is taken into

account. 45.7% of the world's population lives in rural areas, and it is estimated

that the poverty rate in these regions is three times higher than in urban areas [13].
Therefore, bridging the connectivity gap will require technologies that allow for sparse

populations to be connected in cost-efficient manners.

New low-cost and wide-coverage solutions are an active area of research in both

academia and industry, and several concepts have been proposed, developed, and

tested within the last few years. Most of these new concepts differ from traditional

broadband connectivity solutions (i.e., terrestrial systems like fiber, cell towers, or

mm-wave links) in that they make use of space and aerial platforms to provide con-

nectivity. In particular, the proposed concepts include different types of low-altitude

3



CHAPTER 1. INTRODUCTION

tethered platforms (tethered balloons and blimps), high altitude platforms (unmanned
aerial vehicles and balloons flying in the stratosphere), and large constellations of
satellites (both in low Earth orbit (LEO), medium Earth orbit (MEO), and geosta-
tionary orbit (GEO)). For example, SpaceX, Telesat, and OneWeb have all proposed
large constellation of LEO satellites, whereas in 2021, SES will launch seven MEO
satellites and Viasat a 1 Tbps (the highest throughput ever) GEO satellite. More-
over, firms like Airbus, Aurora, and HAPs Mobile have all proposed UAV-based aerial
networks, and Google is proposing a network of stratospheric balloons.

A techno-economic analysis is required to quantify the impact (in terms of cover-
age capabilities and cost) of these newly-proposed concepts. This techno-economic
analysis is part of a larger phase in the field of Systems Engineering, usually referred
to as "Concept evaluation and concept selection", which takes place in the conceptual
design phase. Conducting these techno-economic analyses requires the development
of performance, cost, and financial models, which, given the global nature of the
problem and the different scales of the concepts involved, are computationally ex-
pensive to evaluate. As an example, to assess the total cost and performance of a
satellite system, the number of assets involved needs to be estimated. For extremely
high frequencies, determining the number of ground stations requires consideration
of the atmospheric attenuation at such frequencies and conducting optimization to
determine their locations, since total uplink and downlink capacities will be highly
conditioned by the location and number of ground stations. In addition, one will
need to consider where and when the satellites might be saturated and estimate the
number of unconnected individuals who will subscribe to the new service. Similarly, if
tethered balloons were to be used, line-of-sight (LoS) conditions need to be evaluated
from the balloons to thousands of population settlements, and the number of assets
to be deployed needs to be determined using a placement algorithm.

The first and primary objective of this dissertation is to analyze the potential im-
pact of these novel space and aerial concepts from a techno-economic perspective.
Given the complexity of the models involved in these techno-economic analyses, tra-
ditional tradespace exploration methods based on the evaluation of a large number of
design configurations are not practical. Instead, the decision regarding which design
configurations to evaluate plays a crucial role when assessing the viability of different
concepts. The next section motivates the analysis of this problem from a "System
Architecture" standpoint.

1.2.2 A system architecture perspective

System architecture has emerged as the discipline at the forefront of the design of
complex systems, products, and services. It is centrally concerned with the early-
stage technical decisions that will determine most of a system's final performance
and cost. One of the most crucial steps in the design process is concept selection,
which is the process of evaluating, comparing, and finally deciding between competing
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concepts that have been proposed to satisfy the system requirements. A poor decision
at this point may result in significant cost and schedule overruns, as changes become
increasingly difficult and expensive to implement in later stages.

From a theoretical perspective, a concept is a high-level intellectual construct that
maps function to form and describes "how the system works". From an engineering
perspective, a concept is an idea, sufficiently developed, such that a parametric model
can be built to assess the performance and cost of one of the design configurations that
emerge from that concept [14]. Each concept defines a design space, which is the set of
decisions and variables that need to be specified to produce a design configuration. As
an example, if one were to design a mechanism so that cars can cross from one side of
a river to the other, potential concepts would include a bridge, an underwater tunnel,
or a ferry service between both shores. Each of the concepts defines a different design
space: for the bridge concept, the type of bridge, materials to be used, number of
supports, all need to be considered; for the tunnel, the depth and number of lanes are
relevant; and for the ferry service, the number of boats their capacity and frequency
are crucial factors. If one assigns values to each of the variables in the design space,
a design configuration is created, and performance and cost can then be evaluated.

Even though different methods for concept selection have been developed, most
were conceived to compare just a handful of point-designs. Given that complex sys-
tems typically present large design spaces with trade-offs among different configura-
tions, comparisons are frequently made between sub-optimal designs. In recent years,
there has been increasing interest in exploration-based design methodologies that per-
form an extensive evaluation of designs in the tradespace. This has led to new meth-
ods for concept selection, which leverage large-tradespace exploration [15, 16, 17] and
compare the Pareto fronts for different concepts instead of comparing point-designs.

Obtaining the Pareto fronts frequently requires the evaluation of thousands of de-
sign configurations, and therefore simplified computational models must be used to
assess the performance and cost of such designs. Still, for systems of large-enough
scale and complexity, even simplified models could require a considerable amount of
computational resources, as shown in Table 1.1. Examples of such systems include
multi-disciplinary systems (e.g., heterogeneous system-of-systems with different do-
main subsystems), systems where a critical subsystem needs to be optimized (e.g., a
suborbital vehicle), systems that require processing large amounts of data (e.g., ma-
chine learning algorithms), large-scale systems (e.g., communication networks on a
country-level), and systems subject to considerable uncertainty, which need numerous
simulation runs to obtain statistically significant results. In all of these cases, one
cannot simplify the models to reduce the computational burden, but need to evaluate
any proposed design using models of certain computational complexity.

The main approach in tradespace exploration where large design spaces are in-
volved has been to use model-free evolutionary algorithms (such as genetic algorithms
or particle swarm optimization), which apply meta-heuristic rules to find the Pareto
fronts. The main reason to use these types of algorithms is that by construction,
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Table 1.1: Runtime of computationally-expensive models used for System Architecture in
different domains. The element marked with a star (*) corresponds to one of
the problems in this work.

Model name Runtime Application Ref

FLOPS/ENGGEN 5 min Size aircraft and propulsion system, perform uncer- [18]
ALCCA tainty analysis over the system.
LLVM 20 min Compilation of the LLVM test suite. [19]
FPGA synthesis min - hours Hardware implementations of a sorting network for [20]

256 inputs. Each design is characterized by d = 3
parameters.

LEOsat 1 - 5 hours Evaluate the performance of a constellation of satel- *
lites in Low Earth Orbit.

ASIC 2 design 2 hours - days Generating energy-efficient MPSoC Network on [21]
Chips implementations of the AXI specification.

Crashworthiness 98 hours Evaluate the capability of a vehicle to protect its [22]
occupants from the effects of an accident.

AlexNet days Train convolutional neural network for computer vi- [23]
sion object recognition.

they are well suited to deal with discrete and categorical variables, which are rela-
tively common in System Architecture problems (SAP) (see Section 1.4.2). However,
as mentioned before, these algorithms rely on evaluating a large population of in-
dividuals iteratively, removing the least desirable designs and introducing random
changes on surviving designs with each iteration, which becomes infeasible when the
computational burden of each evaluation is heavy.

Therefore, there is a need for tradespace exploration methods that are capable
of exploring large tradespaces and handling the types of decisions in SAPs, even
when dealing with expensive computational models. Bayesian optimization (BO) is a
technique commonly-employed to conduct optimization for black-box functions where
a limited budget of function evaluations is possible, which has been used to optimize
designs (mostly involving continuous variables) within the fields of aeronautics [24],
sensor networks [25, 26], robotics [27, 28], and microprocessor architecture design
[29]. The main idea underpinning BO is to build a surrogate model for the objective
functions (usually performance and cost), which is then used to quickly estimate the
values of the objective functions of thousands of designs and decide which design to
evaluate next (using the computationally expensive model).

The second objective of this dissertation is to develop a method (tailored spe-
cially for System Architecture activities and design-decisions patterns) for performing
tradespace exploration for computationally-expensive functions using Bayesian opti-
mization. This method will then be applied to explore the tradespace of different
space and aerial concepts that have been proposed to extend Internet connectivity
globally.

6



1.3. RESEARCH QUESTIONS

1.3 Research questions

The main goal of this dissertation is to understand and identify space and aerial
systems that can be used to expand broadband globally. This will require the analysis
of both technical and economic factors, as well as comparing these systems to current
terrestrial systems. In particular, the main research question that this thesis aims to
answer is:

Research Question 1

What kind of novel space and aerial systems can complement existing infras-
tructure and contribute towards expanding global connectivity at an affordable
cost? What is the potential impact of such systems in terms of connecting
additional populations?

Furthermore, given that answering the questions above requires complex model-
ing and simulation efforts, this thesis aims to determine if Bayesian optimization is
well suited for the tradespace exploration of SAPs, thereby answering the following
research question:

Research Question 2

In the context of System Architecture, how should Bayesian optimization be
used to conduct tradespace exploration when computationally expensive models
are required and the number of point evaluations is limited?

1.4 Background

The objective of this section is to provide a brief introduction to "Connectivity tech-
nologies" and "System Architecture" (including "Tradespace Exploration"), as this will
be recurrent topics throughout the dissertation. For readers who are already familiar
with these topics, this section can be skipped.

1.4.1 Technologies to provide connectivity

As social animals, humans have always devised ways to communicate with each other.
From ancient techniques such as smoke signals, drums, or carrier pigeons, to modern
electric-based telecommunications, our methods of communication grow more com-
plicated with the technological advancements of each generation.

In that vein, the invention of the telegraph at the beginning of the 19th century
resulted in thousands of kilometers of copper wires being laid out, connecting selected
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locations in all continents but Antarctica. Following the invention of the telephone
by Bell in 1878, hundreds of millions of kilometers of copper wires were deployed to
homes all over the world. The invention of the radio by Marconi at the beginning
of the 20th century ushered in the era of wireless communications and resulted in
the deployment of thousands of broadcast antennas, which proliferated even more
with the invention of television. In the '60s, the first geostationary communications
satellites were launched, making intercontinental high data rate transfer a possibil-
ity. At that time, satellite technology was envisioned as the technology that would
dominate high-speed data-transfer across continents; however, since the '80s (as the
mass-Internet grew more and more popular) fiber optic has instead become the dom-
inant technology for high-speed data-networks, with cables spanning the world and
connecting all continents. Finally, the advent of personal wireless communications
for data connectivity (such as WiFi) and mobile networks has resulted in millions of
cellphone antennas and wireless access points being deployed in the last 20 years.

This brief overview of the evolution of telecommunications in the last 150 years
highlights the wide variety of technologies that have been used to provide connectivity.
From point-to-point copper wires to large antennas and satellites for TV and radio
broadcast, these technologies were the foundation that sustained economic growth in
the so-called "Digital Revolution". The rest of this section is devoted to describing
the most common technologies currently used to provide data connectivity around the
world. Technologies are grouped into three broad groups (as shown in Figure 1-2),
based on the portion of the network they support (access, backhaul, or backbone).

Thesis boundary

Fiber bckhaW

Sacone networ BacIhai network Access network

Figure 1-2: Types of networks. The red box represents the system boundary for this thesis.
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Access network

The access network is the portion of the network that connects subscribers to their
service provider. Technologies for access networks can be divided into two categories:
wired and wireless. Examples of wired technologies include fiber optic and copper
cables (Ethernet, coaxial, twisted pair), whereas examples of wireless technologies
include WiFi, cellphone (LTE, UMTS, GSM), and satellite. Since the network equip-
ment in an access network is only used when the subscribers are connected and
actively using the Internet, wired technologies are normally underutilized, resulting
in cost-ineffective deployments. In contrast, wireless technologies have higher uti-
lization since they allow for traffic multiplexing sharing of the equipment; thus, they
are more economical to deploy. Because of that, wireless technologies have grown in
popularity in the last decade, especially in developing countries. It is estimated that
wireless traffic currently represents 52% of the global access traffic, and will surpass
70% by 2022. Among wireless technologies, WiFi accounts for 54% of the traffic (59%
in 2022), and LTE for 33% (29% in 2022). [301.

Throughout this dissertation, it is assumed that, due to its lower costs, only wire-
less technologies are used in the access network. In some cases, it is assumed that
some customer premise equipment (CPE) with WiFi or LTE is deployed in the popu-
lation settlements as part of the system, whereas in other cases, users connect directly
to the concept under study (e.g., aerial systems beaming connectivity directly to user
handsets).

Backbone network

The backbone network, which connects different high-level service providers (normally
Tier 11 and Tier 22), is the core of the network, and it comprises underground, aerial,
and undersea fiber cables spanning all five oceans and six continents. Given the
volume of traffic in the backbone network, most of the backbone links are wired -
fiber optic being the dominant technology - and only a small fraction of the traffic
is routed via satellite networks (currently 99% of international data traffic is routed
through fibers whereas the remaining 1% is routed through satellite networks [31]).
This is because the capacity of fiber is much larger than that of satellite links: a
single fiber optic cable can transmit tens of Tbps, whereas the highest total capacity
of a satellite is currently still below 500 Gbps.

Given this difference in throughput, the reach of the current fiber infrastructure,
and the significant investments required to make new deployments and upgrade net-

'Tier 1 providers are those that can exchange traffic with any other network of the Internet
via peering agreement (i.e., without paying fees). Normally these providers have global networks
spanning multiple continents. Examples include AT&T, Deutsche Telekom, and CenturyLink.

2Tier 2 providers are those that peer for free with some networks, but still pay for transit IP
to other networks. Generally, these are country-level providers like Vodafone, British Telecom, and
China Telecom
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work equipment, there are no prospective changes to the type of technology used for
backbone networks in the coming years. Because of this, backbone network technolo-
gies will not be discussed further in this dissertation.

Backhaul network

Finally, the backhaul network comprises the intermediate links between the access
network and the backbone network. An example of a .backhaul network would be
the link between a cellphone tower and the backbone network (normally accessed
through an IXP or a point of presence (PoP)). As in the case of the access network,
the technologies used for backhaul networks can be divided into wired and wireless.
Wired technologies include fiber, and sometimes Ethernet links. Although wired
technologies are generally preferred, the high costs of deploying such networks in
low population density areas or rugged terrain have resulted in a significant portion
of the backhaul links in developing countries being built with wireless technologies.
These include point-to-point terrestrial RF relays (normally using millimeter-wave
frequencies), satellite, and in very rare occasions free-space optics and aerial systems
(mostly for disaster relief).

In the last few years, however, there have been several proposals in which space
and aerial systems play a crucial role in backhaul networks. Since these aerospace
systems can provide coverage to large regions, it has been argued that they could
be good solutions to expand connectivity into medium-density and low-density areas.
Understanding the impact that these systems could have on bringing new population
to the Internet is thus the main objective of this dissertation.

1.4.2 System Architecture

System Architecture originated as a formal discipline in the late '80s, when system
architects and engineers developed a theory to deal with the challenges of designing
and building large-scale, complex systems [321. The field encompasses all the activities
of the early design stage in the systems engineering process, and studies the tools and
methodologies used to define, document, communicate, certify, maintain, and improve
complex systems throughout their life cycle [33]. Crawley defines the architecture of
a system as "the embodiment of a concept: The allocation of physical/informational
functions to elements of form, and the definitions of interfaces among them and
with the surrounding context." [34]. In this definition, Crawley recognizes that
the development of the architecture of a system is the process of materializing a
concept, which he further defines as "the system vision, idea, notion, or mental image
that maps function to form. It is a scheme for the system and how it works."[34].
This materialization or embodiment process is precisely a mapping of a system's
function (i.e., the system's activities and operations that contribute to value creation)
to particular elements of form (i.e., the physical entities that constitute the system).
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Thus, it follows that a critical part of successfully engineering complex systems is
choosing a good concept. Making comparisons among concepts is a highly-difficult
task, since a large set of attributes (both quantitative and qualitative) needs to be
weighted under initial uncertainty. Poor decisions at this stage will have a significant
impact on final cost and schedule, since redressing mistakes at a later design stage
tends to be highly expensive. For a given concept, thousands of design configurations

(architectures) are possible; therefore, one should avoid reducing the design space
prematurely, as this might take away crucial information from the decision-maker.
Instead, tradespace exploration must be conducted before the comparison, to ensure
that good designs for the different concepts are considered.

This dissertation is particularly interested in the methods and tools employed to
select good concepts when the system's architect is limited by the number of config-
urations that can be evaluated. This limitation could be a result of finite resources,
time, and cost; for example, in domains like CFD or communications network de-
sign, running computationally-expensive models or simulations is required to assess
a design; in disciplines like chemistry, experiments need to be performed; in areas
like drug design and advertising, human testing is required, which is both costly and
time-consuming.

The main difference between the methods proposed in this thesis and previous
efforts is that I present an explicit tradespace exploration method for situations in
which expensive functions must be used (and thus a limited budget for function eval-
uations is available), whereas, in the past, methods developed to explore large design
spaces where multiple concepts are considered ([14, 15, 35]) made use of simplified
models which were not computationally-expensive to evaluate (hence the number of
function evaluations was mostly unconstrained). Note that I do not renounce explor-
ing, as broadly as possible, the conceptual design tradespace, but merely present a
method to make this exploration more efficient. This method, however, incurs greater
computational overhead, and therefore might not be suitable for cases where function
evaluations can be performed quickly (less than 30 seconds per evaluation).

System architecture synthesis process

According to Crawley et al., the System Architecture Synthesis process can be de-
composed into four principal steps [34]:

1. Identify and characterize the stakeholders (including beneficiaries, environment,
regulatory bodies, etc.), determine their interrelations, and establish their needs.

2. Translate stakeholder needs to system goals and requirements. State the solu-
tion neutral statement (i.e., what the system must do).

3. Generate concepts by identifying functional elements that can satisfy the goals
of the system.
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4. Allocate the elements of function identified in Step 3 to elements of form and de-
scribe their interrelationships. In addition, the process flow, internal operands,
supporting processes, and interfaces must be defined in this step too.

Successful application of these steps for a given problem produces a system archi-
tecture for each of the concepts. The system architecture synthesis process establishes
the vector of design variables and operating parameters that need to be determined to
produce a design configuration. By evaluating a design configuration (using a system
model), one can assess its performance and verify if it is capable of satisfying the
requirements for the system.

The process of mapping function to form for a particular concept (Step 4) can
be characterized as a decision-making process; the system architect has to make
a set of decisions regarding which elements of form will perform which functions.
This set of decisions (and its potential alternatives) forms the design space for that
particular concept. Note that each concept will have a different design space, since a
different function-to-form mapping is made for each concept, requiring a different set
of decisions.

The design space (decisions and options) has historically been represented using
design structure matrices, decision trees, Markov processes, and meta-languages [36],
although the most common method is the morphological matrix, as introduced by
Zwicky in 1962 [37]. A morphological matrix contains one row for each decision, with
the values in the columns representing alternative options for the decision. A de-
sign configuration is obtained by assigning a value/option for each decision, although
some combinations of variables might be forbidden if they render infeasible architec-
tures. By systematically assigning a value to each of the decisions, the architect can
then enumerate all the potential design configurations. Several methods to generate
an exhaustive enumeration of all the possible combinations of decisions, taking into
account constraints, have been developed [35, 36].

Finally, even though the traditional approach has been to use a decision-options
characterization to model decisions, Selva noted that there are decisions within the
System Architecture domain that are better characterized if they are represented as
a combinatorial problem, subject to certain constraints [38]. To that end, he defined
a set of 6 different types of decision patterns that allow for some SAPs to be solved
more efficiently by using tools tailored to the specifics of each decision pattern. Selva
argued that these patterns constituted a domain-independent basis for the types
of decisions, and thus when using this characterization for the system architecting
process, the system designer could benefit from using tools originally developed for
combinatorial optimization problems.
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Tradespace Exploration

The tradespace exploration (TSE) paradigm has been the predominant systems engi-
neering and concept selection tool in the last decade and has been widely adopted both
in the industrial and academic contexts. As opposed to more traditional methods that
largely rely on expert opinion and detailed analysis of a few point designs (known as
"expert design"), tradespace exploration advocates for the evaluation of a multitude
of designs corresponding to different concepts [39]. This allows the decision-maker to
have a good understanding of the big picture, not just of the Pareto front (the set
of non-dominated designs), but also how sub-optimal architectures rank. The Pareto
front illustrates the key cost-benefit trade-off among design options, whereas analysis
of the sub-optimal points (through main effects or sensitivity computations) provides
insight on how certain decision-options affect the cost and performance of the sys-
tem. In that sense, one could say that tradespace exploration - as its name suggests
- focuses on the exploration of the design space, as opposed to traditional methods,
whose main objective is to uncover design choices that are optimal or near-optimal
[40] or to optimize the expert-selected single-point designs.

In practical terms, although one would ideally like to explore the full tradespace
(i.e., evaluate all the possible design options) to obtain the best overview of the
big picture, full exploration is infeasible in most cases. Whether this is due to the
tradespace size being too large for full enumeration, the evaluation (or testing) rou-
tines being too computationally (or economically) expensive, or timeline constraints,
different techniques have been proposed to conduct tradespace exploration, including
sampling (when the focus is on exploration), tradespace optimization (when the focus
is on finding the Pareto frontier), and user-guided exploration (when user feedback
guides the exploration towards interesting regions of the design space.

The main benefit of TSE over other methods is a better understanding of the
trade-offs and relationships between variables in the design space [41], which makes
the technique very relevant during the conceptual design phase. These trade-offs
and relationships are normally depicted as a 2D scatter plot, where one dimension
represents the benefit of the architecture, and the other dimension represents cost.

1.5 Thesis Structure

The remainder of this dissertation is structured as follows: Chapter 2 reviews the lit-
erature in three fields that are directly related to this thesis, namely space and aerial
systems for communications, concept selection methods, and tradespace exploration
(including Bayesian optimization). Chapter 3 presents a method to apply Bayesian
optimization to tradespace exploration in System architecture problems. The per-
formance of this method when applied to SAPs is assessed by comparing its results
to those obtained by other state-of-the-art tradespace exploration methods using a
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set of test problems in Chapters 4 and 5. Then, Chapter 6 provides an overview
of the current status of global connectivity and the main barriers to connectivity.
Chapters 7, 8, and 9 are devoted to describing and validating the models, analyzing
the tradespace, and presenting the results for space, aerial, and terrestrial systems,
respectively. Chapter 10 compares the impact of each of the concepts in a competi-
tive market. Finally, Chapter 11 summarizes the work conducted in this dissertation,
restates the main contributions, and delineates potential areas of future research.
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Chapter

Literature Review

2.1 Space and aerial systems to expand connectivity

2.1.1 Space systems

Even though initial communication satellite systems were launched in the '70s and
'80s, it was not until the '90s when constellations were first proposed as a means
to provide global broadband. Within that decade, multiple projects consisting of
large constellations of LEO satellites were developed. This generated a broad set of
research in technical topics such as constellation design [42, 43], inter-satellite links
technology [44, 45, 46], and in-space routing devices and protocols [47].

In particular, significant effort was made to determine both the technical and eco-
nomic feasibility of such systems, as well as to evaluate competing architectures. Kelic
and Gumbert proposed the "cost per T1 link-per-minute" as a metric to assess the
financial viability of broadband satellite systems, and used it to study 5 GEO and
LEO systems [48, 49]. Shaw developed GINA, a generalized framework for evaluat-
ing information networks, and used it to assess the designs proposed by Cyberstarr,
Spaceway, and Celestri [42]. Jilla extended GINA and integrated it with an MDO
framework, which he used to conduct tradespace exploration of LEO, MEO, and GEO
satellite systems [43]. Finally, de Weck proposed a methodology for tradespace analy-
sis of LEO personal communication systems [50], that combined technical, economic,
and policy aspects with which he analyzed how staged deployments can be used to
reduce risks associated with the uncertainty on demand [51].

Much of the latest research in geostationary systems is focused on achieving Ter-
abit/s satellites [52, 53] by using higher frequency feeder links (Q/V-band [54, 55],
advanced multi-beam antennas with beam-forming capabilities, and optical technol-

ogy [56, 57]), and by the use of advanced MODCODs. Finally, a second wave of
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proposals to use large non-geostationary constellations as a means to provide global
coverage has surfaced in the last three years. Several companies have developed
ambitious plans to cover the skies with thousands of satellites [58, 59, 60] and use
the proximity of low Earth orbit to provide global low-latency connectivity across
the world; the related research in these areas is focused in ground-segment design
[61], dynamic resource management (dynamic beam pointing, power, and bandwidth
allocation, interference avoidance) [62, 63], and network control [64, 65]. However,
the literature evaluating the technical and financial merits of these newly-proposed
non-geostationary satellite orbit (NGSO) systems is scarce.

2.1.2 Aerial systems

Aerial systems have long been considered as a candidate solution to extend the reach
of communication networks since they can cover larger areas compared to terrestrial
systems. In this document, I shall use the term aerial systems to refer to both high
altitude platform stations and low altitude platform stations. This section provides
a literature review of the previous work done in these two fields.

On the one hand, a high altitude platform (HAP) is defined as "[...] telecommu-
nications station located at an altitude of 20 to 50 km and at a specified fixed point
relative to the Earth" [66]. HAPs are seen as the middle ground between terrestrial
and space systems, which exploit the advantages of both: providing large coverage
areas (100 - 10,000 km 2 ), requiring a small number of base stations, having low inter-
ference due to buildings and terrain obstructions, low latency, rapid, incremental, and
localized deployments, ease of maintenance, and potential for reconfiguration [67].

Research in the use of HAPs as a platform for communication services boomed in
the 2000s after ITU's WRC-97, where the spectrum allocation for HAPs services was
adopted by over 50 countries. Within that decade, several projects for the research
and development of HAPs were started, some being unsuccessful at the initial re-
search stage (SkyStation [68], HALO [69], and StratSat [70]) while others reached the
development phase. Among the latter group, some examples are aerostats (HiSen-
tinel80 [71], JAXA's SPF [72], Stratospheric Airship [73, 74], HALE-D, Stratobus
[75]), solar-powered unmanned aircraft (Helios [76, 77], Zephyr [78], Vulture [79]),
and manned aircraft (U-2, WB-57, M-55 and G520 [80, 81]). A detailed overview of
each of these systems can be found in [82].

In addition, various system analysis studies were conducted to identify key design
parameters and challenges in deploying HAPs systems, as well as to provide different
alternative architectures for HAPs [67, 83, 84, 85, 86]. The role of HAPs within
the global connectivity landscape and their interactions with existing infrastructure
(terrestrial and satellite) was the focus of [87, 88, 89]; other parts of the literature
analyzed the coverage problem (i.e., the number of HAPs required to provide coverage
to a particular region) for selected countries [84, 90, 91].
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With regard to the enabling-technologies, studies were conducted from both the
communications payload and platform perspectives. Research into the communica-
tions payload focused on the development of antennas [92], MIMO technology [93],
cognitive radio [94], and free-space optics [95] tailored to HAPs; on the platform
end, extensive research was conducted on system design and optimization of long-
endurance platforms, both for solar-powered unmanned aircraft [96, 97, 98] and air-
ships [99, 100, 101].

On the other hand, a low altitude platform (LAP) is defined as "small aerial
telecommunication stations that fly at altitudes below 1 km at specified fixed points
relative to Earth". LAPs include tethered aerostats (commonly balloons and blimps)
and station-keeping enabled UAVs. Even though the principal use cases for LAPs
have been to facilitate rapid recovery of damaged terrestrial wireless infrastructure
due to natural disasters [102, 103], to augment wireless networks to cover foreseen
massive crowd movements [104, 105], and for temporary military deployments [106],
in recent years several commercial companies have proposed using LAPs to provide
long-term communication infrastructure in rural and low-population density areas
[107].

Since LAPs fly at lower altitudes, communications are affected by similar effects as
mobile cellphone networks. Given this, research in LAPs has focused on characterizing
the link channel [108, 109, 110, 111], and developing algorithms to determine the opti-
mal altitudes and spacing between stations such that performance is maximized while
interference with existing terrestrial networks is minimized [112, 113, 114]. With the
increasing popularity of low-altitude UAVs, some cellphone companies have studied
the use of "swarms" of UAVs to form low-altitude networks that extend the existing
terrestrial networks [115, 116]. Finally, the literature in buoyancy-lift platforms, such
as tethered blimps and balloons, is not nearly as extensive and is generally focused
on platform development [117].

2.1.3 Summary of technologies to expand connectivity

Table 2.1 shows a summary of previous research in both space and aerial networks.
As can be seen, most of the works considered end-to-end models of the system, and
some identified the most important architectural decisions.

However, there is a lack of analysis involving tradespace exploration while taking
into account the economic feasibility of the different systems. This is mainly due to
the lack of reliable economic models for these systems, which are in a very incipient
stage of development.
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Table 2.1: Summary of technologies to expand connectivity

Reference
Models
end-to-end
system

Identifies ar-
chitectural
decisions

Conducts
tradespace
exploration

Evaluates
economic
feasibility

[42] Shaw 1999 Yes Yes Partially Yes
[43] Jilla 2002 Yes Yes Yes Yes
[50] de Weck 2002 Yes Yes Yes
[48] Gumbert 1996 Yes No No Yes

r [49] Kelic 1998 Yes No No Yes
[51] de Weck 2004 Yes Yes Yes Yes
[67] Djuknic 1997 Yes Yes No No
[83] Karapantazis 2005 Partially Yes No No
[85] Grace 2001 Yes Partially No No
[86] Pace 2004 Partially Partially No No

[84] Tozer 2001 Partially Yes No No
0 [90] Milas 2003 Partially No No

[91] Miura 2001 Yes No No
[108] Al-Hourani 2014 Ye

1 [111] Amorim 2017 Partially Yes No No

[112] Al-Hourani 2014 Partially Partially No No
[113] Al-Hourani 2015 Partially Partially No No

2.2 Concept selection methods

Concept selection plays a crucial role in the engineering design process since the
outcome of this step will heavily influence the quality, cost, and performance of the
final system or product. More precisely, concept selection refers to the conceptual
design stage in which, after a diverging phase where different concept alternatives are
generated, these concepts are evaluated, compared, and the best alternatives chosen
for further study in a converging phase [118].

The importance of this step stems from the fact that a bad decision made at this
juncture can rarely be corrected in later stages without incurring prohibitive high
costs and causing great delays. Because of this, a significant amount of research
has gone into concept section within the last 40 years [119]. This section provides
an overview of the different concept selection methodss (CSM)text that have been
developed, which can be broadly classified into qualitative and quantitative methods.

2.2.1 Qualitative methods

Qualitative CSMs are those that shun mathematical evaluations as part of the com-
parison, using instead subjective preferences to inform decisions. Some authors have
argued that at the initial conceptual stage of design, mathematics is of little or no
utility, perhaps even harmful to the decision-making process [1201.

According to Mattson and Messac, qualitative methods are based on three different
principles [1211:
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1. Unstructured selection methods based on individual or collective preferences

(e.g., voting).

2. Structured selection methods based on feasibility judgment, intuition, go/no-go
screening, pros and cons, and technology-readiness assessment.

3. Decisions-matrix selection methods.

CSMs that fall within categories 1 and 2 are characterized by their subjectivity
and lack of structure. They usually do not consider a fixed set of attributes, and
hence, there is no clear criterion that specifies how comparisons between concepts
should be made. In contrast, methods that fall within category 3 present a clearly-
defined methodology to compare concepts. The most popular decision-matrix method
in engineering is Pugh's method for concept selection, introduced in 1991 [122]. This
method sets a concept as the baseline (datum) and evaluates all other concepts against
it. Each decision criteria is compared against the datum, and a '+', '-', or 's' is
assigned if the concept outperforms, under-performs, or has similar performance to
the datum (respectively). The number of '-'s is subtracted from the number of '+'s,
and the lowest-scoring concepts are removed.

A more advanced design-matrix-based CSM is Quality Function Deployment (QFD)
[123], which was developed in Japan in the '60s. The most popular version of this
method is the House of Quality (HoQ), which uses a O-shaped relational matrix to
map requirements to the engineering characteristics of each concept [124]. The main
advantage of HoQ over the Pugh Matrix is that HoQ allows for the weighting of
metrics and explicit representation of coupled decisions.

2.2.2 Quantitative methods

In contrast, quantitative methods evaluate the performance of each concept against
a set of decision criteria numerically. These methods have gained popularity in re-
cent years following a movement towards employing more formal frameworks in the
decision-making process. Among the advantages of using numerical methods to per-
form concept selection are having a explicit quantification of the difference in "good-
ness" between concepts (i.e., how much better is one concept over another), the pos-
sibility of establishing weights to evaluate the relative importance of each decision
criteria, and also the possibility of incorporating measures of uncertainty into the
decision-making process.

Some of the most widely-used classes of quantitative CSMs are those based on
utility theory, which try to maximize the expected value of a utility function [125].
The utility function represents the values of a given concept according to a set of
criteria, which have each an associated weight representing its importance. Given a
concept, the designer assigns a score to each of the criteria (i.e., the utility along that
dimension), and the final outcome of the utility function is the dot product between
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the weights and scores. In the systems engineering context, this approach was first
proposed to be applied in design by Pahl in 1984 [126], and several extensions, such
as multi-attribute utility analysis, have been developed subsequently [127, 128]. The
major criticism of utility theory is the difficulty in determining a priori the shape
of the utility functions and coming up with the corresponding weight values for the
criteria.

Another popular method is analytic hierarchy process (AHP), developed in 1980 by
Saaty [129, 130]. This method involves creating a hierarchy of criteria and comparing
the pairwise-performance of all the alternatives for each criterion. The method was
later adapted by Marsh in 1993 for design decision-making [131], and an AHP-based
method tailored for concurrent-design principles and multiple-person decision-making
processes was further developed by Mullens in 1995 1132].

The three main drawbacks of the two quantitative CSMs mentioned above are that
1) they do not take into account the uncertainty in criteria and imprecise information
inherent to early decision-making stages, 2) they are typically applied to cases where
a single design is considered for each of the concepts compared, and 3) they scale
poorly when large tradespaces are considered. Different CSMs developed in the last
few years have tried to overcome these limitations specifically.

To account for uncertainty in the early decision stages, CSMs that explicitly con-
sider uncertainty modeling have been developed. We can classify these methods into
three broad categories. First, methods that use a probabilistic approach such as those
by Otto and Wood [1331, and Takai and Ishii 1134]; these add probabilistic analyses
and sensitivity methods to Pugh's matrix to quantify the probability of satisfying
each criterion (these probability values are used in-place of the '+'s and '-'s). Sec-
ond, non-classical mathematical methods based on triangular fuzzy numbers have
been used to extend AHP [135, 136, 137], which allow for the computation of the
weight vectors ranking alternatives to take into account uncertainties. Finally, fuzzy
clustering methods such as product concept generation and selection (PCGS) have
also been proposed for consumer products concept selection [138]. PCGS groups con-
cepts together with the Fuzzy C-means algorithm after capturing expert knowledge
assessments of three different domains for each concept: functional, commercial, and
marketing.

To enable more thorough tradespace exploration, methods based on evolutionary
computation have been proposed. Buonanno and Mavris argued that in most in-
stances CSMs select only a handful of designs from the billions of possible designs on
which to perform detailed analysis and (qualitatively or quantitatively) evaluate "con-
cept goodness" [15]; in order to overcome this limitation, they came up with a genetic
algorithm-based CSM that allows for the exploration of large design spaces. A genetic
algorithm is a meta-heuristic optimization algorithm that emulates the "survival of
the fittest" principle by applying bio-inspired operators to a set of candidate design
configurations [139]. Buonanno and Mavris proposed a dual-stage multi-fidelity op-
timization algorithm, where a low-fidelity fast-computation algorithm is used first to
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solve a set of two-criteria (2-dimensional) multi-objective problems in parallel, and
then the best designs from the first step are evaluated using higher-fidelity models to
determine the final designs. The method keeps iterating between the first and second
stages until convergence is achieved.

Later on, Mattson and Messac proposed a Pareto-frontier CSM [14, 16], based on
the argument that the best design configurations will be those which appear on the
global Pareto front of the multi-objective optimization problem. In particular, they
denoted the s-Pareto front (set of concepts Pareto front) as the set of non-dominated
architectures across all concepts, which forms a hyper-surface in the N-dimensional
space (N being the number of criteria considered); the "goodness" of each concept is
then measured by its contribution to the area of that hyper-surface. In the case where
the s-Pareto front is generated using a method that ensures an even distribution of
architectures, the "goodness" of a particular concept can be approximated as being
proportional to the number of architectures on the s-Pareto front [1211 derived from
that concept.

Finally, Moshaiov and Avigad have worked on the multiple-concept, multi-objective
problem [17, 140]. Their work includes tailoring evolutionary computing algorithms
such as E-MOEA [141] and NSGA-II [1421 to deal with the multi-concept approach, as
well as new methods that take into account delayed-decisions [143], tradespace explo-
ration under run-time limitations [144], and human-in-the-loop interactive approaches
[145, 146].

2.2.3 Summary of concept selection methods

Table 2.2 presents a comparison of the main CSMs in terms of whether they are
suitable for tradespace exploration and expensive function evaluation, and whether
they consider uncertainty measures. Note how the current methods that are suitable
for tradespace exploration are not valid in cases where expensive functions need to
be evaluated, as they rely on optimization methods that require a large number of
function evaluations. Conversely, methods that are currently used when expensive
functions are involved are not suitable for tradespace exploration, as only a handful
of pre-selected designs can be compared.

2.3 Tradespace exploration

As illustrated in Figure 2-1, techniques for conducting tradespace exploration (TSE)
can be grouped into three broad categories: full enumeration, sampling, and opti-
mization.

Full enumeration consists of evaluating all the configurations from the design space,
and is the preferred method when the size of the search space is small, as this provides
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Table 2.2: Comparison of concept selection methods.

Reference CSM name Considers Suitable for Suitable for
Uncer- Tradespace expensive
tainty Exploration functions

Qualitative [122] Pugh 1990 Pugh matrix No No Yes
[123] Coelho 2005 QFD No No Yes
[126] Pahi 1984 Utility functions No Partially Partially
[125] Otto 1993 Utility functions No Partially Partially
[129] Saaty 1980 AHP No No Yes
[133] Otto 1995 Probabilistic Pugh Yes No Yes

Quantitative [136] Chang 1996 Fuzzy AHP Yes No No
[138] Yan 2006 PCGS Yes No No
[15] Buonnano 2004 Variable fidelity GA No Yes No
[16] Mattson 2002 s-Pareto No Yes No
[17] Moshaiov 2007 EC for multi- No Yes No
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Figure 2-1: Taxonomy of tradespace exploration techniques.

the most information regarding the tradespace and ensures that the optimal archi-
tectures are found. In sampling techniques, only a subset of the configurations in the
search space is evaluated. This subset is chosen using a set of rules (whose objective
is to have good coverage of the design space) before evaluation. Finally, in tradespace
optimization techniques, too, only evaluate a subset of configurations, but the points
to evaluate are dynamically chosen (trying to find optimal and semi-optimal designs)
based on the values obtained from previously-evaluated points. Note that one of the
key differences between these techniques resides in the ultimate goal of the search pro-
cess: whereas for the sampling and full enumeration techniques the objective is to gain
information of the structure of the whole tradespace, for the tradespace optimization
techniques the objective is to find the best architectures.
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Tradespace optimization techniques can be further sub-divided into two categories:
derivative-based optimization and black-box functions optimization (or derivative-free
optimization). On the one hand, in derivative-based optimization, the user knows the
gradients of the function and thus can employ numerical methods such as steepest
descent or the conjugate gradient method for optimization. However, knowing the
gradients is not possible in most SAP, as the decision variables are usually categorical,
and the complexity of the problem and the interrelations between elements make the
dependencies of the system hard to model analytically (in particular, none of the SAPs
analyzed in this dissertation belongs to this category). Because of this, derivative-
based optimization methods will not be covered further in this section (a thorough
review is provided in [147]). On the other hand, black-box functions are those where,
given an input, it is possible to obtain the corresponding output, but additional
information about the gradients or the characteristics of the underlying functions is
not available. These types of functions are common in System Architecture, and the
rest of this section is devoted to reviewing past work on the optimization of such
functions.

2.3.1 Sampling

Sampling is seldom used as the only technique during the tradespace exploration
phase. Nevertheless, it is common to have an initial subset of points be selected
via sampling, evaluated, and later used to guide the search of the tradespace either
by constructing a meta-model [148] or by providing general insight to the user. In
addition to random sampling, in which configurations are selected without careful
choice, structured methods such as Design of Experiments (DoE) (also referred to as
experimental design), and probability-based sampling are also used.

The most common sampling technique is DoE, where the objective is to obtain
subsets of architectures with good space-filling properties (i.e., they uniformly cover
the design space). DoE comprises a broad set of techniques, with the most popular
being Latin hypercube sampling [149, 150], orthogonal arrays [151], and Hammersley
designs [152]. These methods are mainly used when nothing can be assumed about
the relationship between inputs and outputs of a model.

In contrast to DoE, in probability-based sampling, the user attaches probabilities
to some areas of the design space being sampled, thus evaluating more (or fewer) con-
figurations from specific regions. This allows the user to incorporate prior knowledge
and/or preference in the process; by focusing the exploration on a subspace of the
design space, they increase the likelihood of a particular set of architectures being
selected [153, 154]. Examples of probability-based sampling techniques include ran-
dom sampling, stratified random sampling, systematic random sampling, and cluster
random sampling [1551.
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2.3.2 Black-box functions optimization

Among the techniques for optimizing black-box functions, one can distinguish be-
tween model-free methods and model-based methods. Model-free methods are based
on heuristics that guide the search of the design space using the outputs already
evaluated, whereas model-based methods use the input-output pairs resulting from
function evaluations to construct a surrogate model, and use the model to guide the
optimization process.

Model-free methods

Model-free methods use meta-heuristics that mimic natural processes such as evolu-
tion (e.g., evolutionary strategies[156], genetic algorithm (GA)[157]) or swarm intel-
ligence (e.g., particle swarm optimization (PSO)[158, 159], ant colony optimization
(ACO)[160]) to obtain solutions for the optimization problem.

GAs and evolutionary strategies have been applied to solve SAPs where categor-
ical and combinatorial parameters play a crucial role, as they offer a natural way of
encoding these types of variables. In particular, GAs have been used to architect sys-
tems in the domains of space [161], communications [162, 163], suborbital spacecraft
[164], aeronautics [15], and integrated circuits [165]. GAs are based on the iterative
application of three basic operations to a population of individuals: selection of good
candidate solutions, crossover between pairs of solutions, and mutation of solutions.
The selection operation picks a subset of the population individuals as the "parents" of
the next generation; crossover combines pairs of good solutions to produce new candi-
dates; whereas mutation applies random changes to individuals to increase diversity
and avoid getting stuck in local optima.

PSO strategies are predominantly used in situations where the parameters of the
design space are continuous, while ACO is mainly used in graph-type problems. These
two types of techniques are based on swarm intelligence: PSO mimics the behavior of
flocks of birds in flight, whereas ACO imitates the procedure that ants follow when
gathering food. The general idea behind these methods is that there is a population
of agents who act according to a set of simple rules, which leads to the emergence
of "intelligent" global behavior. For example, in ACO each agent (ant) lays down
"pheromones" at levels of intensity proportional to the quality of the solution they
have found; the rest of the ants then, adapt their behavior to move towards the regions
of the space in which the "pheromones" are more intense. Analogously, in PSO,
each of the "birds" communicates with a set of neighboring birds and individually
adapts its speed to get closer to the birds that represent the best solutions within its
communication-group.

All these methods are population-based methods, meaning that multiple agents
search through the solution space cooperatively and globally. These methods rely on
randomness and repeated evaluation of the objective function to solve the optimiza-
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tion problem, which makes them poorly suited to situations where there is a tight
constraint on function evaluations.

Model-based methods

Model-based methods use the pairs of inputs-outputs from evaluations of the black-
box function to build a surrogate model, which is later used to guide the optimization
process. It is common to update the surrogate model as new points of the black-
box are evaluated. Bayesian optimization itself is a model-based method, with the
particularity that it constitutes a probabilistic framework in which prior information
about the function to optimize can be incorporated. Since Bayesian optimization is
central to this thesis, a literature review for the topic will be presented independently
in the next subsection.

In terms of surrogate modeling techniques, there are three methods that are most
prevalent in the literature: response surfaces, machine learning techniques, and Krig-
ing. A review of these methods and their applications in system engineering and
system architecture can be found in references [166, 167]. The remaining of this
section provides a brief overview of each of the techniques.

Response surface methodology (RSM) was firstly proposed in 1951 by Box and
Wilson [168]. It comprises a collection of statistical techniques, to fit a lower order
model to a set of observation points, in order to predict a set of outcomes in a
computationally-inexpensive manner. Conventional approaches employ second-order
polynomial models that are fitted to minimize the mean square error [169]. RSM has
been used extensively in engineering to perform optimization [170, 171, 172], design
exploration [173], and trade-off analysis for the effects of different design variables on
the output. In relation to system architecture analysis, RSM has been used in a wide
variety of contexts, such as the generation of Pareto frontiers with evenly distributed
points [174], architecting multiprocessor systems-on-chip [175], and aircraft design
[176, 177].

Machine learning techniques include methods such as artificial neural networks
(ANNs) and decision trees. ANNs are computational systems inspired by biological
neural networks; an ANN is composed of a set of "neurons" in different intercon-
nected layers [178]. Each neuron performs a nonlinear transformation of the sum of
its inputs. The connections mimic synapses in biological neurons, with weights deter-
mining the relative strengths of the signals from different neurons. The values of the
weights are determined when fitting the ANN model to the existing data, a process
commonly referred to as "training". ANNs are best suited for the approximation of
deterministic functions in regression-type applications [179] and should be used when
a large number of configurations can be evaluated, as training them requires a large
number of input-output pairs. A decision tree is an inductive learning method that
derives a set of rules (based on the inputs) that partitions the data into discrete cate-
gories, to which a value is assigned. Decision trees are best suited for problems where
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the inputs are discrete values, although they can also be adapted to deal with contin-
uous inputs. Both decision trees and ANNs have been extensively used as surrogate
models in optimization in multiple disciplines [180, 181, 182, 183]

Kriging is an alternative name used to refer to Gaussian process regression, in
honor of Daniel Krige, who invented the method for its application in geological
applications [184]). These techniques were not widely used in engineering design
applications before the '90s since simple computer implementations were not readily
available. This changed in the 2000s when the first Kriging software toolboxes became
widespread [185, 166]. The rising popularity of Kriging in recent years is due to
the fact that it is an extremely flexible interpolation method capable of handling
deterministic data.

Finally, in the last ten years, multi-fidelity models have gained increasing popu-
larity. The central idea of these methods is that expensive high-fidelity models are
combined with inexpensive (but less accurate) low-fidelity models to derive the op-
timal solution. A reduction of fidelity can be obtained by simplifying the physical
equations that govern the system (e.g., relaxing the constraints), as well as using
reduced-order models, a coarser discretization of the space (in finite element simula-
tion), or even historical experimental data instead of mathematical models. Most of
the work with multi-fidelity models has focused on optimization under uncertainty,
with the most common fields being fluid and solid mechanics. Theoretical papers
in these fields have focused on methods to select the surrogate models for the low-
fidelity models and methods to combine the results of these different fidelity models
[186, 187].

2.3.3 Bayesian optimization

Bayesian optimization is another model-based method for black-box optimization.
Given that an essential part of this dissertation is studying the feasibility of using
Bayesian optimization for tradespace exploration in SAPs when evaluating the per-
formance and cost of a single design configuration is computationally expensive, an
individual section has been devoted to discussing recent advances in the field.

Bayesian optimization in single-objective problems

In 1998, Jones published his seminal paper in which he described a Bayesian method
to optimize expensive black-box functions [188] (see Section 3.1). In his method,
a stochastic process which acts as a surrogate model is fitted to a set of function
evaluations ("observations"), and the surrogate model, together with an acquisition
function, is used to determine the point that is the most promising candidate for the
next evaluation. In particular, Jones made use of Gaussian processes to obtain the
fitted surface, and the decision of the next point to evaluate was based on the expected
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improvement criterion, which considers both the predicted value for each point by the
response surface and the confidence in that prediction.

Since then, considerable work has been done in the field of Bayesian optimization
to speedup convergence and reduce the number of function evaluations needed. A
significant body of research has focused on developing acquisition functions based on
probabilistic frameworks [189, 1901, optimistic policies [191, 192], and information
theory policies [193, 194, 195]. Brochu proposed an approach in which he used a
portfolio of different acquisition functions (instead of a single function), and a multi-
armed bandit approach to determine the next point to evaluate [1961. Similarly,
several authors have proposed methods to adapt the Bayesian optimization framework
to multi-task settings, where the data from one task provides information about
another task. [197, 198, 199]

In most of the earlier Bayesian optimization algorithms, the next evaluation point
is chosen in a greedy manner (looking at the immediate next step), which has been
deemed as a sub-optimal strategy [200]. This happens because making predictions
with a multi-step lookahead strategy involves computing nested expectations, which
can quickly become computationally infeasible. However, an analytical expression for
the two-step expected improvement acquisition function [200], a multi-step Bayesian
optimization [25], and a dynamic programming approach [201] have been developed.

Finally, from an application standpoint, several software packages have been de-
veloped to optimize single-objective problems using Bayesian optimization, with the
Sequential Model for Algorithms Configuration (SMAC) [202], Spearmint [203], and
Hyperopt [204] being the most popular ones. SMAC uses random forests as its sur-
rogate model, whereas Hyperopt uses tree-structured Parzen density estimators. The
main use case for these packages is hyper-parameter tuning in machine learning tasks
and automatic algorithm configuration.

Bayesian optimization in multi-objective problems

Unlike in single-objective problems, for multi-objective problems there is not a singu-
lar optimal solution, but rather a set of non-dominated points which present trade-offs.
To handle these trade-offs, numerous Bayesian optimization algorithms for multi-
objective problems have been proposed in the last ten years, the most relevant being
ParEGO [205], SMS-EGO [206], c-PAL[207, 208], SUR [209], and PESMO 12101. The
rest of this section provides an overview of each of these algorithms.

ParEGO uses scalarization of the metrics vector by introducing different coef-
ficients in each iteration, thereby transforming the multi-objective problem into a
single-objective problem. A Gaussian process model is fitted to the observations, and
the original algorithm developed by Jones [188] is used to determine the new evalua-
tion point. SMS-EGO uses the hypervolume improvement of an optimistic prediction
for each design point as its acquisition function. An extension of SMS-EGO has been
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proposed by Emmerich, using the expected hypervolume improvement (EHI) instead
of the hypervolume improvement for an optimistic prediction [211]. This metric con-
stitutes the natural extension of the approach used by Jones [188] for single-objective
problems to multi-objective problems. However, the main limitation with this ap-
proach is that there is no closed-form expression for the EHI and thus its value is
computed by numerical integration or Monte Carlo sampling. Despite the latest ef-
forts to speed up the computation of the EHI, this is still a slow process that can
only be applied to 2 or 3-objective problems.

E-Pareto Active Learning (E-PAL)[208] uses the Gaussian process predictions at
each iteration to establish an uncertainty region around each of the points. The un-
certainty region is a hyper-rectangle of size 2. (ko-(x)k+E) along each dimension of the
space, and each point is classified after each iteration as non-dominated, dominated,
or undetermined, depending on whether all of the points in its uncertainty region are
non-dominated by any other uncertainty region, dominated by at least one other un-
certainty region, or overlap with other uncertainty regions, respectively. E-PAL is best
applied towards problems where all possible design configurations can be enumerated
exhaustively (i.e., finite discrete domains), and its extension to continuous domains
is work-in-progress. c-PAL has been used during conceptual studies for FPGA-based
systems, to find optimal configurations for the LLVM compiler flags, as well as for
drug discovery research.

Sequential uncertainty reduction (SUR) [209] considers the expected decrease in
the hyper-volume metric over the whole domain of objectives, which is equivalent
to the one-step optimal policy in terms of reducing the uncertainty on the objective
function. This is a slow operation, computed by dividing the objective space into
cells and then integrating the probability of improvement over each cell.

Finally, predictive entropy search for multi-objective optimization (PESMO) [210]
uses a decoupled acquisition function (with respect to the multiple objectives), which
measures the expected reduction in entropy of the posterior distribution of the Pareto
set. Because objectives can be decoupled, one of the advantages of this method is
that there is no need to evaluate each design-configuration against all the metric
functions, which leads to important speedups. A comparison of PESMO against the
rest of the methods proved its superior performance [210]. PESMO has been thus
used for system architecture studies to design neural network hardware accelerators,
where in addition to the network performance, power is to be minimized [212].

Bayesian optimization for combinatorial problems

Bayesian optimization for combinatorial problems is very much an active area of on-
going research. Initial approaches by Moraglio generalized the Bayesian optimization
framework to combinatorial spaces by replacing Euclidean distance measures used in
the surrogate models with distance measures more suited to the combinatorial prob-
lem representation (e.g., Hamming distance (HD) or problem-tailored edit distances).
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In particular, Moraglio used an radial basis function network (RBFN) as the surrogate
model, together with the edit distance between binary strings, on the NK-Landscape
problem and outperformed model-free evolutionary algorithm approaches. Other au-
thors have since expanded on the work done by Moraglio by adapting the method for
permutation problems [213, 214] and genetic programming problems [215].

Zaefferer [2161 used a similar method based on edit distances (in particular the
swap distance and the interchange distance) to transform the discrete domain of the
combinatorial problem into a continuous domain, and then used the Efficient Global
Optimization algorithm proposed by Jones [188]. A comparison of this approach
against random sampling, genetic algorithms, and surrogate-based optimization, as
applied to several benchmark problems, demonstrated the superior performance of
Zaefferer's approach.

Baptista [217] proposed the use of a second-order sparse Bayesian linear regression
model (i.e., a model that contains first-order effects as well as interactions of up to two
categorical variables) as the surrogate model. In this surrogate model, parameters
(those that need to be adjusted using the already evaluated data-points) are treated as
random variables. This approach was shown to outperform other approaches such as
SMAC [202] and simulated annealing in binary quadratic programming, sparsification
of Issing model, contamination control, and aero-structural problems [217].

Finally, Oh presented COMBO [218], a Bayesian optimization algorithm that used
a graph to represent the combinatorial design space, with each configuration be-
ing represented as a vertex in the graph. Their method decomposed the design space
graph into the Cartesian product of subgraphs and used diffusion kernels and Gaussian
processes within the common Bayesian optimization framework. Through four dif-
ferent problems, they compared the performance of COMBO against other Bayesian
optimization methods and showed that their method is on-par with or outperforms
the state-of-the-art.

Summary of Bayesian optimization research

Table 2.3 contains a comparison of the principal work in the Bayesian optimization
literature to date. This comparison focuses on both theoretical and practical contri-
butions. Note that even though there exists broad literature in Bayesian optimiza-
tion methods for continuous problems (with both single and multiple optimization
objectives), there is a research gap on combinatorial algorithms for multi-objective
problems. Moreover, Bayesian optimization has not been applied to all types of com-
binatorial problems and has focused mainly on combining and permuting problems.
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Table 2.3: Comparison of Bayesian optimization previous work

Reference Number Purpose Comment
objectives

[189] Mockus 1975 Single Theoretical Acquisition function: EI
[191] Srinivas 2009 Single Theoretical Acquisition function: GP-UCB

Continuous [1931 Villemonteix 2009 Single Theoretical Acquisition function: IG
single- [195] Henning 2012 Single Theoretical Acquisition function: PES
objective [2021 Hutter 2011 Single Practical Software package: SMAC

[203] Snoek 2012 Single Practical Software package: Spearmint
Bergstra 2013 Single Practical Software package: Hyperopt
[205] Knowles 2006 Multiple Theoretical Adapt SMS-EGO for MO

Continuous [208] Zuluaga 2016 Multiple Practical Software package: e-PAL
multi- [209] Picheny 2013 Multiple Theoretical Acquistion function: SURobjective [210] Hernandez-Lobato Multiple Theoretical Acquisiton function: PES for MO

2016 Practical

[213] Kim 2014 Single Theoretical Edit distance to transform
Combatorial [216] Zaefferer 2014 Single Theoretical combinatorial problem in continuous

[218] Oh 2019 Single Practical Software package: COMBO
[217] Baptista 2018 Single Theoretical Sparse Bayesian linear regression 2 ,d

order model.

2.4 Research opportunities

The following key findings summarize the insight gained from the literature review:

• Although space and aerial concepts have been proposed in the past as concepts
to expand connectivity into remote regions, most of the analyses have focused
on end-to-end modeling of the system, and there is little work on a) tradespace
exploration, and b) economic factors. More precisely, the impact that space and
aerial systems might have as a cost-effective solution (versus terrestrial systems)
to connect unconnected and under-served communities has not been analyzed
yet.

e Even though there have been several CSMs that are adapted to tradespace
exploration, there are no methods for concept selection in situations where a
large tradespace of options exists, and where there is a tight budget on the
number of architectures that can be evaluated.

• Most of the methods currently used for black-box functions optimization rely
on a large number of functions evaluations. This is true for both model-free
methods and model-based methods.

* Bayesian optimization is the state-of-the-art technique for black-box functions
optimization under limited budgets, and significant work has been conducted
to apply Bayesian optimization to continuous problems, from both theoretical
and practical standpoints.

Based on these key findings, the following research gaps were identified:
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" There is a need for comprehensive techno-economic analyses that compare dif-
ferent space and aerial concepts to expand connectivity, as well as for rigorous
methods to determine the most cost-efficient architectures for each of the con-
cepts.

* There are no methods for tradespace exploration in System Architecture for
situations involving large tradespaces and requiring computationally-expensive
functions to be evaluated for each design configuration. This shortcoming arises
because most current methods employ model-free population-based evolution-
ary algorithms to explore the tradespace, which requires a large number of
function evaluations for convergence.

" Bayesian optimization for combinatorial problems being an incipient field of
research, the initial approaches taken to adapt the traditional continuous-space
method to combinatorial spaces (by using edit-distances and methods which use
inherently discrete surrogate models) should be assessed for their applicability
to SAPs.

2.5 Thesis Statement

Thus, given the research gap identified in this literature review, and to address the
research questions posed in Section 1.3, this dissertation's problem statement is:

Thesis statement

To identify the most effective space and aerial communication concepts to com-
plement existing infrastructure and expand global connectivity by:

i Developing realistic technical and financial models for each of these con-
cepts,

ii Conducting techno-economic analyses for each of the concepts proposed,

iii Comparing the impact of these concepts in terms of expanding connectivity
to uncovered and under-served regions,

using Bayesian optimization as a method to efficiently explore tradespaces
when there is a tightly-constrained budget for evaluating objective functions.
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Chapter3

Bayesian optimization fundamentals

Bayesian optimization (BO) is a set of optimization techniques used to find the ex-
trema of black-box functions that are expensive or infeasible to evaluate repeatedly.
Examples of such functions include cases where the function is computationally ex-
pensive (e.g., Monte-Carlo simulations), has an associated monetary cost (financial
investments) or moral cost (drug trials, experiments with humans or animals), and
where physical experimentation (destructive tests, prototyping) or human interven-
tion (user testing, A/B testing) may be required. In these instances, Bayesian opti-
mization is very effective in minimizing the number of function evaluations required
to locate the extrema.

In particular, this Chapter explores the following two research questions:

Research Question 3.1

Can Bayesian optimization be used in the combinatorial problems common in
System Architecture problems?

Research Question 3.2

How can Bayesian optimization be adapted to be applicable to the different
types of System Architecture problems?

3.1 Introduction to Bayesian optimization

Historically, Bayesian optimization has been used extensively for problems with the
following properties:

The input domain is Rd, where d, the number of dimension of the problem, is
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not large, normally smaller than 15.

" The function domain is compact; that is, it contains a set of limit points and is
bounded, such as {x E Rd ci < xi < bi}.

" The objective functions are continuous and present a certain degree of smooth-
ness.

" One or more of the objective functions are "expensive or infeasible to evaluate
repeatedly", either due to computational, monetary, or moral constraints.

" The objective functions are black-box functions. That is to say: when evaluating
a candidate solution point x, one only observes f(x) but does not have access to
its derivatives, which prevents us from using numerical optimization methods
such as gradient descent, or algorithms based on Newton's method.

Let us denote f(x) as the particular black-box function which is to be optimized.
One can try to model the unknown function f(x) using a cheaper-to-evaluate model-
function f(x), and then use f(x) to guide the optimization process within the search
space by balancing exploration and exploitation. The main idea behind Bayesian
optimization is to incorporate prior belief about the space of possible functions f(x)
when making the choice of f(x); even though the precise function f(x) is unknown,
some of its properties can be assumed (such as smoothness or continuity), making
some model-functions f(x) more likely than others. As its name suggests, Bayesian
optimization uses Bayes theorem to obtain the posterior probability of the model f(x)
given a set of data observations. In this context, data observations are recorded as
the set of pairs D = {(x, f(x))}I that have been evaluated so far. Hence, Bayesian
optimization computes a probability distribution for a model-function f(x) given the
data D as

Pr (fID) c Pr (DPf)P(f) (3.1)

Importantly, Bayesian optimization does not merely consist of adjusting a surro-
gate model to the observed data and using it for optimization purposes, but also uses
prior beliefs about the properties of the objective function (and therefore the model)
to compute a posterior probability distribution over the space of surrogate model
functions. Furthermore, the posterior distribution is used to determine the next eval-
uation point following some criterion which maximizes the utility of the evaluation.
The criterion is commonly given by an acquisition function which explicitly captures
the balance between exploration (evaluate new points in unexplored regions) and
exploitation (evaluate new points in the proximity of known good solutions).

Maximizing the acquisition function (also referred to as solving the auxiliary prob-
lem) is much cheaper than evaluating the objective function, and so the computational
overhead is reduced. The point resulting from the optimization of the acquisition
function is evaluated using the original function f(x), and is then added to the set
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of observations D, which is used to update the probability distribution of the model
f(x). Algorithm 1 presents the typical Bayesian optimization procedure.

Algorithm 1 Bayesian optimization

1: D = {} > Initialize observations set
2: Evaluate f(x) in k points (either randomly > Optional step

selected or using an space-filling design)
and fit initial regression model f(x)

3: for t = 0 to N do
4: Xt+1 = arg maxx a(xlDt) > Find next evaluation point xt+1 by opti-

> mizing the acquisition function (a) over f
5: Yt+1 = f(x*+1) > Evaluate the objective function at ot+1
6: Dt+1 = Dt U {(x*+1, Yt+i)} > Augment the observation set

7: Pr (fIDt) oc Pr (DtIf)P(f). > Update the posterior of the model f
8: end for

Figure 3-1 illustrates several iterations of Algorithm 1, where a single-objective
function f(x) (depicted as a red line) is to be minimized. The black dashed line
corresponds to the mean function of the model f(x), whereas the gray shaded area
represents the uncertainty around the mean. The blue line is the value of the acqui-
sition function (to be maximized). The model is initially fitted using two randomly
chosen points, and a third point (shown in Fig. 3-1a) is chosen for evaluation such
that it maximizes the acquisition function (marked with an inverted red triangle in
the Utility graph). Once the new point is evaluated, the model is updated and using
the new posterior, the next point for evaluation is chosen (Fig. 3-1b). This process
is then repeated again.

Notice how the acquisition function switches from exploration of regions where the
model-uncertainty is high (e.g., in iterations 0-5) to exploitation of good points (e.g.,
from iteration 10 onward). This trade-off is fundamental to guarantee convergence of
the algorithm towards the optimal value.

Although most of the discussion up to this point has focused on single-objective
problems, the Bayesian optimization framework can also be expanded to multi-objective
problems. In this case, the common practice is to fit a surrogate model to each of the
objective functions and use specialized acquisition functions for multi-dimensional
cases. An exhaustive comparison of proposed multi-objective acquisition functions
can be found in [2191.

Bayesian optimization has become a hot research topic in the past five years, and
the latest developments have turned it into the primary method for optimizing expen-
sive black-box functions and hyper-parameter tuning in areas like machine learning
[202, 203], algorithm configuration [220], and experimental design [221]. Section 2.3.3
contains a literature review of the latest advances in Bayesian optimization for single-
objective problems, multi-objective problems, and combinatorial problems.

37



CHAPTER 3. BAYESIAN OPTIMIZATION FUNDAMENTALS

at Qat after 0 Q

0 2 4 6 a M
x

(a)

Q1 State after2 Steps

-2

201

03

-2

2.0

1.5
x

0.51

0.0
-2.5

0

10

bi Stgae after 1 SIbeps

0 2 4 6 8
x

(b)

dl State after 5 Steps

.... ... ....

x

10

2-

1

.' 0o0o

-2 0 2 4 6 8 10
x

(d)

ft State after 1S Steos
2.0

15
x

1.0

0.5

:) -2-

-2 0 2 4 6 S 10 -2 0 2 4 6 8

(e)

10

(f)

Figure 3-1: Illustration of Bayesian optimization for a one-dimensional problem. State af-
ter a) 3, b) 4, c) 6, d) 10, e) 15, and f) 20 iterations is depicted. Upper pictures
show the objective and model functions, lower pictures show the acquisition
function.

3.2 Mathematical formulation of Bayesian Optimiza-
tion using Gaussian Processes

The previous section has introduced the three main components of Bayesian opti-
mization: computing predictions of new values using the surrogate model, choosing
the next point to evaluate using the acquisition function, and computing the poste-
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rior distribution of the model once the new point has been evaluated. This section
presents a mathematical formulation for each of those steps using a Gaussian process
(GP) as the surrogate model. Even though other non-parametric priors can also be
used, GPs are the most popular choice due to their adaptability in continuous domain
problems and well-studied mathematical formulation.

3.2.1 The Gaussian process: A Prior distribution over the
space of functions

A Gaussian process (GP) is a collection of random variables (a stochastic process), any
finite number of which have a joint Gaussian distribution [2221. Just as a Gaussian
distribution is a distribution over a random variable, defined entirely by its mean and
variance, a GP f(x) describes a probability distribution over functions, and is defined
entirely by its mean function (p(x)) and its covariance function (k(x, x')). A GP is
denoted as:

f(x) ~ 'P(p(x), k(x, x')) (3.2)

with t(x) and k(x, x) defined as,

p(x) E[f(x)] (3.3)
k(x,x') = E[(f(x) - p(x))(f(x') - p(x'))] (3.4)

Any finite collection of random variables {f(x1)...J(xm)} drawn from the stochastic
process has the following joint distribution:

f(xi)1 p(x) [k(xi, xi) ... k(xi, xm)

: Ar i •- (3.5)

f(xm) L(xm)_J Lk(xm, x1) ... k(xm, xm)J/

A GP can be thought of as a function that, when evaluated at a new point x,
returns not a scalar but the mean and variance of a normal distribution that charac-
terizes the probability of occurrence of the possible values of f(x) at point x. Note
that a GP also fulfills the marginalization (or consistency) property, which states that
the univariate marginal distribution of one component of the Gaussian multivariate
distribution is also Gaussian. Therefore, a GP is a collection of random variables
jointly Gaussian, (with mean p(x) and covariance function k(x, x'))), and each of
those random variables is itself a Gaussian random variable.

The covariance function k(x, x')) (also called the kernel) gives the covariance be-
tween pairs of random variables. A popular choice for such functions is the radial
basis function (RBF), which is given by:

k(x, ') = exp (-A X f I1). (3.6)
2
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with A being the scale parameter. It can be observed that the covariance between
two points that are very close is almost 1, whereas the further away the points, the
closer to 0 their covariance will be. The specification of the kernel implies specifying
a distribution over functions (and thus prior information regarding the function to
be optimized), as the kernel defines the covariance matrix of a multivariate Gaussian
random variable. When sampling from such distribution, different curves can be
obtained. For example, Figure 3-2 shows the effect of the parameter A on the functions
drawn from the posterior (i.e., the RBF prior conditioned on the sample points) after
fitting the GP to four sample points (yellow squares). It can be observed that the
smaller the value of A, the larger the variability in the sample functions obtained
(when fitting the Gaussian process to a set of 4 sample points).

2 2 2

0 0 0

-2- -2 -2-

-3 ..- 3 -31
-6 -4 -2 02 4 6 -6-4-2 02 4 6 -64-4 -2 02 4 6

x x x

(a),A=\ (b) A = (c) A = }
Figure 3-2: Effect of the scale parameter A on the sample functions obtained from a Gaus-

sian process (GP) that uses the RBF kernel and has been fitted to four samples
points (yellow squares).

3.2.2 Acquisition functions

The other important piece of the Bayesian optimization procedure is the acquisition
function, a(x). The acquisition function guides the search for optima, balancing ex-
ploration of new points with exploitation of already known areas. To select the next
point to evaluate, one has to solve the subproblem of maximizing the acquisition
function. Expressed mathematically, the next point to evaluate for the expensive
function f(x) is x* = arg maxx a(x|Dt). Since this subproblem uses the surrogate
model, evaluations of the acquisition function a(x) are cheaper compared to evalua-
tions of the original function f(x), and therefore the optimization of the acquisition
function is computationally tractable.

The main idea behind the acquisition function is that it serves as the lever control-
ling the exploration-exploitation trade-off. As with any global optimization problem,
one is presented with the following disjunctive: is it better to exploit regions of the
space that are already known to render good solutions (small value for f(x)), or
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to explore new areas where there is a large uncertainty (large variance u(x) in the
posterior distribution) regarding the values of the function?

To address this question, several acquisition functions have been proposed in the
literature both for single and multi-objective problems. Below is a summary of these
functions:

Single objective acquisition functions

" Upper confidence bound (UCB): The upper confidence bound acquisition
function uses an optimistic approach, establishing a fixed probability of im-
provement for each point (that is, an upper bound). Analytically, the value of
the acquisition function is given by

a(x; D) = -(x) + n(x) (3.7)

where the optimal value of #n can be determined for each of the iterations of
the Bayesian optimization algorithm [223, 191].

Note that in this acquisition function the value of parameter On balances the
importance of the mean function of the model (p(x)) and the standard deviation
or uncertainty function (a(x)) in selecting the next evaluation point. If the value
of #n is very high, the acquisition function will have a maximum in regions where
the value of a(x) is large, thus favoring exploration of regions where there is large
uncertainty. In contrast, if the value of on is small, the acquisition function will
have a maximum where p(x) is small, thus exploiting those regions of the input
space where good solutions (assuming that we are trying to find the minimum
the black-box function) have been found. Thus, when using this acquisition
function there is an explicit trade-off between exploration and exploitation.

" Probability of improvement (PI): The PI criteria calculates the probability
that when evaluating a new point x it would render an improvement upon a
threshold r [224]. When using a Gaussian process as the model, it is computed
analytically as

a(x; D) = Pr(f(x) > -r) = <D (I(x) T) (3.8)

where <D is the cumulative distribution of the standard normal distribution.

" Expected improvement (El): The El is similar to the probability of im-
provement, but it incorporates a measure of the amount of improvement [189].
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For Gaussian processes it is computed as:

a(x; D) = E[max(f (x) - T, 0)] = (3.9)

= (p(x) -x() + o X) .

where <D is the cumulative distribution of the standard normal distribution, # is
the probability distribution function of the standard normal distribution, and
r is a parameter that determines the amount of exploration done during the
optimization (the larger the value of T the more exploration).

* Predictive entroypy search (PES): Predictive entropy search is an information-
theory based acquisition function which selects the point that maximizes the
information-gain. Computing the entropy search analytically is prohibitive for
continuous spaces, and therefore it is commonly evaluated numerically using
Monte-Carlo or Thomson sampling [225]. In particular, the expression to be
approximated is:

a(x; D) = H(x*ID, x) - Ep(yD,x) [H(x*ID U (x, y))]. (3.10)

where H(x) = -f p(x) logp(x) is the differential entropy, x* represent the
unknown global optimum, and the expectation is taken with respect to the
posterior predictive distribution of y given x.

Multiple objective acquisition functions

* Expected hypervolume improvement (EHI) [219, 226]: the EHI is the
analogous metric to the El criteria in one-dimensional problems. The hyper-
volume is a scalar measure of the space dominated (with respect to a reference
point) by the Pareto front. The hypervolume of the Pareto front, with respect
to a reference point P = {P1, ... ,PD} E M, is defined as the Lebesgue measure
of the intersection of the globally-dominated set1 , and the hypervolume defined
by {0, P1] x [0,p2] x ... x [0,pD]}, where pi are the coordinates of a reference
point, and a D-dimensional space is considered.

The idea of the hypervolume measure is better understood if shown pictori-
ally, as illustrated in Figure 3-3a. In the figure, the plain-gray shaded area is
the hypervolume measure of the Pareto front, represented by the black points;
the white dots represent dominated points, and the line pattern shaded area

1 The dominated set of a point p* (D..) is the set of points that are dominated by that point:
Dp- = {p E M : t -- p*. The globally-dominated set (Dm), is the union of the dominated sets of
all the elements of the Pareto front.

DM= U D-= U {pEM: p-< *} (3.11)
pE*PF(M) y*EPF(M)
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represents the dominated set by point A. The hypervolume measure is the hy-
pervolume of the union of the dominated sets of each of the points on the Pareto
front.

The EHI represents the expected improvement in the hypervolume measure,
relative to the Pareto front of the points that were previously evaluated. The
hypervolume improvement is simply the difference between the hypervolume
measure with and without the new point, which will be > 0 if and only if the
new point is not dominated by the current Pareto front. Since the surrogate
model provides a probability distribution for the value of the new point, the
value of the hypervolume improvement needs to be weighted according to the
PDF of the new point, and therefore, one would compute its expected value as

at(x; Dt) = E [HVI(x)] = J[HV(PF(D) U f(x)) - HV(PF(Dt))] p(f x)df =

f(x)

= HV(PF(Dt) U f(x))p(f x)df - HV(PF(Dt)), (3.12)

f(x)

where Dt are the previously evaluated data-points, and PF(-) and HV(-) are
functions to compute the Pareto front and hypervolume measure respectively.

This same concept is illustrated in Figure 3-3b, where the checked pattern area
represents the hypervolume improvement of point f(x), and the yellow-shaded
area is the probability distribution of the value of the new point.

* PmaonFont point \X Domnawted set of point A •Paeto Font points Hprekn

000 1ointe points Hyperwokum Domninatedpoints, - 4h -?-|yperohn eimp een

(a) Conceptual representation of the hyper- (b) Conceptual representation of the ex-

volume metric. pected hypervolume improvement.

Figure 3-3: Conceptual representations of the a) hypervolume measure and b) expected

hypervolume improvement.

e Predictive entropy search (PES): PES can be applied to multi-objective

problems by maximizing the expected reduction in the entropy of the posterior
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distribution over the Pareto set (X*) [2101. The formulation is similar to Eq.
3.10:

an(x) = H (X*|Dn) - E [H [X*(Da U {(x, y)})] (3.13)

Since this expression is impractical to evaluate exactly, its value can be approx-
imated using expectation propagation [2101.

• Sequential uncertainty reduction (SUR) [209]: SUR chooses as the next
evaluation point the one which maximizes the reduction of the volume of the
excursion sets below the current Pareto set. This excursion set below the current
Pareto set measures performance with regard to the optimization problem; the
volume of the set is large if the optimum is not well located, and small if
little is to be gained from extra evaluations). The SUR metric is computed
via numerical integration of a tessellation of the space using hyper-rectangular
cells, and is best suited for problems with 2 or 3 output variables [2091.

3.2.3 Posterior distribution computation

Throughout the optimization process, we are interested in deriving the posterior
distribution of a new observation. This involves using existing observations of the
black-box function to fit a GP model and then use the model to compute the posterior
of new points. With a given set of n pairs of observations D = (x, f(x))", the objective
is to predict the outcome of the black-box function at a new point Xn+1. Then, the
prediction (fn+1) would be jointly Gaussian with the points already evaluated (f) in
D, and their joint distribution according to the prior is given by:

L (,[ k (3.14)fn~t (xn+1 k' k(Xn+1, xn+1)

where K is the n x n covariance matrix, and k is the 1 x n vector of covariance
values between x 1, and x, as defined below:

x = [Xi X2 ... Xn] (3.15)

i= [f(x1) f(x2) ... f(xn))] (3.16)

k = [k(xn,+1, x1) k(xn,+1, X2) ... k(xn+1, xn)] (3.17)

k(x1, x1) ... k(zi, Xn)

K = (3.18)
k(xnxi) ... k(xn Xn)

Matrix K must be semi-definite positive (and thus invertible) to be a valid covariance
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matrix corresponding to a multivariate Gaussian distribution. This is guaranteed
as long as the covariance function k(x, x'), normally denoted as the kernel, fulfills
Mercer's theorem [227].

The posterior over the space of functions for fn+1 is obtained by conditioning the
joint Gaussian prior distribution on the observations, which results in:

f(Xn+1 ) = I(Xn+ 1 ) + kTK-1(f - p(x)) (3.19)

whereas the variance of the predictive distribution is given by:

.2+ = k(x,+1, xn+ 1) - kTK-1k. (3.20)

Thus, one can compute the conditional distribution of a new point x,, by substitut-

ing xn+1 with x,, and evaluating Eq. 3.19 and Eq. 3.20. However, making predictions
using the Gaussian process is expensive, as it involves inverting the covariance ma-
trix K, an 0(n') operation, where n is the number of observations. To reduce the
computational burden, given that K is a semi-definite matrix, one can compute its
Cholesky factorization (as denoted in Eq. 3.21) once, store it in memory, and then
use it to predict new values, which lowers the cost to 0(n2 ).

L = cholesky(K) (3.21)

Once L is obtained, the posterior values of x,, can be computed as follows. Let
k, = [k(x*, x1) k(x*,x 2) ... k(x,, xn)], then the auxiliary variables a and v are
given by:

a = L T\(L\y), (3.22)
v = L\k,, (3.23)

and can then be used to compute the value of the posterior distribution on a point
x, as

f(x,) = krTa (3.24)

c-(x,) = k(x,, x,) - vTv (3.25)

Compared to the direct inversion of the covariance matrix, this approach is not only
faster but also more stable numerically.
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3.3 Types of decision patterns in System Architec-
ture problems

Before discussing how to adapt the BO formulation presented above to SAPs, it is
important to understand the nature of the problems faced when conducting System
Architecture tasks.

Most of the System Architecture frameworks developed in the last years revolve
around the decision-making process during system conception. Many of the tasks
that a system architect needs to conduct would benefit from being formulated as a
decision-making problem in a mathematically rigorous manner, as this enables the
designer to: a) better understand the problem at hand, since all the tradespace options
can be enumerated systematically, and b) conduct optimization over the tradespace of
options efficiently by using well-established methods and tools, thereby saving time
and resources. Instances of such tasks include allocating goals to solution-neutral
functions, decomposing or aggregating elements of form, mapping elements of function
to elements of form, specializing elements and form, or connecting function to form
[381.

With this goal in mind, Selva introduced in 2012 a set of 6 different patterns which
can be employed to gain insight into the decision-problem. These patterns are the
combining pattern, the assigning pattern, the downselecting pattern, the partitioning
pattern, the permuting pattern, and the connecting pattern. The rest of this section
is devoted to describing each of the patterns, assuming (without loss of generality)
that there is a single-objective function to be minimized.

Combining Pattern

The combining pattern can be described as follows: given a set of decisions D =
{di, d2 , ... , dN} each with a set of possible options 0, = {oi, i2, ---, Oiki}, select one op-
tion for each decision such that the objective function is minimized. Mathematically,
it is formulated as:

x* =arg min f (x), (3.26)
x

x = [x1 x 2 ... XN, i EOi

where x is an assignment of options to decisions (an architecture), and f(x) is the
objective function. Figure 3-4 contains a visual representation of the combining pat-
tern, as well as three example architectures and a possible encoding of these. The
encoding is performed using a vector of N positions where the number on the i-th
position corresponds to the option chosen for the i-th decision.

The combining pattern is the most popular pattern for SAPs, appearing in the
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.:Options

Decision 1 Option1  Optiona Option 3  Option14  Option1s
C

Decision 2 Option21  Option2 Options

Decision 3 Option31 Option32 Option33 Options,4

Figure 3-4: Visual representation of the combining pattern (left), three example architec-
tures (center), and a possible encoding of the architectures (right).

mapping elements of function to elements of form" and "specializing elements of
form" tasks, as well as on experimental design, decision trees, and morphological
matrices.

Assigning Pattern

The assigning pattern can be described as follows: given two sets of entities S =

{ei, e2, -- , eN} and 8' = {e'1, e'2, -- , e'}, assign entities from set 8 to entities in set

8' such that the objective function is minimized. Note that an entity in 8 can be
assigned to none or multiple entities in 8', and that an entity in 8' can have none
or multiple entities from 8 assigned. An alternative formulation of the problem is to
assign a subset of 8 to each entity in 8'. Mathematically, it is formulated as

x* =argmin f (x), (3.27)
x

x=i[Si S2  ... S ], Sic ,

where x is an assignment of entities in 8 to entities in 8', and f(x) is the objective
function. Figure 3-5 contains a visual representation of the assigning pattern, as well
as two example architectures and a possible encoding of these. The encoding is done
using a vector of M positions (dimension of8E'), where the element in the i-th position
is a set (represented using a variable size vector) containing the index of the elements
from 8 assigned to e's.

Eemnt Eement Element  Element1  Element  Element   
x = ([1, 3], [1], [2, 4]}

Elmn2Element2  Element Element 2  Element leet

Element 3  Lemnt   E Elements E X = {[1, 2, 4], [1, [2])

Element4  Element

Figure 3-5: Visual representation of the assigning pattern (left), two example architectures
(center), and the encoding of the architectures (right).

Downselecting Pattern

The downselecting pattern can be described as follows: given a set of elements
8 = {ei, e2 , ---, eN}, select a subset ofelements from 8 such that the objective function

x = {Option,,, Option 23, Option32} x = [1, 3, 2]

x = {Option,,, Option22, Option34) x = [5, 2, 4]

x = {Optionl3, Option21 , Option32} x = [3, 1, 2]
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is minimized. Mathematically, it is formulated as

x* = arg min f (x), (3.28)

X= [x   x 2 ... XN], xi E [0, 1],

where x, is a vector encoding the elements that have been downselected (1 indicates
selection, 0 not selection), and f(x) is the objective function. Figure 3-6 contains a
visual representation of the downselecting pattern, as well as three example architec-
tures and a possible encoding of these. The encoding is performed using a binary
vector of N positions, where a 1 in the i-th position denotes that element ei has been
selected.

x = {Element 2, Element3, Elements) x = [0, 1, 1, 0, 1]
Elements (E)

x = [0, 0, 1, 1, 01Element1  Element2  Elements  Element4  Element5

x = {Element,, Element3, Elements} x = [1, 0, 0, 1, 1]

Figure 3-6: Visual representation of the downselecting pattern (left), three example archi-
tectures (center), and a possible encoding of the architectures (right).

Downselecting patterns are common when one has to choose a subset of objectives
or assets, such as when defining the scope of the system, or when picking a set of
ground stations from a pool of candidate locations. Among combinatorial optimiza-
tion problems, the 0-1 knapsack problem is best represented using the downselecting
pattern.

Partitioning Pattern

The partitioning pattern can be described as follows: given a set of elements
E = f{e1 , e2, ..., eN}, divide the elements in S into mutually-exclusive, collectively-
exhaustive (MECE) subsets such that the objective function is minimized. In other
words, for an architecture to be valid, each element of S must be in one and only one
subset, each subset must have at least one element, and the union of all subsets must
equal S. Mathematically it is formulated as

X = arg min f (S), (3.29)
S

S = (S1 S2 ... Sm] , Si C E, Si # {0}

s.t.

US = S (3.30)
i=1
m

o Si = 0,
i=1
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where S is the collection of MECE subsets (a partition ofE), and f(S) is the objective
function. Figure 3-7 contains a visual representation of the partitioning pattern, as
well as three example architectures and a possible encoding of these. The encoding is
done using a variable-length vector, where each element is a subset (also represented
by a different variable size vector) containing the index of the elements from 8 assigned
to a particular subset.

x = {{Element2, Element 4}, {Elementl, Element}} x = [[2, 4], [1, 3]]

Elements (E)
x = {{Elementi, Element2, Element3}, {Element4}} x = [[1,2,3], [4]]

Element,  Element 2  Element 3  Element 4

x = {{Element2, Element4}, {Element1}, {Element} x = [[2, 4], [1], [3]]

Figure 3-7: Visual representation of the partitioning pattern (left), three example archi-

tectures (center), and a possible encoding of the architectures (right).

Permuting Pattern

The permuting pattern can be described as follows: given a set of elements 8 =

{ei, e2 , ..., eN} and n positions, assign each of the elements in 8 to one position such

that the objective function is minimized. Note that this is equivalent to finding

the sequence (or ordering) of elements in 8 that minimizes the objective function.

Mathematically, it is formulated as

x* =arg min f (x), (3.31)
xCn

where x is a permutation of the elements in 8, nl is the set of all permutations, and

f(x) is the objective function. Figure 3-8 contains a visual representation of the

permuting pattern, as well as three example architectures and a possible encoding of

these. The encoding is performed using a vector of N positions where the number i-th

position corresponds to the index (j) of the element (ey) that occupies that position.

x = {Element 2, Element 4, Element,, Element3} x = [2, 4, 1, 3]

El , Element El x = {Element 2, Element,, Elements, Element4} x = [2, 1, 3, 4]
Element1  Element 2  Elementa  Element 4

x = {Element4, Element2, Element3, Element,) x = [4, 2, 3, 1]

Figure 3-8: Visual representation of the permuting pattern (left), three example architec-

tures (center), and a possible encoding of the architectures (right).

Permuting patterns are common in SAPs that involve the determination of a se-

quence of actions, such as in scheduling or DSM functional sequencing. Moreover,

several classical combinatorial optimization problems are best represented by this

pattern; these include the traveling salesman problem (TSP), quadratic assignment

problem (QAP), linear ordering problem, and flow shop problem (FSP).
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Connecting Pattern

The connecting pattern can be described as follows: given a set of nodes A' =

{Ni, n2, ... , nN}, determine the connections among nodes such that the objective func-
tion is minimized. In other words, given the set of nodes, assign a set of edges
e = (ni, n3 ), i # j that minimizes the objective function. Since the connecting pat-
tern is rather infrequent in SAPs, and when it does occur, the number of potential
edges for the graph tends to be very large, these types of problems are not well suited
for Bayesian optimization (which requires low input dimensionality), and therefore
will not be considered further in this dissertation.

3.4 Adapting Bayesian Optimization to System Ar-
chitecture problems

Section 3.1 introduced the fundamentals of Bayesian optimization and the conditions
under which BO works best. Among these conditions were the continuity of the
function domain and the function image; however, these rarely occur in System Ar-
chitecture problems (SAP). Specifically, the following issues are commonly present in
SAPs:

" Most of the decision variables (input space) are categorical. This makes it hard
to use traditional regression methods (such as Gaussian processes) in which the
variables are assumed to be continuous.

" Moreover, the discrete decision variables often correspond to decisions involving
combinatorial problems, which have their own characteristic structure (i.e., a
set of permutations, a set of partitions).

• It is not uncommon for certain combinations of decision-values to render in-
feasible architectures (in that they do not satisfy the system requirements),
which might not be known until after the expensive function has been evalu-
ated. Hence, even though the function domain is a countable set, it might be
impossible to define valid architectures pre-evaluation.

While the first two issues can be overcome by adapting the BO formulation to
combinatorial problems (as described below), the third is more problematic. If the
problem at hand is such that invalid architectures occur frequently, then BO is in
general a bad option, since there is no mechanism to introduce information regarding
infeasible architectures into the model.

As explained in Section 3.2.1, the most common approach for Bayesian optimiza-
tion is to use a Gaussian Process with a radial-basis function (RBF) covariance func-
tion (kernel) which uses the Euclidean distance between points. The RBF kernel is
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defined as

k(x, x') = exp -A - Xj112. (3.32)
2

Thus, taking this into account, there are three main strategies to adapt Bayesian
optimization to combinatorial problems:

1. Use a different model, better tailored for SAPs than the Gaussian process.
Rather than using a continuous surrogate model, one can use models better
suited for combinatorial problems, as long as they provide a measure of un-
certainty in the prediction. Examples of such models are random forest or
tree-structured Parzen estimators.

2. Use a different covariance function, well suited for combinatorial prob-
lems. For some decisions patterns (e.g., combining or permuting patterns), it is
possible to use tailored covariance functions.

3. Use a different distance function that adapts to the combinatorial space. In
this approach, the combinatorial nature of the problem is abstracted by defining
a distance function between points of the input space. This distance function
is specific for each type of decision pattern, and is later used in-place of the

Euclidean distance in a RBF kernel, which becomes k(x, x') = exp (-A d('2

Combinations of the above strategies are also possible. For example, different
kernels can be used with different distance functions.

The rest of this section details these three alternative approaches, which will be
explored when assessing the suitability of BO as an optimization method for SAPs
involving expensive black-box function evaluations.

3.4.1 Using other models better suited for System Architec-
ture problems

Bayesian optimization can be used with other types of probabilistic models. As long
as a model predicts both the expected value and the variance of any new point, it
can be adapted for use in the Bayesian optimization framework. Examples of such
models that have been studied in the literature include random forests (using the
mean and variance of the predictions by each of the decision trees in the model), and
tree-structured Parzen density estimator (TPE).

Random forests are an ensemble learning method for regression which use a mul-
titude of decision trees. Each decision tree is trained individually using a different
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set of training data-points, usually chosen by repeated sampling of the data (with re-
placement). In general, decision trees that are grown very deep tend to overfit to the
model, thus producing low-bias but high-variance estimates [228]. Random forests
reduce the variance by averaging the predictions of multiple independent trees. In
particular, assuming that T trees are used in the random forest algorithm, the pre-
dicted value and variance for a particular point x' are:

B

P W)= ft(X') (3.33)
t=1

t(ft(z') - pt(z'))2 (.4o-(x') = (3.34)t~a (X' li T -- 1

where ft(x) denotes each of the trees.

A tree-structured Parzen density estimator is a model well suited for tree-structured
input spaces (where the valid options of some decisions depend on the values of other
prior-decisions). The model splits the observations into two groups: the first group
is comprised of the best performing -y observations (where -y is a fraction of the
total number of observations), and the second group contains the other observa-
tions. Then, the likelihood probabilities of a new point coming from each group (i.e.,
p(x E group 1ly), p(x E group 2|y)) is modeled using two different Parzen estimators.
Then, the value of p(ylx) can be computed using Bayes rule since p(y) = y

When these models are employed, the mathematical expression for the posterior
distribution and the acquisition function, must (in most cases) be adapted accordingly
to the characteristics of the model. If interested, the reader can find the formulations
for the cases of random forests and TPE in references [202] and [204].

Besides, one can derive alternative models using ensemble methods, which are
composed of multiple regression models trained with different subsets of the training
data (similar to cross-validation). However, this approach has some disadvantages, as
the estimated uncertainty can be non-zero at the already evaluated samples (thus in-
troducing a non-existent noise at those points) and longer training times are typically
required.

3.4.2 Tailoring kernels to System Architecture problems

The kernel of a Gaussian process refers to the functions used as the covariance func-
tions. For k(x, x') to be a valid covariance function, it must be positive semi-definite,
as stated in Mercer's theorem. Multiple stationary kernels have been proposed for con-
tinuous domains, the most common being the squared exponential kernel (or RBF),
the -y-exponential kernel, the rational quadratic kernel, and the family of Matern
kernels.
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In this section, I will focus on the definition of kernels that are suited to combina-
torial problems similar to those present in SAPs, as presented in Section 3.3.

Permutation Kernels

Given two permutations o, and o-', let us define nd(o, a') and nc(o-, o') as the number
of discordant and concordant pairs respectively between the two permutations:

nd(o, O') = 1 (1,(i)<,(j)1>(> (-)+ l1cY),>01(2-)<0,())
i<j

nc(a, ') = () - nd(o, o')

(3.35)

(3.36)E (10(i)<,(j)Zo'(i)<0'()+j
i<j

10(i)>0,j)110'(i)>0'(j)

These two quantities can be further used to define two kernels that measure the
similarity between o- and a':

1. The Mallows kernel is defined for A > 0 as

ka, o') = e-And(o''') (3.37)

2. The Kendall kernel is defined as

(3.38)k,T(or, o) nc(o-, a') - nd(O-, o')

()

3.4.3 Tailoring distance functions to System Architecture prob-
lems

This approach exploits the mathematical encoding for each of the decision patterns de-
veloped by Selva to compute distances between configurations in the input space, thus
transforming the combinatorial domain into a continuous domain. These distances
can then be used together with distance-based kernels in the traditional Bayesian
optimization framework.

As an example, a very commonly used kernel is the RBF kernel, defined as:

k(x, x') = exp ( A l1X l) = exp -A dE'(, X), (3.39)
2 2 -

with p and A being two parameters of the model. In the traditional formulation, the
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Euclidean distance (||x - x'| ) between points is used; in this approach, one would
use the same kernel but with a new distance function tailored to each specific SAP.

k(x,x') = exp - dSAP(XI x) (3.40)

Combining and Downselecting distance functions

A natural choice for a distance function for the combining and downselecting problems
is the Hamming distance. Given two vectors (a, a') containing the same number of
elements (n), the Hamming distance is equal to the number of elements that are
different:

dH (, a, ZI(ai, o) where I(x, y) = X = (3.41)
= I y

In addition, the weighted Hamming distance (dHW(O, U')) is obtained by multiply-
ing each of the terms in Eq. 3.41 by a coefficient wi, as shown in Eq. 3.42. These
coefficients are useful in situations where the decisions (or elements) have different
magnitude contributions to the objective function. When this distance function is
used, the kernel is called an anisotropic radial-basis function (ARBF), and the values
of the weights are adjusted during the model fitting process.

n

dHw (a, o') E Zwj(oi, a) (3.42)
i=O

Partitioning distance functions

Similar to the combining and downselecting cases, a kernel for the partitioning prob-
lem can be constructed using an alternative distance function in the RBF kernel.

An appropriate distance measure for the partitioning pattern is the Damerau-Levenshtein
distance (dL(U, U')), which, given two partitions o- and a', measures the minimum
number of operations that would be needed to transform o- in a'. An operation is
defined as moving an element from a subset to another; for example, given the par-
titions - = {{ei, e2 , e3 }, {e 4 , e 5 }, {e6 }} and a' = {{ei, e 3 }, { 2 , e5}, {e4 }, {e 6 }}, the
Damerau-Levenshtein distance equals 2, as a can become a' by moving e 2 to the
second subset, and then moving e4 into a new subset.
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Permuting distance functions

The permuting pattern also allows for the Hamming distance, which in this case
accounts for the number of elements in different positions of the permutation wr. In
addition, as already introduced in Section 3.4.2, the number of discordant pairs can
be used as a distance function.

3.4.4 Numerical conditioning of the covariance matrix

Using the Gaussian process to predict the value of new points requires the inversion
of the covariance matrix. For this inversion to be possible, the determinant of the
covariance matrix must be non-zero. Moreover, if the covariance matrix is positive
definite, its inverse can be computed efficiently using the Cholesky decomposition, as
detailed in Section 3.2.1. However, due to the substitution of the Euclidean distance
with a custom distance function, the covariance function might lose its positive semi-
definiteness, and the covariance Matrix cannot be inverted. Moreover, the numerical
conditioning of the covariance matrix might cause errors in the Cholesky decompo-
sition due to machine precision (i.e., when some of the eigenvalues of the covariance
matrix are close to zero). This often happens when two input points used to compute
an element of the covariance matrix are very close to each other in the input-space.

To avoid this, a multiple of the identity matrix is added to the covariance matrix,
using the procedure described in Algorithm 2, such that it becomes positive definite.
First, parameters # and ro are initialized to values equal to the Frobenius norm and
the minimum (positive) element of the diagonal of the covariance matrix, respectively.
If no positive element in the diagonal can be found, To is simply initialized to /2.
Then, the algorithm tries to compute the Cholesky decomposition of K +TkI. If suc-
cessful, the algorithm terminates; else, the value of Tk is updated to be the maximum
between 2 Tk and /2.

Due to its simplicity, this strategy is preferable to other methods in which ad-
vanced modified factorization of the covariance matrix is required. However, there
are two disadvantages inherent to this method: first, the Cholesky decomposition of
the matrix needs to be computed multiple times, which makes the algorithm slow;
second, the final value of r might be quite large, and thus, the resulting matrix could
be very different from the original matrix.

The final value of r can be interpreted as a random noise contribution to the modi-
fied covariance matrix K' = K+rI. If this noise is very large, it might overpower the
information contained in K. However, this has not been an issue in the experiments
in Chapters 4 and 5, where there has seldom been need for numerical conditioning of
the covariance matrix. When the procedure described in Algorithm 2 was run, the
values of T have been small relative to the rest of the eigenvalues in K.
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Algorithm 2 Cholesky with multiple of identity

1: # +- ||KH|F
2: if mini kii > 0 then c> Assign initial value for ro.
3: TO- 0
4: else
5: To <-#/2
6: end if

7: for k = 0, 1, 2, ... do > Iterate until a successful factorization is possible.
8:
9: Try to compute the Cholesky factorization (L) of K + TkI

LLT = K + kI
10: if factorization was successfully then
11: return L, T

k

12: else
13: Tk+1 *- max(2rk, /2)
14: end if
15: end for

3.5 Chapter conclusions

This chapter introduced the concept of Bayesian optimization and studied how one
may adapt the traditional formulation, appropriate for continuous domain problems,
to the most common combinatorial problems that practitioners face in the field of
System Architecture. The main conclusions of this chapter are:

What is Bayesian optimization? Bayesian optimization is an effective way of
exploring the tradespace when one is limited by the number of function evaluations
that can be carried out. The approach uses a model (which is cheaper to evaluate)
together with an acquisition function to guide the optimization process. The Bayesian
optimization algorithm has four steps: evaluate a new point using the expensive
function, update the data-set of points evaluated, fit (or update) a model using the
data-set of points evaluated, then find the next point to evaluate by maximizing the
acquisition function obtained from the model.

Research Question 3.1

Can Bayesian optimization be used in the combinatorial problems common in
System Architecture problems?

Even though most of the research on Bayesian optimization addresses continuous
domains, it is possible to adapt the formulation and algorithms to combinatorial
domains as long as the dimensionality of the problem is small (d < 20) and infea-
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sible architectures can be detected without the need to evaluate them explicitly (or
alternatively, if valid architectures can be systematically enumerated).

Research Question 3.2

How can Bayesian optimization be adapted to be applicable to the different
types of System Architecture problems?

Bayesian optimization can be adapted to combinatorial problems by using different
models (e.g., random forest, tree Parzen estimator), different kernels (e.g., Mat6rn,
Kendall, Mallows), and different distance functions (e.g., Hamming distance, Damerau-
Levenshtein distance). The appropriate technique(s) would depend on the type of
combinatorial pattern involved. When using these techniques to adapt Bayesian opti-
mization, the covariance matrix might become ill-conditioned or lose its positive-semi-
definiteness. This challenge can be overcome by the use of numerical re-conditioning
methods on the covariance matrix.
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Chapter4

Bayesian Optimization for

Single-Objective SAPs

The adapted BO procedure from Chapter 3 is first validated against scenarios involv-
ing single-objective SAPs. Although this is not the norm, given that SAPs typically
present trade-offs among multiple objectives, evaluating the proposed method as ap-
plied to single-objective problems will help us understand its strengths and limitations
before considering expanding its applications to multi-objective problems.

Hence, the core research questions of this chapter are:

Research Question 4.1

Is Bayesian optimization a suitable method to solve one-dimensional System
Architecture problems?
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Research Question 4.2

Which of the methods to adapt Bayesian optimization to combinatorial prob-
lems is most effective for each of the decision patterns common in SAPs?

Research Question 4.3

What is the improvement achieved by using Bayesian optimization, compared
to other methods currently employed in the literature?
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4.1 Methodology overview

In this chapter, a set of artificial test problems are used to demonstrate that BO can
indeed offer improvements, vis-a-vis model-free optimization algorithms and other
methods in the literature (when applied to combinatorial patterns). Specifically, the
following methodology is used:

1. Define a library of test problems for five of the six decision patterns described
in Section 3.3. The connecting pattern is not analyzed for two reasons: first,
it is a rather uncommon decision pattern in SAP; second, it is normally a very
high-dimensional problem and thus not well suited to Bayesian optimization
methods.

2. Define the set of optimization methods to study. Some of these methods are
Bayesian optimization methods (i.e., the three approaches described in Section
3.4), whereas others are existing optimization methods commonly used in the
literature.

3. Run each optimization method (when applicable) on each test problem, impos-
ing a limited budget of Nf function evaluations (where Nf depends on the size
of the design space of the function being optimized). To obtain statistically
significant results, 20 runs with different random seeds are computed for each
method.

4. Finally, the these results are analyzed to rank the different optimization methods
and conduct time-savings studies.

Note that this methodology results in a large number of optimization runs since
there are 5 patterns, each with 8 - 12 test problems, 6 - 13 optimization methods
being considered, and 20 runs conducted per combination (resulting in more than
10,000 individual optimization runs). The rest of this chapter discusses each of the
points above in detail.

4.2 Library of Test Problems for System Architec-
ture problems

The performance of the Bayesian optimization framework is compared against other
optimization methods using a library of test problems for each decision pattern com-
mon in SAPs. The test problems selected for the library include both real prob-
lems from the literature as well as synthetically generated functions where the input-
dimension and the degree of interaction between inputs can be tuned. In total, 12
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different classes of problems are considered, and 65 different single-objective test prob-
lems are included in the library. The same objective holds across all test problems,
which is to minimize a given function, as described further below.

4.2.1 Assigning Pattern

Instances of the generalized assignment problem (GAP) are used to test the effec-
tiveness of Bayesian optimization when applied to assigning patterns. In the GAP,
there are N jobs to be assigned to M agents [229]. The i-th agent incurs a cost c(j, i)
when doing the j-th job, and the objective is to minimize the total cost incurred by
all agents:

M N

f (x) = c(j, i) (4.1)
ij

Notice that each job can be assigned to a unique agent, but there is no limit to
the number of jobs that can be performed by each agent.

In addition, a modified NK problem (which will be described in depth in Section
4.2.3) where each element in the solution can take L different values, is also used
as a test problem for the assigning pattern. Briefly, the problem statement gives
"given L elements in set 8, assign them to N slots in set 8' (allowing repetition and
empty assignments)". Table 4.1 contains a summary of the test instances used for
the assigning pattern.

Table 4.1: Test instances used for the assigning pattern. d is the number of dimensions, 1
is the number of levels, S is the size of the input space, and 0 is the optimal
value. Values with the '*' symbol have been computed using a genetic algorithm
with 100,000 function evaluations.

Problem d 1 S 0 Comments
GAP('gap515-1') 15 5 3 -1010 240 General assignment problem
GAP('gap5l5-4') 15 5 3- 1010 251 General assignment problem
GAP('gap520-2') 20 5 9.5. 1013 248 General assignment problem
GAP('gap824-3') 24 8 4- 1021 372 General assignment problem

NK(N=15, K=1, L=4) 15 4 1.1 -109 0.14* No interactions
NK(N=15, K=2, L=4) 15 4 1.1 -109 0.14* Second order interactions
NK(N=15, K=4, L=4) 15 4 1.1 - 109 0.13* Fourth order interactions
NK(N=10, K=1, L-5) 10 5 -1. 106 0.10* No interacions
NK(N=10, K=2, L=5) 10 5 1. 106 0.11* Second order interactions
NK(N=10, K=5, L=5) 10 5 1 . 106 0.13* Fifith order interactions
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4.2.2 Combining Pattern

Four "real-life" test problems are used in the combining pattern.

" The first data set, SNW, is taken from Zuluaga [230]. The design space consists
of 206 different hardware implementations of a sorting network, where each
design is characterized by d = 3 parameters. The objective functions are the
area and throughput of the network when synthesized for a field-programmable
gate array (FPGA) platform. This synthesis is very costly and can take up to
many hours.

* The second data set, NoC, is taken from Almer [21]. The design space consists
of 259 different implementations of a tree-based network-on-chip to be imple-
mented in application specific integrated circuits (ASICs) and multi-processor
system-on-chip designs. Each design is defined by d = 4 parameters, and the
objective functions are the energy consumption and runtime for the synthesized
designs.

" The third data set, SW-LLVM, is taken from Siegmund [19]. The design space
consists of 767 different compiler settings for the LLVM compiler framework,
where each setting is specified by d = 11 binary flags. The objective functions
are the performance and memory footprint for a given suite of software programs
when compiled with these settings.

" The fourth (and final) data-set is the BO4CO data-set [231], which contains
throughput and latency measurements for 3 different Big data stream bench-
mark applications under different configurations. Each application has between
3-6 decisions with 3-18 possible values for each.

Table 4.2 contains a summary of the dimensions, size of the input space, and opti-
mal values for each of the test problems considered for the combining pattern. Since
only ID problems are considered in this chapter, each output of the combinatorial
problem is optimized individually.

4.2.3 Downselecting Pattern

NK-fitness landscapes are stochastic fitness functions on binary strings initially pro-
posed by Kauffman [232], where each of N bits interacts with K other bits. These
function can be generated synthetically and the value of the function is computed as
the sum of the contributions from each bit (which include the coupling effect):

IN
f (x) = N gi(xi; xii, xi2 , --- , xiK), (4.2)
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Table 4.2: Test instances used for the combining problem. d is the number of dimensions,
1 is the number of levels, S is the size of the input space, and 0 is the optimal
value.

-obnn parn
Problem f(x) d 1 S 0
SNW area 3 3-14 206 -16.24
SNW throughput 3 3-14 206 -14.71
NoC energy 4 2-7 259 9.96
NoC runtime 4 2-7 259 4.3
SW-LLVM performance 11 2 767 -270.4
SW-LLVM memory-footprint 11 2 767 29
rs-6d-c3 throughput 6 2-8 3840 -232000
rs-6d-c3 latency 6 2-8 3840 1.9
sol-6d-c2 throughput 6 2-6 2866 -115000.0
sol-6d-c2 latency 6 2-6 2866 1.2
wc+sol-3d-c4 throughput 3 4-7 196 -63734
wc+sol-3d-c4 latency 3 4-7 196 2.18
wc-5d-c5 throughput 5 3-6 1080 -20591
wc-5d-c5 latency 5 3-6 1080 47.4
wc-cl-3d-cl throughput 3 6-18 1343 -23075
wc-cl-3d-c1 latency 3 6-18 1343 148.8
wc-c3-3d-cl throughput 3 6-18 1512 -11930
wc-c3-3d-cl latency 3 6-18 1512 247.45

where xi is the i-th bit of the binary string x, Xu, ..., XiK are the K bits that influence
bit xi, and gi is the function that describes the contribution of the i-th bit. Note
that gi can take at most 2 (K+1) values, and therefore the function is usually evaluated
using N lookup tables (one for each g) of 2 (K+1) values.

NK landscape functions are a good test case for downselecting problems as their
binary-nature is a natural way of encoding the downselecting pattern; a "1" indicates
that an element has been selected, whereas a "0" indicates the converse.

Table 4.2 contains a summary of the values used for the test problem. Test in-
stances were selected to have a good combination between dimensions (10-25), size
of the search space (thousands of points to tens of millions), and interactions among
the input variables (no interactions to fifth-order interactions).

4.2.4 Partitioning Pattern

A modified version of the NK-landscape problem is used to evaluate partitioning
patterns (which will be denoted as PAR(N,K)). The partitioning pattern consists
of dividing a set of elements into subsets, and the main idea is that two elements
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Table 4.3: Test instances used for the downselecting problem. d is the number of dimen-
sions, 1 is the number of levels,
optimal value. Values with the '*'

algorithm with 100,000 function e

S is the size of the input space, and 0 is the
symbol have been computed using a genetic

valuations.

-oneetn pattern
Problem d 1 S 0 Comments
NK(N=10, K=1) 10 2 1024 0.33 No interactions
NK(N=10, K=2) 10 2 1024 0.36 Second order interactions
NK(N=10, K=5) 10 2 1024 0.24 Fifth order interactions
NK(N=15, K=1) 15 2 3.3- 104 0.27 No interactions
NK(N=15, K=2) 15 2 3.3. 104 0.23 Second order interactions
NK(N=15, K=5) 15 2 3.3 - 10' 0.22 Fifth order interactions
NK(N=20, K=1) 20 2 1 - 106 0.28* No interactions
NK(N=20, K=2) 20 2 1 106 0.25* Second order interactions
NK(N=20, K=5) 20 2 1 - 106 0.20* Fifth order interactions
NK(N=25, K=1) 25 2 3.3 - 10' 0.24* No interactions
NK(N=25, K=2) 25 2 3.3. 107 0.26* Second order interactions
NK(N=25, K=5) 25 2 3.3 - 10' 0.21* Fifth order interactions

in the same subset might interact positively, negatively, or not at all. Thus, the
objective functions of the PAR(N, K) problem is constructed as follows: first, generate
a symmetrical square matrix (known as the interaction score matrix), whose entries
contain a positive value if two elements in the same subset interact positively, a
negative value if they interact negatively, and zero if they do not interact (the value
for each entry is randomly generated between -1 and 1); then, for each row zero all
entries with exception of the K highest positive values (if there are more than K)
and the K lowest negative values (if there are more than K), so that each element
interacts at most with 2K other elements (with at most K positively and at most K
negatively). Finally, to obtain the value for a given partition, sum the interaction
score for all pairs of elements in the same subset, as shown in Eq 4.3:

f (x) = - ZZ t(i, j)
sES iEs jEs

Vi > j, (4.3)

where t(i, j) is the interaction score between elements i and j (which belong to the
same subset s). Since the objective of all test functions presented so far is to minimize
the function value (and since positive interactions were assigned positive values to),
a negative sign is added in front of Eq. 4.3.

Table 4.4 contains the values for each of the test instances considered. Again, values
were selected to strike a good balance between dimension and degree of interaction.
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Table 4.4: Test instances used for the partitioning problem. d is the number of dimensions,
S is the size of the input space, and 0 is the optimal value. Values with the
'*' symbol have been computed using a genetic algorithm with 100,000 function

evaluations.

Problem d S 0 Comments
PAR(N=7, K=1) 7 877 -1.26 Interaction 2 elements
PAR(N=7, K=2) 7 877 -2.29 Interactions 4 elements
PAR(N=10, K=1) 10 1.1 - 10' -1.70* Interactions 2 elements
PAR(N=10, K=2) 10 1.1 - 10' -2.39* Interactions 4 elements
PAR(N=10, K=4) 10 1.1.105 -4.02* Interactions 8 elements
PAR(N=15, K=2) 15 1.3-109 -6.69* Interactions 4 elements
PAR(N=15, K=4) 15 1.3 - 10' -8.02* Interactions 8 elements

4.2.5 Permuting Pattern

Different test instances from OR-Library [233], QAPLIB [234], and TSPLIB 1235]
are used to test the performance of BO in the permuting pattern. OR-Library is
a collection of test data sets for a variety of Operations Research (OR) problems,
QAPLibe is a unified testbed which contains data instances for the Quadratic As-
signment Problem, and TSPLIB is a library of sample instances for the TSP (among
other related problems).

In particular, the test instances considered (also summarized in Table 4.5) are:

" The quadratic assignment problem (QAP): in the QAP, a set of n facilities
needs to be assigned to n locations. A flow of supplies needs to be transported
between each pair of facilities, and a matrix with the distances between loca-
tions is provided. The objective is to assign each facility to a location such
that the product of flows and distances is minimized. The solution can be rep-
resented as a permutation sequence of facilities, where the first facility in the
ordered sequence is assigned to the first location, the second facility to the sec-
ond location, and so on. Mathematically, the objective function of the problem
is:

n n

f (x) = E fijdx(i),x(j) (4.4)

i=1 j=1

where x is the permutation denoting the solution, fi,3 is the flow from facility i
to facility j, di,j is the distance between locations i and j, and n is the number
of facilities and locations.

" The traveling salesman problem (TSP): in the TSP, a set of n locations and
a matrix with the distances between locations are provided. The objective is
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to find a sequence that visits each location exactly once (and returns to the
starting point), while minimizing the total distance traversed.

n-1

f (x) = dx(0),x(l) + dx(n),x(o)
i=1

(4.5)

" The flow shop problem (FSP): in the FSP the order in which n jobs are executed
needs to be scheduled. Each job is composed of m tasks, to be performed
sequentially in m machines. The processing time of each task in each machine is
different among jobs, and machines can only process one job at a time. Thus, all
tasks must be executed sequentially. The goal is to determine the job sequence
that minimizes the makespan (i.e., the time at which the last job finishes).

• Finally, in the unimodal-permutation problem, there is a fixed permutation of
size N (e.g., 7r, = {1, 2, 3, ... N}) and the objective function is simply the Ham-
ming distance between a solution and the reference permutation. Therefore,
the objective of the unimodal-permutation problem is simply to find a given
permutation.

Table 4.5: Test instances used for the permuting pattern. d is the number of dimensions,
S is the size of the input space, and 0 is the optimal value.

Problem d S 0 Comments
UNI(10) 10 3.6. 1006 0 Random permutation
UNI(15) 15 1.3. 1012 0 Random permutation
UNI(20) 20 2.4. 1018 0 Random permutation
UNI(30) 30 2.7. 1032 0 Random permutation
TSP(ulysses16) 16 2.1 . 1013 6859 Traveling salesman problem
TSP(fri26) 26 4.0. 1026 937 Traveling salesman problem
TSP(gr2l) 21 5.1 - 1019 2707 Traveling salesman problem
TSP(gr17) 17 3.6- 1014 2085 Traveling salesman problem
TSP(bays29) 29 8.8- 1030 2020 Traveling salesman problem
FSP(reC27_30_15) 27 1.1 . 1028 2373 Flow shop problem
FSP(hel2_20 _10) 20 2.4. 1018 135 Flow shop problem
FSP(car2_13_4) 13 6.2- 1009 7166 Flow shop problem
FSP(car7_7_7) 7 5.0. 1003 6590 Flow shop problem
QAP(nugl6a) 16 2.1. 1013 1610 Quadratic assignment problem
QAP(nug2l) 21 5.1 -1019 2438 Quadratic assignment problem
QAP(nug27) 27 1.1 . 1028 5234 Quadratic assignment problem
QAP(tho30) 30 2.7. 1032 149936 Quadratic assignment problem
QAP(tai35a) 35 1.0. 1040 2422002 Quadratic assignment problem
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4.3 Optimization methods considered

In this section, Bayesian optimization is compared against other methods proposed
in the literature which are and commonly used for SAPs. These methods include:
random search (RS), genetic algorithms (simple (GA-EAS); y, A (GA-MCL); y + A
(GA-MPL)), and existing Bayesian optimization optimizers for (some) combinatorial
problems such as SMAC, Hyperopt, and BOCS.

The parameters for each of the alternative methods are described below:

• In random sampling (RS), Nf points are randomly generated and evaluated.

" In genetic algorithm evolutionary-algorithm simple (GA-EAS), a population
size of 20 is used. The crossover operation is "uniform crossover" or "partially-
matched crossover", depending on the the type of pattern, with a crossover
rate equal to 0.95. The mutation operation is "uniform mutation" or "shuffle
mutation", with mutation rate set to 1/N, where N is the dimension of the
problem. Selection is conducted using tournament selection of size 3, and the
algorithm terminates when N function evaluations have been performed.

• In genetic algorithm, mu comma lambda (GA-p, A) and genetic algorithm mu
plus lambda (GA-t + A), pL = 30 % and A = 70 % of the population size,
respectively. The rest of the settings are similar to those used in GA-EAS.

" SMAC is the algorithm presented in 1202] for algorithm configuration. The
open source python implementationi with its default parameters is used for all
applicable problems. However, one of the shortcomings of SMAC is that it
cannot deal with permuting and partitioning problems.

* Hyperopt is the algorithm presented in [2041, which uses a tree-structured
Parzen density estimator as its surrogate model2 . As with SMAC, Hyperopt is
limited in the type of problems it can deal with.

" BOCS refers to the BOCS-SA 3 algorithm presented in [217], with a value of
A = 10--. BOCS is only applicable to combining and downselecting problems.

With regard to the Bayesian optimization algorithms, different surrogate models,
types of kernels, and distance functions are used (as applicable to each test instance).

* Different models:

- In BO-TREE, a random forest composed of 50 decision trees is used as the
surrogate model within the Bayesian optimization framework.

'Available at https: //github. com/automl/SMAC3
2 Available at https: //github. com/hyperopt/hyperopt
3 Available at https: //github. com/bapt istar/BOCS
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- In BO-TREE-FT, a random forest of 50 decision trees is also used, but the
inputs to the tree are a set of features derived for each of the problems.
For example, for the combining and downselecting problems, the features
include the first and second-order interactions, whereas for the partitioning
problem, the features indicate whether two elements are in the same subset
or not.

- In BO-RBFN, a set of radial basis functions (which only depend on the
distance of points to the center) is used to build a surrogate model for
the function to be optimized. In this case, Gaussian functions are used as
radial basis functions:

N

y(x) = wo + wj#(X, ci) (4.6)
i=1

#(|x - ci||) = exp(-#d(x, ci)) (4.7)

where wo, wi are weights to be determined, #(||x - cil|) is a radial func-
tion that depends on the distance between x and ci, and dH is a distance
function between x and ci. The value of the weights is computed as:

N

WO = N (4.8)

W = (G G)- G y (4.9)

" Different kernels:

- In BO-MT32, a Matern kernel with v = 3/2 is used in combination with
the distance function appropriate to the problem instance under analysis.

- In BO-MT52, a Matern kernel with v = 5/2 is used in combination with
the distance function appropriate to the problem instance under analysis.

- In BO-Kendall, the Kendall kernel for permutations described in Section
3.4.2 is used.

- In BO-Mallows, the Mallows kernel for permutations described in Section
3.4.2 is used.

" Different distance functions:

- In BO-RBF, the radial basis function kernel is used in combination with
the distance function appropriate to the problem instance under analysis,
as described in Section 3.4.2.

- In BO-ARBF, an anisotropic radial basis function kernel is used with the
appropriate distance function. In the ARBF kernel, the value of A is dif-
ferent for each dimension of the input.
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In all the Bayesian optimization methods, a genetic algorithm is used to maximize
the acquisition function. The genetic algorithm runs for 1,000 generations using a
population size of 500, with crossover probability equal to 0.95 and mutation probabil-
ity equal to 0.05. For the initial population, 3/4 of the points are generated randomly
whereas the remaining 1/4 is extracted from the "hall of fame". The selection mech-
anism is tournament selection (with a tournament size of 3) for the single-objective
case, and NSGA-I in the multi-objective case.

4.4 Results

This section presents the results of the Bayesian optimization framework when applied
to a library of one-dimensional SAPs.

Assigning pattern How to read this graph?

Problem(ASG-5-15-1) For 1 pattern and 1 sample problem:

BOA" to* - The results for the 13 optimization methods (rows)

Boon~ j• - The statistics of the 20 runs (boxplot)
*06A33F 0s (for each run, evaluate f(x) 100 times and report minimum)

TREE •C-e
GA-ga.A Optimal 0. - # ld0

0 #111.=06 Q1 (25%) Q3 (75%)

# t-M91 # outliers

240 250 260 270 280
smaller Is better Ax) - Optimal solution (vertical dashed line at 240)

- Optimization methods with lowest median (yellow highlight)

Figure 4-1: Example box-plot depicting the results for a particular problem. In this in-
stance, the results for the problem ASG-5-15-1 of the assigning pattern are
depicted. The dashed vertical line shows the optimal value of the functions,
whereas the bloxplots illustrate the statistics of 20 runs for each method.

Figure 4-1 shows an example of the graphs used to represent the results for a par-
ticular problem (ASG-5-15-1) of the assigning pattern, with each row corresponding
to a different optimization method (as described in Section 4.3). The boxplots depict
the statistics (of the 20 runs) for the best function values (i.e., the minimum) obtained
after Nf function evaluations; the orange line represents the median of the minimum
function values (i.e., the optimization result) obtained across the 20 runs; whereas the
rectangular region contains the values between the first and third quartiles (i.e., half of
the obtained values fall within the rectangular region), and the whiskers extend from
the first to ninth decile. The dots outside this range are outliers. Where available,
the optimal value of the function is depicted as a dashed vertical line, whereas the
method(s) that provided the best solution (using the median of runs as the metric)
are highlighted with a yellow band and printed in bold type.
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4.4.1 Overview of the different decision patterns

First, the visual analysis is presented for each of the patterns. Numerical values for
all the decision patterns, test problems, and optimization methods are included in
Appendix B.

Assigning Pattern

Figure 4-2 shows the results for six illustrative assigning problems. It can be observed
that Bayesian optimization methods (in particular BO-RBF and BO-ARBF) are su-
perior to other methods in all cases but for NK(N=15, K=4, L=4). This happens
because in NK(N=15, K=4, L=4), there are a lot of interactions between decisions4,
which make the problem harder to model, and consequently, the surrogate Gaussian
Process model cannot fully capture the structure of the problem. Finally, note how
BO-RBF presents a very small variance across different runs in all the different test
instances analyzed, which makes it a robust optimization method.

SO-AWl -I-

40m 9 0* --- @

GA-gLA 9- -e

0.1 &.2 0.3
Smalle is better Sid

(a) NK(N=1O, K=5, L=5)

S-TREE 3
GA-#.A -.

240 250 260 270 20
smaller Is better Its)

(d) GAP(515-1)

SO-Wr 512 -1 9

SO-0imE-FT . ~..*
50-TREE - .- ~

02 0.3 0.4
Soneffer is better Its)

80-WT 3Q2

00-TREE_-r

G"..A

260 280 -300 320
Smaller Is better Rx)

(e) GAP(520-2)

O-UFU -(~ ..

SO-MVl - *-=-. 9

GA-XA* ..

0:2 0.3 0.4
Soe""" Is better x

()NK(Nz=15, K=4, L=z4)

80-NT V2*~-

SO-TREE-
GAj4.A 9 --

30 400 420 440
Smalle Is better 4*)

(f) GAP(824-3)

Figure 4-2: Selected results for the single-objective assigning problem. Smaller values are
better.

In addition, it can be observed that RS performs the worst in most cases (as
expected). Surprisingly, both GA-p, and GA-p + A algorithms also perform very

4These situations are not common in real-life problems, and when they do occur, there is no other
alternative than evaluating a large number of points of the tradespace, as the lack of exploitable
structure of the problem makes all optimization methods ineffective.
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poorly, with results comparable to those obtained by random sampling. This is be-
cause both genetic-algorithm variants rely on the evaluation of large populations, and
are therefore sub-optimal when working with a limited budget for function evalua-
tions. Finally, among non-Bayesian optimization methods, SMAC and GA-EAS offer
the best performances.

Combining Pattern

Figure 4-3 shows the results for six test problems of the combining pattern. It can be
seen that there is no clear trend across problems: in LLVMO and NoC1, BOCS, BO-
RBF and BO-RBFN are capable of reaching the optimal solution in most of the runs;
in SNW 0 it is HyperOpt the best performing algorithms; and in the problems from
the BO4CO dataset (depicted in the lower row of Figure 4-3) BO-TREE is the best
performer. Despite of this variance, it can be observed that the Bayesian optimization
methods outperform random selection and genetic algorithm-based methods in all
cases, even though there is great variability in terms of the specific BO method that
performed the best: BO-RBFN, BO-RBF, and BO-TREE reached the best solution
in three out of the six problems depicted. In addition, these three methods show
a lower variance in the test problems where they perform the best, as compared to
other approaches, such as GA-based methods or BOCS which is indicative of a robust
performance for those particular problems. Overall, there seems to be no clear winner
for all cases.

~~7TT ~80-R*Nff
SON852u-rsiz 80-TRE-E-*

2A- 7A - 65 :- -2- 5.120-- - 1 . 16 -1 -12
s.. OC socs *

As IRS..... * As -..

-270 -265 -260 -255 -5.1"0 -.5.115 -5110O -5.10.5 -16 -14 -12
Smeller ts better 94 Smaller is better g) Smaller bs better OW

(a) LLVM 0 (b) NoC 1 (c) SNW 0

S0-RUIN soram 00W Do-RUIN

-2500W - *C-0* # C

-7500 -5000 -20o, -30000 -20000 -10000 0 -40000-30000-20000-10000
Smeller is better urx Smelter is better S meller Is better Rx)

(d) wc-c1-3d-c1 1 (e) rs-6d-c3 1 (f) sol-6d-c2 1

Figure 4-3: Selected results for the single-objective combining pattern. Smaller values are
better.
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Downselecting Pattern

Figure 4-4 shows the results for six selected instances of the downselecting pattern.
The Hamming distance has been used in all BO methods. In this case, the BO-RBF
method offers the best solutions for three out of the six problems considered, whereas
BO-RBFN offers the best solutions for two problems, with both methods produc-
ing comparable results for the remaining problem. In all cases, the performance of
these two Bayesian optimization methods is superior to other optimization methods.
Among the other BO methods, those based on the Matern kernel (BO-MT 3/2 and
BO-MT 5/2) produced very poor results, with a performance comparable to that of
RS. Also note how BOCS, which was designed to capture first and second-order in-
teractions, works reasonably well for the K=1 and K=2 cases, but performs similarly
to RS when the number of interactions is high (K = 5).

The fact that BO-RBF and BO-RBFN were superior to other methods in all
problems shows that these two BO methods can be effective for situations where there
is minimal interaction between the different elements of the downselecting problem
(e.g., the K=1, 2 cases), as well as in cases where there are numerous interactions
among inputs (e.g., the K=5 case).
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Figure 4-4: Selected results for the single-objective downselecting pattern. Smaller values
are better.

Partitioning Pattern

Figure 4-5 shows the results for six of the partitioning pattern test instances. It
can be seen that for this type of problem, there is larger variability in the results:
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for the small dimensional problems PAR(N=7,K=2) and PAR(N=10, K=2), most
methods achieve the optimal solution for most of the runs; for the large dimensional
problems PAR(N=15, K=2) and PAR(N=15, K=4), both BO-RBF and BO-RBF
offer better performance than other methods. Overall, BO-RBFN is the preferred
method in five out of the six problems. Note that in this pattern, the differences
between optimization methods are subtle, and the variance within each method is
larger than in previous patterns. In addition to BO-RBFN, SMAC also shows good
performance in these test instances, especially on problems with large dimensionality
(N > 10), where it paces second and third best (after BO-RBFN and BO-RBF).
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Figure 4-5: Selected results for the single-objective partitioning problem. Smaller values
are better.

Permuting Pattern

Figure 4-6 shows the results for six selected test instances for the single-objective
permuting pattern. In five of them, BO-RBF produced the best results, whereas BO-
RBFN was the best option for four out of the six cases. For the UNI problems, the
difference between BO-RBF and the rest of the methods is outstanding.

For the permuting pattern, tree-based methods did not produce great results (com-
parable to random sampling), and the genetic algorithm-based algorithms were also
sub-optimal. This is not surprising, given that these methods lack the capabilities
to capture the structure of the relationships between permutations (i.e., it is difficult

to encode the solutions in such a way that the algorithms can exploit the similarities
or differences between different permutations). In addition, the approaches that used
the Matern kernel (both 3/2 and 5/2) were not able to complete the runs for all
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problems, since the covariance matrix quickly lost its positive semidefiniteness; the
procedure described in Section 3.4.4 to solve these kind of situations was not able to
fix the in all cases, and the algorithms crashed for some of the problems.
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Figure 4-6: Selected results for the single-objective permuting problem. Smaller values are
better.

4.4.2 Ranking of methods

This section recommends the best method(s) for each decision pattern. However,
because it is rare for a single method to outperform all others in all test instances,
recommendations will be based on rigorous, quantitative rank-metrics. This is the
same approach taken in the literature in the context of algorithm selection for clas-
sification tasks [236], where the performance of classification algorithms is evaluated
over multiple datasets. The same three ranking metrics proposed in reference [236]
are considered:

• The average ranking (AR) is computed by averaging the rank of each method
in each problem. Let rP be the rank of method m in problem p, then the average
ranking of method m is ARm = T ,E , rm, with P being the set of problems
evaluated. Lower values of the AR metric indicate higher rank.

" The success rate ratio (SRR) ranking uses pairwise comparisons between
methods to compute the ranking. In this case, the error rate proposed in refer-
ence [236] is replaced by the percentage difference between the method-obtained
value and the optimum value for each test instance. Higher values of the SRR
metric indicate higher rank.

74



4.4. RESULTS

* The significant wins (SW) ranking uses the number of methods that perform
significantly worse than a given method as its main metric. The statistical
significance is computed using a paired t-test (with significance level of 5%)
over the difference in performance between the algorithms. Higher values of the
SRR metric indicate higher rank.

Appendix C contains a more complete description and the mathematical formula-
tion of these rank-metrics.

Tables 4.6 - 4.10 show the value of the AR, SRR, and SW metrics for each of the
patterns analyzed. The number in brackets represents the ranking of each method
according to that particular metric. It can be seen that BO-RBF is the highest-
ranked method for the assigning, downselecting, and partitioning patterns, whereas
BO-RBFN is best for the combining and permuting patterns. Note that all metrics
provide consistent results (i.e., they always place the selected algorithms in either the
first or second place). Furthermore, it is worth noting that for the assigning, com-
bining, downselecting, and permuting patterns, the Bayesian optimization algorithms
clearly outperform other optimization methods (GA-based and other optimizers such
as HyperOpt and SMAC).
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Table 4.6: Ranking for assigning pattern algorithms.

BO-RBF BO-ARBF BO-RBFN SMAC BO-TREE-FT BO-TREE GA-EAS BO-MT 5/2 HyperOpt GA-p + A RS GA-p, A BO-MT 3/2

AR 1.30 [1] 2.20 [2] 2.50 [3] 5.00 [4] 5.50 [5] 6.00 [6] 6.10 [7] 7.60 [8] 8.00 [9] 10.40 [10] 11.00 [11] 11.40 [12] 13.00 [13]
SRR 46.35 [1] 40.40 [3] 45.52 [2] 24.70 [5] 23.38 [6] 25.54 [4] 11.56 [9] 16.48 [7] 15.59 [8] 0.68 [11] 1.46 [10] 0.61 [12] nan [13]
SW 0.85 [1] 0.69 [2] 0.69 [2] 0.38 [4] 0.31 [5] 0.31 [5] 0.23 [7] 0.23 [7] 0.23 [7] 0.08 [10] 0.00 [11] 0.00 [11] 0.00 [11]

Table 4.7: Ranking for combining pattern algorithms.

BO-RBFN BO-TREE BO-RBF BO-MT 3/2 BO-ARBF BO-MT 5/2 BOCS BO-TREE-RT SMAC HyperOpt RS GA-EAS GA-p + A GA-p, A

AR 3.06 [1] 3.39 [2] 3.39 [2] 3.67 [4] 4.00 [5] 4.17 [6] 5.00 [7] 5.06 [8] 5.89 [9] 6.56 [10] 8.89 [11] 9.28 [12] 11.44 [13] 11.72 [14]
SRR 1.17 [2] 1.18 [1] 1.15 [4] 1.15 [3] 1.15 [6] 1.14 [7] 1.15 [5] 1.14 [8] 1.12 [9] 1.12 110] 1.08 [11] 0.93 [12] 0.87 [13] 0.84 [14]
SW 0.43 [1] 0.43 [1] 0.43 [1] 0.36 [4] 0.29 [5] 0.29 [5] 0.14 [10] 0.21 [7] 0.21 [7] 0.21 [7] 0.14 [10] 0.14 [10] 0.07 [13] 0.00 [14]

Table 4.8: Ranking for downselecting pattern algorithms.

BO-RBF BO-RBFN BO-ARBF BOCS BO-TREE SMAC GA-EAS HyperOpt BO-MT 3/2 BO-MT 5/2 GA-9 + A RS GA-p, A

AR 1.42 [1] 1.92 [2] 2.50 [3] 3.83 [4] 4.25 [5] 5.92 [6] 7.17 [7] 8.00 [8] 9.33 [9] 9.58 [10] 10.08 [11] 11.00 [12] 12.08 [13]
SRR 1.23 [1] 1.19 [2] 1.16 [3] 1.13 [4] 1.10 [5] 1.03 [6] 1.00 [7] 0.99 [8] 0.93 [9] 0.92 [10] 0.87 [12] 0.88 [11] 0.83 [13]
SW 0.85 [1] 0.69 [2] 0.69 [2] 0.62 [4] 0.62 [4] 0.46 [6] 0.38 [7] 0.38 [7] 0.08 [9] 0.08 [9] 0.08 [9] 0.08 [9] 0.00 [13]

Table 4.9: Ranking for partitioning pattern algorithms.

BO-RBF SMAC BO-ARBF BO-RBFN BO-TREE-FT GA-EAS BO-TREE HyperOpt BO-MT 5/2 BO-MT 3/2 RS GA-p + A GA-p, A

AR 1.86 [1] 2.00 [2] 2.86 [3] 3.00 [4] 3.57 [5] 4.29 [6] 5.29 [7] 5.57 [8] 5.57 [8] 5.71 [10] 8.43 [11] 9.00 [12] 10.86 [13]
SRR 1.38 [1] 1.37 [2] 1.29 [3] 1.09 [10] 1.26 [5] 1.24 [6] 1.22 [7] 1.26 [4] 1.20 [8] 1.18 19] 1.09 [11] 1.02 [12] 0.98 [13
SW 0.54 [2] 0.69 [1] 0.46 [31 0.00 [11] 0.23 [5] 0.31 [4] 0.23 [5] 0.23 [5] 0.15 [8] 0.15 [8] 0.08 [10] 0.00 [11] 0.00 [11]

Table 4.10: Ranking for permuting pattern algorithms.

BO-RBFN BO-RBF BO-ARBF GA-EAS BO-TREE BO-TREE-RT BO-MT 3/2 BO-MT 5/2 GA-9 + A RS GA-y, A

AR 1.44 [1] 2.22 [2] 3.06 [3] 4.39 [4] 6.17 [5] 7.17 [6] 7.17 [6] 7.44 [8] 7.78 [9] 8.17 [10] 8.39 [11]
SRR 39.44 [1] 5.16 [2] 2.61 [3] 1.52 [4] 0.93 [7] 0.92 [8] 1.04 [5] 1.03 [6] 0.92 [10] 0.92 [9] 0.90 [11]
SW 0.64 [1] 0.55 [2] 0.55 [2] 0.45 [4] 0.00 [6] 0.27 [5] 0.00 [6] 0.00 [6] 0.00 16] 0.00 [6] 0.00 [6]
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4.4.3 Computational speedup

In this section, the computational speedup is analyzed. First, an iso-performance
analysis is carried out to determine the number of extra function evaluations that
other algorithms need to carry out with respect to the recommended algorithm iden-
tified in the previous section (i.e., how many extra function evaluations would each
of the other methods require to achieve a similar performance as the preferred al-
gorithm?). Second, the time speedup is analyzed as a function of the time required
to evaluate the black-box function (i.e., how much time is saved by using Bayesian
optimization?).

Figure 4-7 shows the ratio between the average number of function evaluations re-
quired by the recommended algorithm and the average number of function evaluations
required by other methods to achieve an equal performance (the one achieved by the
recommended algorithm after Nf function evaluations). There is a limit of 5,000 func-
tion evaluations for population-based and random search algorithms (i.e., if the RS
or GA algorithm cannot achieve similar performance as the reference algorithm even
with 50x more function evaluations, the algorithm is terminated), whereas a hard
limit of 2,000 (20x) function evaluations is used for SMAC and HyperOpt optimizers.

Pdmg Is~ Ia~ wm gPatb" Partnninig pattern #"W

- PS SgAi c m ayop aS &%:f" p+A m GAmV.A

Figure 4-7: Computational speedups of the recommended method when compared against
other optimization methods for single-objective problems. The computational
speedup is measures as the number of additional function evaluations re-
quired by other methods to achieve a similar performance to the recommended
method.

It can be observed that the speedup factor (in terms of extra function evaluations)
ranges from 4.3x in the partitioning pattern (achieved using SMAC) to more than
10x in the assigning pattern (when using SMAC or HyperOpt). Note that SMAC
is the fastest algorithm among "traditional" algorithms, for the patterns where it is
applicable. This was expected as SMAC was designed to operate in mixed-integer
single-objective problems. Also, it is interesting to note that random sampling works
relatively well for the combining pattern (with performance superior to GA-based al-
gorithms and HyperOpt). This is because given the very limited number of function
evaluations, the genetic algorithm is unable to explore the space extensively, and in-
stead converges earlier to sub-optimal solutions. This phenomenon has been observed
in previous literature, when one of the dimensions of the input space dominates the

77

U



CHAPTER 4. BAYESIAN OPTIMIZATION FOR SINGLE-OBJECTIVE SAPS

function output, for example, in the field of hyper-parameter tuning [237].

Finally, Figure 4-8 shows the computational speedup achieved for each of the five
patterns analyzed as a function of the function evaluation time. For single-objective
problems, Bayesian optimization has an overhead (fitting the model, maximizing the
acquisition function) of 5-20 seconds, depending on the dimension of the search space.
Therefore, if the function evaluation time is very small, it does not pay off to use
Bayesian optimization. As shown in the graph, in general there are no benefits from
using Bayesian optimization if the function evaluation time is shorter than 5 seconds.
For longer evaluation times, however, Bayesian optimization allows for potential re-
ductions in computational time. Asymptotically (i.e., when the function evaluation
time is much higher than the overhead), the benefit is proportional to the speedups
obtained in Figure 4-7, which ranged from 4.3x in the combining pattern to 15.3x
for the downselecting pattern.
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Figure 4-8: Computational speedups of Bayesian optimization algorithms when applied to
multi-objective problems.
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4.5 Chapter conclusions

The objective of this chapter was to answer the three research questions below.

Research Question 4.1

Is Bayesian optimization a suitable method to solve one-dimensional System
Architecture problems?

The analysis conducted in this chapter shows that Bayesian optimization can be
successfully applied to different one-dimensional SAPs. To do so, one can adapt the
classical BO formulation by using a tailored model, kernel, or distance function (or a
combination of them). The results show that when compared against classical opti-
mization methods used in the literature for these types of problems (including genetic
algorithms, and classical optimizers), the BO adaptation is the preferred method for
the five patterns analyzed.

Research Question 4.2

Which of the methods to adapt Bayesian optimization to combinatorial prob-
lems is most effective for each of the decision patterns common in SAPs?

For the assigning and downselecting patterns, the Gaussian process model using
the radial basis function (BO-RBF) kernel, together with the Hamming distance,
was the preferred method; for the partitioning pattern, the same model and kernel,
together with the Damerau-Levenshtein distance, ranked first. For the combining
and permuting patterns, the radial basis function network (BO-RBFN) model was
superior, and the BO-RBF method with the Hamming distance ranked second with
comparable performance.

Research Question 4.3

What is the improvement achieved by using Bayesian optimization, compared
to other methods currently employed in the literature?

Bayesian optimization allowed the number of expensive function evaluations to
be reduced by a factor of 4.3x - 15.3x (depending on the problem) when compared
to other optimization methods in the literature. However, since the Bayesian opti-
mization procedure has significant overhead in fitting the model and optimizing the
acquisition function, this reduction in the number of function calls translates to time
savings only if the time required to perform a function call is higher than 5 seconds.
For faster function calls, the overhead of the Bayesian optimization method domi-
nates the runtime, whereas if a function call takes several minutes (or several hours,
as is the case of the simulations in the second part of this dissertation), the gains of
using Bayesian optimization are clear.
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Finally, it is important to note that Bayesian optimization is only recommended
for problems of small or moderate dimensionality (d < 20), and that the higher the
number of interactions among decisions, the poorer the performance of BO. Table
4.11 summarizes the recommendations for each of the five patterns:

Table 4.11: Summary of recommendations for single-objective combinatorial patterns.

Method Distance function Speedup Comments

Assigning BO-RBF Hamming >10x Works well for all problems considered
Combining BO-RBFN Hamming 4.3x Best for small num. of interactions
Downselecting BO-RBF Hamming 15.3x Best for small num. of interactions
Partitioning BO-RBF Damerau-Levenshtein 4.9x Best for small num. of interactions
Permuting BO-RBFN Hamming 14.1x Works well for all problems considered
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Chapter5

Bayesian Optimization for
Multi-Objective SAPs

This chapter aims to answer similar research questions like the ones posed in the
previous chapter, but in the context of multi-objective SAPs.

Research Question 5.1

What method to adapt Bayesian optimization to combinatorial problems works
best for each of the decision patterns common in SAPs

Research Question 5.2

What is the improvement achieved by using Bayesian optimization, compared
other methods used in the literature?

The Bayesian optimization approach is extended to multi-objective problems by
fitting a different surrogate model for each of the objective functions, and adapting
the acquisition function to handle the multi-objective space. Section 3.2.2 discussed
various acquisition functions for multi-objective BO commonly used in the literature.
In this work, the expected hypervolume improvement (EHI) is used as the acquisition
function.

5.1 Methodology overview

The methodology used to evaluate the performance of different optimization algo-
rithms within a multi-objective setting is similar to that used in the single-objective
case, but the normalized hypervolume of the Pareto front is used instead as the metric
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to compare the performance of the different optimization methods. To compute this
metric, the hypervolume of the solutions obtained by each optimization method is
divided by the "true" hypervolume, which is computed by evaluating 300,000 points
using a genetic algorithm and serves as a reference for normalization.

As in the single-objective case, the optimization methods compared against BO
include random sampling (RS) and genetic algorithms (simple, NSGA-II, SPEA2
as described below)). SMAC, Hyperopt, and BOCS cannot be used as they do not
accommodate for multi-objective problems. In addition, all the Bayesian optimization
methods with different surrogate models, types of kernels, and distance functions
presented in the previous section are used where applicable (BO-TREE, BO-TREE-
FT, BO-MT3/2, BO-MT5/2, BO-RBF, and BO-ARBF).

" NSGA-II is a fast and elitist multi-objective genetic algorithm described in [238].
In NSGA-II, the selection stage is carried out as follows:

i points with lower Pareto ranking are selected first

ii among points with similar Pareto ranking, those with lower crowding dis-
tances are given preference

Thus, this method selects the best points (i.e., the Pareto front) while preserving
population diversity, since it prioritizes solutions in less crowded areas of the
Pareto front.

• SPEA2 is the Strength Pareto Evolutionary Algorithm described in [239]. In a
nutshell, the algorithm assigns a fitness value and a strength value to each point
in the population and the hall-of-fame (an archive of the Pareto front obtained
up to the current step). The strength value of a point x, S(x), represents the
number of population members that are dominated by or equal to x, whereas the
fitness value F(x) is the sum of the strength values of all members in the hall-
of-fame that dominate x. The lower the fitness value, the higher the probability
of a point being selected for the mating and mutation phase of the GA.

5.2 Test Instances for Multi-Objective Problems

Two types of problems are used to test multi-objective SAPs: problems which are
inherently multi-objective, or alternatively, synthetically-generated multi-objective
problems. The latter are created using different test problems for the same decision
pattern for each objective (or the same test problem with different seeds). For ex-
ample, a multi-objective permuting problem can be created by using a TSP as the
first objective function, and an FSP (of the same dimension) as the second objective.
The only condition is that all the problems used for each objective function have the
same input dimensions.
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5.2. TEST INSTANCES FOR MULTI-OBJECTIVE PROBLEMS

Table 5.1 contains information about the collection of test instances used for each
decision pattern. Overall, 37 different test problems were considered for the five
decision patterns. Considerations regarding dimension, size of the tradespace, and
order of interactions were taken into account when choosing the problems' parameters.
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Table 5.1: Test instances used for multi-objective problems. fi(x) and f 2 (x) refer to the
first and second objective of the problem. If the same type of problem is used
for both functions, different seeds are used for each objective. d is the number
of dimensions in the input, I is the number of options on each input dimension
(when applicable), and S is the size of the input space.

Problem fi(x) f2(x) d 1 S Comments
SYN-ASG-01 NK(N=15, K=_1, L=4) 15 4 1.1 .09 No interactions
SYN-ASG-02 NK(N=15, K=2, L=4) 15 4 1.1 -10 9 Second order interactions
SYN-ASG-03 NK(N=10, K=1, L=4) 10 4 1. 106 No interactions
SYN-ASG-04 NK(N=10, K=2, L=4) 10 4 1- 106 Second order interactions
SYN-ASG-05 gap515-1 gap515-2 15 5 3. 1010
SYN-ASG-06 gap515-3 gap515-4 15 5 3- 1010
SYN-ASG-07 gap520-2 gap520-3 20 5 9.5- 1013
SYN-ASG-08 gap824-1 gap824-2 24 8 4. 1021

Problem fi(x) f 2 (x) d 1 S Comments
SNW area throughput 3 3-14 206 ASIC design
NoC energy runtime 4 2-7 259 ASIC design
SW-LLVM performance memory 11 2 767 Software compiler
rs-6d-c3 throughput latency 6 2-8 3840 Big data system configuration
sol-6d-c2 throughput latency 6 2-6 2866 Big data system configuration
wc+sol-3d-c4 throughput latency 3 4-7 196 Big data system configuration
wc-5d-c5 throughput latency 5 3-6 1080 Big data system configuration
wc-cl-3d-cl throughput latency 3 6-18 1343 Big data system configuration
wc-c3-3d-cl throughput latency 3 6-18 1512 Big data system configuration

Problem fi(x) f 2 (x) d 1 S Comments
SYN-DWN-01 NK(N=10, K=1) 10 2 1024 No interactions
SYN-DWN-02 NK(N=10, K=2) 10 2 1024 Second order interactions
SYN-DWN-03 NK(N=15, K=1) 15 2 3.3 -104 No interactions
SYN-DWN-04 NK(N=15, K=2) 15 2 3.3 -10 4 Second order interactions
SYN-DWN-05 NK(N=15, K=5) 15 2 3.3 -104 Fifth order interactions
SYN-DWN-06 NK(N=25, K=2) 25 2 3.3. 107 Second order interactions
SYN-DWN-07 NK(N=25, K=3) 25 2 3.3 - 107 Third order interactions

Problem fi(x) f 2 (x) d S Comments
SYN-PAR-01 PAR(N=7, K=1) 7 877 Interactions 2 elements
SYN-PAR-02 PAR(N=7, K=2) 7 877 Interactions 4 elements
SYN-PAR-03 PAR(N=10, K=1) 10 1.1 . 105 Interactions 2 elements
SYN-PAR-04 PAR(N=10, K=2) 10 1.1 - 105 Interactions 4 elements
SYN-PAR-05 PAR(N=10, K=4) 10 1.1 . 105 Interactions 8 elements
SYN-PAR-06 PAR(N=15, K=2) 15 1.3 -10 9 Interactions 4 elements
SYN-PAR-07 PAR(N=15, K=4) 15 1.3 -109 Interactions 8 elements

Problem fi(x) f 2 (x) d 1 S Comments
SYN-PER-01 UNIHD(10) 10 3. 106 All elements have same weight
SYN-PER-02 UNIHD(15) 15 1.3- 1012 All elements have same weight
SYN-PER-03 UNIHD(30) 30 2.7- 1032 All elements have same weight
SYN-PER-04 nug12 chrl2a 12 4.8 - 108 Elements have different weight
SYN-PER-05 ulysses16 nugl6a 16 2.1 - 101 3 Elements have different weight
SYN-PER-06 tho30 nug30 30 2.7. 1032 Elements have different weight
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5.3 Results

This section presents the results of the evaluation of the Bayesian optimization frame-
work as applied to a library of multi-objective SAPs. The interpretation of the boxplot
graphs in the next subsection is similar to the ones in the previous chapter (see Sec-
tion 4.4), with the only difference being that the objective is now to maximize the
value of the function, since the normalized hypervolume metric (i.e., volume enclosed
by the Pareto front and a reference point) is being used to quantify the quality of the
solutions, and higher values for this metric represent higher-quality solutions.

5.3.1 Overview of the different decision patterns
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Figure 5-1: Selected results for the multi-objective assigning pattern. Bigger values are
better.

Figure 5-1 shows the results for six problems for the assigning pattern. As was
the case for the single-objective assigning pattern in Section 4.4.1, it can be observed
that BO-RBF and BO-ARBF are superior to other methods for all the multi-objective
problems displayed. Moreover, both of them achieved very similar performance across
all problems, being able to produce solutions with 10-20% larger hypervolume than
the rest of the algorithms. In some instances (SYN-ASG-05 and SYN-ASG-06), the
resulting Pareto front is superior to the "true" Pareto front, which is possible since
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the "true" Pareto front was computing by just evaluating 300,000 points using a
genetic algorithm. Thus, this only indicates that for the problems herein considered,
evaluating 100 points with BO-RBF produces better results than those obtained by
evaluating 300,000 points with a GA.

Combining pattern

Figure 5-2 shows the results for six of the combining problems analyzed. It can be seen
that the genetic algorithms exhibit the worst performance and the largest variance in
the results, which shows the subpar performance of these methods in scenarios where
a limited number of function evaluations are allowed. Regarding the best methods,
it can be observed that:

i The performance of all the BO-methods and RS is comparable across problems

ii The best method greatly varies from problem to problem.
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Figure 5-2: Selected results for the multi-objective combining pattern. Bigger values are
better.

Downselecting Pattern

Figure 5-3 shows the results for six selected instances of the multi-objective downs-
electing pattern. The BO-ARBF method (which uses the Hamming distance) offers
the best results for five out of the six problems depicted, followed by BO-RBF which
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ranks first or second in all problems. In all instances but SYN-DWN-02, these two
Bayesian optimization method offer significantly better results (5% to 15% superior)
than random sampling and GA-based methods. Moreover, their variance is smaller
than other methods for SYN-DWN-01 and SYN-DWN-03, which is a sign of robust-
ness. Finally, not that for the BO algorithms that use the Matern-kernel performance
was worse than or equal to random sampling and the genetic algorithm based meth-
ods.
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Figure 5-3: Selected results for the multi-objective downselecting pattern. Bigger values
are better.

Partitioning Pattern

Figure 5-4 shows the results for the multi-objective partitioning problems considered.
For this pattern, different methods produced the best performance for each of the
problems. For small-dimensional problems with reduced input spaces (SYS-PAR-01
and SYN-PAR-02, both with input dimension of 7), BO methods are superior to
the other methods; whereas for large-dimensional problems, all of the methods offer
comparable performance, with genetic algorithm-based methods having just a slight
edge. Thus, one can conclude that there is no single optimization method for the
partitioning pattern that clearly dominates other.
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Figure 5-4: Selected results for the multi-objective partitioning pattern. Bigger values are
better.

Permuting Pattern

Figure 5-5 shows the results for six selected test instances of the multi-objective
permuting pattern. In three of them, BO-RBF produced the best results, and BO-
MT52 was the best option for the other three the cases, even though for some problems
(SYN-PER-04, SYN-PER-05) the performance of all methods was comparable, and
in fact, BO-MT 5/2 showed a rather large variance. For some of the problems (SYN-
PER-01, SYN-PER-2), the Bayesian optimization methods produced results which
were better (by a factor of - 2x) than the other methods, which obtained results
very far from the "true" Pareto front (with normalized hypervolume values below
0.3); whereas for the rest of the problems, the improvements were less significant,
given the large variance of the solutions.
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Figure 5-5: Selected results for the multi-objective permuting pattern. Bigger values are

better.

5.3.2 Ranking of methods

A methodology similar to the one described in Section 4.4.2 is used to rank the
different optimization methods in the multi-objective scenario. Tables 5.2 - 5.6 show
the ranking as assigned by the average ranking (AR), success rate ratio (SRR), and
significant wins (SW) metrics for each of the patterns analyzed.

It can be observed that Bayesian optimization with a radial basis function kernel
(BO-RBF) is the preferred method for multi-objective assigning and downselecting
patterns, being the winner based on all three metrics. BO-ARBF presents a compa-
rable performance, being just slightly inferior in the AR metric but ranking with very
similar scores in the SRR and SW metrics.

For combining patterns, the tree-based method offers the best results, even though
their performance is not far from random sampling and other BO-based methods. All
BO-methods and RS show superior performance to GA-based methods, but there is
no clear method that outperforms the others.

In the partitioning pattern, the GA-based methods (SPEA2 and GA-EAS) pro-
duced better results than the Bayesian optimization methods, although there is no
single method that is clearly superior to the others (according to the significant win
ratio, all methods perform comparably). As was already discussed in Section 5.3.1,
Bayesian optimization methods work best for small input spaces, whereas GA-based
methods tend to produce better performance in problems with a large number of
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decisions.

Finally, for the permuting problem, Bayesian optimization with the 5/2 Matern
kernel is the highest-ranked method according to the average ranking metric, whereas
the BO-RBF and BO-ARBF rank first and second (respectively) according to the SRR
and SW metrics. Given the more mathematical approach of these two methods, and
the fact that they account for the statistical significance of the differences between
algorithms (as described in-depth in Appendix C), BO-RBF is preferred.

Table 5.2: Ranking for multi-objective assigning pattern algorithms.

BO-RBF BO-ARBF BO-TREE-FT BO-TREE GA-EAS BO-MT 5/2 NSGA-II BO-MT 3/2 SPEA-2 RS

AR 1.25 [1] 1.62 [2] 3.38 [3] 4.75 [4] 5.12 [5] 6.88 [6] 7.12 [7] 7.38 [8] 7.88 [9] 9.12 [10]
SRR 1.13 [1] 1.11 [2] 1.01 [3] 0.99 [4] 0.99 [5] 0.97 [6] 0.97 [8] 0.97 [7] 0.96 [9] 0.95 [10]
SW 0.90 [1] 0.80 [2] 0.60 [3] 0.50 [4] 0.50 [4] 0.10 [6] 0.10 [6] 0.10 [6] 0.00 [9] 0.00 [9]

Table 5.3: Ranking for multi-objective combining pattern algorithms.

BO-TREE BO-TREE-RT RS BO-RBF BO-MT 3/2 BO-ARBF BO-MT 5/2 SPEA-2 GA-EAS NSGA-II

AR 3.44 [1] 3.56 [2] 3.67 [3] 3.89 [4] 4.56 [5] 5.00 [6] 5.33 [7] 7.22 [8] 7.56 [9] 7.67 [10]
SRR 1.06 [2] 1.06 [2] 1.06 [1] 1.05 [5] 1.06 [4] 1.05 [7] 1.05 [6] 0.96 [8] 0.84 [10] 0.95 [9]
SW 0.30 [2] 0.30 [2] 0.40 [1] 0.30 [2] 0.30 [2] 0.30 [2] 0.30 [2] 0.00 [8] 0.00 [8] 0.00 [8]

Table 5.4: Ranking for multi-objective downselecting pattern algorithms.

BO-RBF BO-ARBF BO-TREE BO-TREE-FT GA-EAS BO-MT 5/2 BO-MT 3/2 NSGA-II RS SPEA-2

AR 1.43 [1] 1.57 [2] 2.86 [3] 2.86 [3] 5.71 [5] 6.86 [6] 7.00 [7] 8.14 [8] 8.43 [9] 8.43 [9]
SRR 1.08 [1] 1.08 [2] 1.03 [3] 1.03 [3] 0.98 [5] 0.97 [7] 0.97 [6] 0.96 [9] 0.96 [10] 0.96 [8]
SW 0.80 [1] 0.80 [1] 0.60 [3] 0.60 [3] 0.30 [5] 0.00 [6] 0.00 [6] 0.00 [6] 0.00 [6] 0.00 [6]

Table 5.5: Ranking for multi-objective partitioning pattern algorithms.

SPEA-2 GA-EAS BO-RBF BO-ARBF BO-MT 3/2 BO-MT 5/2 RS NSGA-II BO-TREE BO-TREE-FT

AR 2.86 [1] 3.43 [2] 4.29 [3] 4.57 [4] 5.71 [5] 5.86 [6] 6.00 [7] 6.00 [7] 7.29 [9] 8.14 [10]
SRR 1.03 [2] 1.04 [1] 1.00 [3] 1.00 [4] 0.99 [6] 0.99 [7] 0.99 [8] 1.00 [5] 0.98 [9] 0.98 [10]
SW 0.50 [1] 0.30 [2] 0.00 [3] 0.00 [3] 0.00 [3] 0.00 [3] 0.00 [3] 0.00 [3] 0.00 [3] 0.00 [3]

Table 5.6: Ranking for multi-objective permuting pattern algorithms.

BO-MT 5/2 BO-MT 3/2 BO-RBF BO-ARBF GA-EAS BO-TREE RS BO-TREE-RT NSGA-II SPEA-2

AR 2.50 [1] 2.83 [2] 3.17 [3] 3.50 [4] 4.17 [5] 5.83 [6] 7.00 [7] 8.00 [8] 8.17 [9] 8.67 [10]
SRR 1.03 [4] 1.13 [3] 1.49 [1] 1.42 [2] 1.03 [5] 0.98 [6] 0.89 [8] 0.91 [7] 0.89 [9] 0.85 [10]
SW 0.20 [4] 0.10 [5] 0.60 [1] 0.40 [2] 0.30 [3] 0.00 [6] 0.00 [6] 0.00 [6] 0.00 [6] 0.00 [6]

5.3.3 Computational speedup

As in the previous chapter, for each decision pattern, I assess the extra number of
function calls required to achieve similar performance to the one achieved by the
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recommended optimization method. Figure 5-6 shows the ratio between the average
number of function evaluations required by required by different methods and the
average number of function evaluations of the reference algorithm.
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Figure 5-6: Computational speedups of the recommended method when compared against
other optimization methods for multi-objective problems. The computational
speedup is measures as the number of additional function evaluations re-
quired by other methods to achieve a similar performance to the recommended
method.

It can be observed that the speedup factor (in terms of extra function evaluations)
ranges from 2.8x for the partitioning pattern to 8.1 x for the assigning pattern. As
one could expect, random sampling performs the worst for all patterns but for the
combining pattern, where it is indeed the best performing of the non-BO methods.
This behavior was also observed in the one-dimensional problems, as the tight budget
of function evaluations limits the genetic algorithm's ability to explore the space
extensively, which causes early convergence leading to sub-optimal solutions. This
phenomena has been noted in previous literature whenever one of the dimensions of
the input space dominates the function output, for example, in the field of hyper-
parameter tuning [237].

Finally, Figure 5-7 shows the computational speedup achieved for each of the five
patterns analyzed, in terms of the function evaluation time. For multi-objective prob-
lems, Bayesian optimization has an overhead (adjusting the model and maximizing
the acquisition function) of 20-120 seconds. Thus, if the function evaluation time is
very short, it might not make sense to use Bayesian optimization. As shown in the
graph, in general there are no benefits to using Bayesian optimization if the function
evaluation time is shorter than 30 seconds. For longer evaluation times, however,
Bayesian optimization will help achieve an overall reduction in the computation time.
Similar to the single-objective case, the asymptotical benefit (i.e., when the function
evaluation time is much higher than the overhead) is proportional to the speedups
obtained in Figure 5-6.
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Figure 5-7: Computational speedups of Bayesian optimization algorithms when applied to
multi-objective problems.

5.4 Chapter conclusions

In this Chapter, the performance of Bayesian optimization when applied to multi-
objective System Architecture problems was discussed. The conclusions are as follows:

Research Question 5.1

What method to adapt Bayesian optimization to combinatorial problems works
best for each of the decision patterns common in SAPs?

Unlike for single-objective problems, there is not a one-size-fits-all BO method (or
family of methods) that can be applied to all decision patterns. For the assigning and
downselecting patterns, BO-RBF, used together with the Hamming distance, proved
to be clearly superior to other methods. For the permuting pattern, the AR metric
revealed BO-MT 5/2 as the best method, but the SRR and SW metrics ranked BO-
RBF first. Given that the latter two metrics provide a more rigorous mathematical
comparison (as explained in depth in Appendix C), BO-RBF is preferred. For the
partitioning pattern GA-based methods were preferred over the others; In particular,
SPEA-2 showed the best performance. Finally, for the combining pattern, the BO
methods and RS were superior to GA-based methods, but there was no clear winner
among them.
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Research Question 5.2

What are the time savings achieved by using Bayesian optimization in compar-
ison to other methods used in the literature?I

As in the previous chapter, Bayesian optimization only produces time savings if
the objective functions are expensive to evaluate. For multi-objective SAPs, since 1)
there is an individual model fitted to each of the function objectives, and 2) the acqui-
sition functions are more expensive to evaluate (as the EHI needs to be computed),
the average overhead of BO is higher (between 30 to 120 seconds depending on the
pattern). Thus, Bayesian optimization is only recommended for scenarios where the
function evaluation time is greater than 30 seconds. In those cases, time savings range
between 2.3x (for the partitioning pattern) and 8.1 x (for the assignment pattern) in
an iso-performance setting.

Table 5.7 summarizes these recommendations.

Table 5.7: Summary of recommendations for multi-objective combinatorial patterns.

Method Distance function Speedup

Assigning BO-RBF Hamming 8.1x
Combining BO-TREE, BO-RBF, RS Hamming 5x
Downselecting BO-RBF Hamming 6.6x
Partitioning SPEA2, GA-EAS - 2.8x
Permuting BO-RBF, BO-MT3/2 Hamming 3.2x
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Part II

Expanding connectivity using novel
space and aerial concepts
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Chapter6

The connectivity problem

The second part of this thesis is devoted to studying the impact that space and aerial
concepts can have in bringing people online, as stated in Research Question 1.

Research Question 1

What kind of novel space and aerial systems can complement existing infras-
tructure and contribute towards expanding global connectivity at an affordable
cost? What is the potential impact of such systems in terms of connecting
additional populations?

To consider novel solutions, it is imperative to first have a basic understanding of
the current state of connectivity as well as the main barriers to adoption. Despite
the remarkable advancements made in terms of connectivity within the last ten years
(driven mainly by the widespread adoption of cellular communications), almost half
of the world's population still lacks connectivity. Termed as the digital divide, this is
considered as one of the most pressing issues that need to be resolved by the interna-
tional community in order to guarantee equal access to opportunity. Increasing access
to connectivity infrastructure and basic technical tools is deemed an essential step in
accomplishing the UN Sustainable Development goals, since greater Internet access
has a direct impact in effecting better health care and education, higher economic
development, and greater gender equality outcomes1 .

To raise awareness of the importance of expanding broadband connectivity and

'Studies [2] have shown that for low-income countries, every 10% increase in mobile broadband
penetration results in a 2% increase in GDP. Interestingly, for low-income countries, the studies did
not find direct correlations between higher fixed broadband penetration and GDP increases. Even
more surprising, for high-income countries, the effect is exactly opposite, with increases in mobile
broadband penetration having no correlation with GDP increases, but increases in fixed broadband
penetration having an impact (every 10% increase in fixed-broadband penetration renders a 1.4%
increase in GDP).
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boost the issue's prominence within the international policy agenda, the ITU and
UNESCO set up the Broadband Commission for Digital Development in 2010, whose
main tasks include advocating at the international level for the expansion of broad-
band, defining target connectivity values to be met, and conducting progress mon-
itoring, evaluation, and reporting activities. The latest targets defined in 2018 [11]
are as follows:

Broadband Commission for Digital Development targets for 2025

1. By 2025, all countries should have a funded national broadband plan
or strategy, or include broadband in their universal access and services
definition.

2. By 2025, entry-level broadband services should be made affordable in
developing countries, at less than 2% of monthly GNI per capita.

3. By 2025 broadband-Internet user penetration should reach:

* 75% worldwide

* 65% in developing countries

* 35% in least developed countries

4. By 2025, 60% of youth and adults should have achieved at least a mini-
mum level of proficiency in sustainable digital skills.

5. By 2025, 40% of the world's population should be using digital financial
services.

6. By 2025, unconnectedness of Micro-, Small- and Medium-sized Enter-
prises should be reduced by 50%, by sector.

7. By 2025, gender equality should be achieved across all targets.

This dissertation focuses on technical solutions to tackle the issues related to the
second and third targets. Notably, the second target sets a threshold that defines
what is considered affordable broadband service. The specific value of the threshold
has changed over time; for the targets set prior to 2018, the threshold was 5% of
the monthly GNI per capita, but that was determined to be too high for widespread
adoption to become a reality.

The next two sections provide an overview of the current state of connectivity and
the main barriers which prevent widespread adoption of broadband Internet connec-
tivity, whereas the last part of this chapter is devoted to introducing the methodology
to be used in future chapters to evaluate the impact of space and aerial networks in
expanding global connectivity.
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6.1. CURRENT STATE OF CONNECTIVITY

6.1 Current state of connectivity

In the past decade, the number of Internet users2 has more than doubled, reaching
4.1 billion people (-53.6% of the world's population) by the end of 2019. This growth
has been primarily fueled by the Asia-Pacific region, which accounted for 70% of new
Internet users in the last five years. However, reports suggest that the rate of growth
has begun to slow down [240, 241, 2421, which makes it unlikely that target 3 of the
UN Broadband Commission will be met. Out of the 4.1 billion connected users, 1.1
billion are fixed broadband users, whereas 3.5 billion are mobile broadband users
[241]. Particularly in low- and middle-income countries, 57% of the population access
the Internet exclusively using cellphone wireless connections [243]; in Southeast Asia,
this figure is as high as 75%, and in countries like Myanmar 94% [2431.

Among those not connected to the Internet (i.e., 46.4% of the population), -70%
live in areas where mobile broadband connectivity (3G/4G technology) is available.
Figure 6-1 shows the distribution of offline users by region and country3 . The area of
each wedge is proportional to the absolute number of people unconnected, whereas
colors indicate the percentage of the population with broadband coverage on each
country. The image highlights that the usage gap (i.e., those living in areas covered
by mobile broadband networks but are not connected) is several times larger than
the coverage gap (i.e., those living outside of areas covered by mobile broadband
networks), which suggests that there are other factors other than the lack of net-
work infrastructure preventing people from becoming online (as discussed in the next
section).

6.2 A summary of the barriers to connectivity

Pursuing global connectivity requires that we understand the main reason why people
remain offline. Numerous studies [8, 9, 244, 245] have concluded that barriers to adop-
tion can be classified into four groups: lack of infrastructure, affordability, readiness,
and relevance. These barriers rarely exist in isolation, and overcoming them would
require both technical- and policy-oriented actions to be carried out collaboratively
by all the stakeholders involved (industry, governments, NGOs, and non-profits).

In this section, each of the four kinds of barriers mentioned is briefly analyzed.
The objective is to provide an overview that allows the reader to understand and
contextualize the rest of this dissertation.

2The number of Internet users includes anyone who used the Internet from any location for any
purpose in the last months, as reported by the ITU.

3This plot was inspired by the one in https://www.bloomberg.com/news/features/
2019 -06-07/the-next-big-phones-could-bring-a-billion-people-online (Accessed on
September 2019)
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Figure 6-1: Distribution of offline users vs. percentage of broadband coverage at the end
of 2018. The area of each of the wedges is proportional to the population
unconnected. Data sources: ITU (population unconnected) and GSMA Con-
nectivity index (% of broadband coverage).2

6.2.1 Lack of infrastructure

Lack of infrastructure is one of the major blockers preventing ubiquitous mobile con-
nectivity access. Although infrastructure is usually associated with coverage, other
obstacles prevent the rollout of new infrastructure, such as the lack of electricity, lack
of road access, and underdeveloped (or outdated) backhaul and backbone networks.
These obstacles are particularly prevalent in remote areas because of the challenging
terrain, large capital expenditures, higher operating costs, and lower average revenue
per user (ARPU).

The rest of this section is devoted to exploring how various infrastructure issues
affect connectivity.

Mobile coverage

To determine the mobile coverage over inhabited areas, data from the Gridded Pop-
ulation of the World (GPWv4) was combined with the cellular tower database from
OpenCellId4 . The GPWV4 dataset contains estimated population counts in 2020 over
a 30 arc-seconds by 30 arc-seconds grid; whereas the OpenCellId database contains

4Available at www.opencellid.org. Accessed on 11 July 2018
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6.2. A SUMMARY OF THE BARRIERS TO CONNECTIVITY

the location, tower ID, and technology used (GSM, CDMA, UMTS, or LTE) by more
than 42 million cellphone towers in 219 countries.

Figure 6-2 shows the most common mobile technology serving inhabited regions of
the world (as of 2018). This map shows several differences between regions in terms of
technology used: 4G is the most common technology only in very developed nations
and in high population-density areas, whereas 3G is the most common technology
worldwide. Furthermore, in low and mid-income countries, there exist large inhabited
areas without connectivity, and where 2G connectivity is available, it is the most
commonly-used technology.
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Figure 6-2: World map of the most common generation of mobile technology by region.
(Only inhabited areas are colored).

Figure 6-3 shows the best technology available over inhabited regions of the world.
As with Figure 6-2, we see how most of the world's inhabited area is covered by mobile
broadband technology (i.e., 3G or 4G), which leads us to consider other barriers to
connectivity beyond the lack of infrastructure. This realization is one of the more
important takeaways from this section. Although most space and aerial companies
have as their main missions broad goals about closing the digital divide, the data
shows that close to 90% of the world's population is already covered by broadband
networks (3G/4G).

The relationship between 3G and 4G technology coverage and population den-
sity is better understood when looking at Figure 6-4a and Figure 6-4b, which show
the percentage of the population covered by each technology and the percentage of
inhabited areas covered by each technology respectively. Although 78.2% of the pop-
ulation (5.7 billion people) live in an area where there is 4G technology available, the
area they occupy is only 28.2% of the total inhabited area. In contrast, those who
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Figure 6-3: World map of most best mobile technology available at a worldwide level over
populated areas.
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Figure 6-4: Fraction of a) population and b) inhabited area by best mobile technology
available.

live in areas with no mobile coverage only represent 10.6% of the population (750
million people), and yet it would be necessary to cover 54.6% of the inhabited land
area to provide service to them. Therefore, the challenge presented by such sparsely
distributed populations is evident.

Electrical grid infrastructure

Electricity is an essential requirement for connectivity, from both the deployment and
user perspectives, since base stations need to be powered and users require electricity
to charge their handset terminals or CPE.
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Figure 6-5: Presence of electricity infrastructure at a worldwide level over populated areas.

Figure 6-5 shows a map indicating availability (or lack thereof) of lack of electrical
infrastructure, estimated using NOAA's Global DMSP-OLS Nighttime Lights Time
Series5 [246] and VIIRS Cloud Mask - Nighttime Lights6 [247] datasets. It can be
observed that the lack of electricity is most pronounced in sub-Saharan Africa, where,
according to WorldBank data, more than half of the population (or about 570 million
people), do not have regular access to electrical power. Another 170 million people, or
almost a tenth of the population of South Asia, also live off the grid. Where electrical
infrastructure is in place, the cost of access can still be a barrier to connectivity.
Overall, according to the International Energy Agency, in 2017, there were 840 million
people without access to electricity [248].

Road infrastructure

The lack of road access is another common challenge which prevents infrastructure
deployment. In inaccessible regions, material transportation needs to be done by
hand, or by aerial means, which increases costs and deployment timeframes signifi-

5This dataset consists of cloud-free grid-composites (at 30 arc-seconds x 30 arc-seconds resolu-
tion) made using all the available images taken by the OLS instrument in the US Air Force DMSP
program in a given calendar year. Each pixel of the dataset represents the average radiance at night
of that point in a 0-63 range. A threshold value of 2 was used as the criteria to determine the
presence or lack of electricity

6 The VIIRS Cloud Mask - Nighttime Lights is a cloud-free grid-composite (at 15 arc-seconds x
15 arc-seconds resolution) made using the available images taken by the VIIRS instrument in a given
calendar year. Each pixel of the dataset represents the average radiance at night of that point in
nW/cm 2 /sr. The vcm-orm-ntl dataset, in which outliers have been removed and background noise
has been set to zero, was used to determine the presence or lack of electricity.
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cantly. Figure 6-6 charts the regions on Earth with existing road infrastructure. This
image was produced using the Open Street Maps dataset, which contains worldwide
geographical road information. On the Figure, each pixel corresponds to a 0.05 de-
grees by 0.05 degrees tile (approximately 5.5 km x 5.5 km at the Equator), and is
classified as either having or lacking road infrastructure depending on whether there
are any roads within the tile. When compared to Figure 6-5, it can be seen that
the lack of road infrastructure is less prevalent than the lack of electricity, but still a
challenge in regions of sub-Saharan Africa and South America.
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Figure 6-6: Presence of road infrastructure at the worldwide level over populated areas.

6.2.2 Affordability

Affordability is defined as the cost of connectivity relative to income. The severity
of this barrier is driven by the users' disposable incomes and the costs of cellphone
devices and data package services. Historically, the device costs have been a significant
barrier to access for lower-income groups, but the proliferation of low-cost terminals
(with purchase prices as low as $20 in some developing markets') within the last few
years has progressively reduced this barrier. The prices of the data services, on the
other hand, remain the main barrier to access in most of sub-Saharan Africa.

As stated in the Broadband Commission targets, a connectivity service is consid-
ered affordable if its price is below 2% of monthly GNI per capita. Therefore, it
is critical to take into account the income distribution across and within countries
when estimating the potential impact of new connectivity technologies. Figure 6-7
shows the distribution of unconnected populations by country, with colors mapping

'https ://thenextweb. com/plugged/2019/02/26/a-20-phone-for-africa-is-mwcs-unlikeliest-hero/
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to levels of GNI per capita. As can be observed, most of unconnected populations
live in countries with GNI less than $5,000; in sub-Saharan Africa and South Asia
in particular, GNIs per capita are below $2,000, which, based on the ITU threshold
implies a maximum price of $3.30 per month for connectivity services to be considered
affordable.
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Figure 6-7: Distribution of offline users vs. GNI per capita. The area of each wedge is
proportional to the population unconnected. Data sources: ITU (population
unconnected) and WorldBank (GNI per capita)?2

Broadly speaking, there are two types of broadband networks: fixed-broadband
and mobile-broadband. Fixed-broadband refers to high-speed data transmission net-
works serving residential and business venues (i.e., fixed locations) by any means of
technology. Commonly, DSL, fiber, cable-modem, fixed wireless, and satellite tech-
nologies are used. In contrast, mobile-broadband refers to high-speed data transmis-
sion networks that provide service to portable devices, normally cellular handsets.
In this case, the technologies used are categorized by the release generation. In that
sense, the second generation of technologies (2G) comprises GSM (including GPRS
and EDGE); the third generation (3G) is mainly composed of UMTS and CDMA,
and the fourth generation (4G) uses HSPA+, LTE (including LTE-Advanced), and
WiMax technologies.

The costs of mobile- and fixed-broadband data plans are analyzed next.
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The cost of mobile connectivity

This section analyzes the prices of basic monthly mobile data plans, in both absolute
terms ($/month) and as a percentage of the GNI per capita for each country. For
the rest of this thesis, a basic mobile plan is assumed to provide 1GB/month, and is
considered affordable if it is cheaper than 2% of the average income threshold.

To estimate prices of basic mobile data plans in different countries, information on
6,000 data plans was extracted from three specialized websites: Prepaid Data SIM
Card Wiki"8 , Cable.co.uk9 , and the Alliance for Affordable Internet (A4AI) index10 .
All data sources were fused into a single table that estimates the monthly price of
a basic plan for 189 countries (see Appendix A). Figure 6-8 shows the average price
of a 1 GB data plan for different countries. Countries colored in dark-blue have
the cheapest mobile plans (in absolute terms), whereas those colored in red have
relatively expensive data plans. Notably, there is great variation across countries: in
India, Sudan, and Russia, the average price of a basic 1GB/month data plan can be
less than $1, whereas, in countries like the United States, Chad, and Finland, the
average price of a similar plan is more than $30/month.
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Figure 6-8: Price of a 1GB/month data plan

More tellingly, Figure 6-9 shows the price of a 1GB/month data plan as a per-
centage of the monthly GNI per capita. In blue-colored countries, the price of a 1GB
monthly plan is below the 2% GNI per capita threshold, whereas in red-colored coun-
tries, the price is above this value. It can be observed that the price of a monthly plan
in most of sub-Saharan Africa is well over 2% of GNI, whereas as a group, OECD

8https ://prepaid-data-sim-card.fandom.com/
9http://cable.co.uk

10https://a4ai.org/extra/mobile-broadband-pricing-usd-2019Q2

106



6.2. A SUMMARY OF THE BARRIERS TO CONNECTIVITY

countries have the most affordable data plans (with an average cost of just 0.98% of
the monthly GNI per capita). It is also noteworthy how in many developing countries
in South America, while the prices of data plans have dropped significantly in the last
years (making them well under the 2% threshold), due to large income inequalities
between urban and rural regions within these countries, there are still broad areas
where connectivity remains out of reach for the majority of the population.
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Figure 6-10: Price of a 1GB/month data plan as a percentage of the monthly income.

Figure 6-10 shows the price of a 1GB/month data plan as the percentage of the
average income, taking into account the geospatial income distribution within each
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CHAPTER 6. THE CONNECTIVITY PROBLEM

country. The large differentials between rural and urban populations become evident
in this image; in most countries in South America, where the average data plan prices
are well below the 2% threshold, the price of a basic monthly data plan is above the
affordability index is still unaffordable for populations in large regions of the country.

A similar trend is observed in many parts of Southeast Asia and sub-Saharan
Africa, where connectivity is affordable for urban populations but less so for those
living in rural areas. Unsurprisingly, these low-income rural regions correlate with
regions where no mobile broadband connectivity is currently available.

The cost of fixed connectivity

Fixed connectivity user penetration is much lower than of mobile connectivity, with,
according to ITU estimates, only 1.1 billion people (~14% of the world's popula-
tion) currently having access to a fixed-broadband subscription [2411. Figure 6-11
shows prices of fixed-broadband monthly plans worldwide, using data extracted from
Cable's "Worldwide Broadband Pricing" dataset". It is of note that prices of fixed-
broadband plans in some countries in sub-Saharan Africa and South America are
comparable (in absolute terms) to prices in highly-developed nations such as the US,
Sweden or Australia, even though the disposable incomes are significantly lower and
the connection speeds offered also trend to be inferior.
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Figure 6-11: Average price of a fixed-broadband monthly plan (in FY'19 USD)

Figure 6-12 shows the price as a percentage of the monthly GNI per capita for each
country, with blue-colored countries being those where a fixed-broadband plan costs

"See https: //www. cable. co.uk/broadband/pricing/worldwide- comparison/ for raw data
and a description of the methodology used to compute the values.
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6.2. A SUMMARY OF THE BARRIERS TO CONNECTIVITY

less than the ITU's 2% threshold, and red-colored countries being where the price is
above the threshold. Here the difference is starker; fixed-broadband is only affordable
in highly-developed countries and largely unaffordable in most of Southeast Asia and
Africa, where costs can represent more than 20% of the average monthly income. In
countries like Ethiopia, Tanzania, Mozambique, and Niger, costs can be as high as
more than twice the monthly average income (>200%)
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Figure 6-12: Average price of a fixed-broadband monthly plan, as a percentage of the
monthly GNI per capita.

6.2.3 Relevance and readiness

Relevance barriers are those that arise from a perceived lack of usefulness (of the In-
ternet) or because of accessibility issues. The most significant barrier in this category
is the lack of content and services in local languages, which profoundly affects acces-
sibility. Even though more than 7,000 languages are currently spoken in the world,
only 10 (representing the first language of ~3 billion people) account for 89% of the
Internet content [9]. That said, the advances in automatic translation technology and
the rapid growth of user-generated content platforms in recent years, such as social
media, instant messaging applications, and collaborative websites, can drive content
creation across a greater diversity of languages.

In contrast, readiness issues are related to the lack of digital abilities; for example,
a lack of knowledge on how to operate a computer or a mobile device, or a lack of
awareness on what the Internet is and how it may be used. In this regard, illiteracy
is a major barrier, given that there are an estimated 1 billion people that currently
cannot read or write. Furthermore, previous studies have shown that a large part
of those unconnected to the Internet are not aware of the Internet: either they have
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never heard of the concept, or they have heard of the "Internet" but do not know
what it is. The fact is, one cannot connect to something they does not know about.
Finally, even when people are literate, have the skills to use a cellphone, and there
exists relevant content on the Internet in their language, surveys have shown that
many do not see any value or benefit from using the Internet, or worse, have security
concerns (especially in South America) regarding the Internet [243]. Because the
utility of the Internet (measured as the value that service brings to the users) is best
realized first-hand (i.e., experience drives utility), changing personal beliefs might be
a big challenge.

Another critical group of issues under this category are gender and age gaps, in
the sense that, there currently exists large disparities between the number of men and
women connected in developing countries (women are 50-60% less likely to use the
Internet in India, and up to 40% less likely in sub-Saharan Africa), and also a digital
divide between younger and older generations [241].

In most cases, relevance and readiness issues are best addressed from a policy
perspective rather than through technological means. Prospective solutions include
developing new business models which would make the Internet more relevant to local
communities, creating adoption incentives, conducting advocacy, building capabilities
through training, and acting as intermediaries between stakeholders of the connectiv-
ity ecosystem. With no universal solution, each region/country will have to identify
the strategies best-suited to address their particular challenges; however, given that
the focus of this dissertation is on technical solutions (i.e., novel concepts to expand
connectivity) to address infrastructural and affordability concerns, policy-based solu-
tions will not be discussed further in the rest of this dissertation.

6.3 Methodology overview

Given the complexity of the problem at hand, and the interplay between infrastruc-
tural and affordability issues (as discussed in earlier sections of this chapter), evaluat-
ing the impact of novel concepts requires a techno-economic approach that considers
not only the technical performance of the systems studied, but also their economic
viability and potential adoption rates in a competitive market.

In this dissertation, I propose a techno-economic methodology that can be applied
to both space and aerial concepts, to evaluate the viability of each concept in bring-
ing connectivity to uncovered and under-served settlements and regions. The main
difference with respect to other methods in the literature is that it provides a system-
atic procedure to analyze and compare dissimilar concepts that operate at different
spatial and temporal scales.

The methodology comprises five steps, namely: 1) defining the scope, 2) devel-
oping the technical and economic models, 3) evaluating for technical performance,
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4) evaluating financials, and 5) analyzing the potential impact within a competitive
market. A tabular overview of the methodology is depicted in Figure 6-13, where
each of the five steps is represented by a column. For each step, the first row contains
a summary of the tasks associated with each of the steps, and the second and third
rows contain the inputs required and outputs produced by these tasks, respectively.
The first four steps are applied to each architecture of each concept proposed, and
the last step takes as inputs the outputs of all previously analyzed architectures. A
more detailed explanation of each of the five steps is given in the remainder of this
section.

DEFINE COPE F DEVELOP MODEL

PEA E FALUATE COMPEI MARKET
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Figure 6-13: Overview of the techno-economic methodology used to evaluate the impact of

new concepts proposed to expand global connectivity through space, aerial,
and terrestrial networks.

6.3.1 Definition of the scope

The scope definition step consists of the following tasks: determining the regions of
interest, defining the technical and financial metrics, establishing the architectural
decisions under consideration, as well as characterizing the service and user require-
ments.

Since the focus of this thesis is on space and aerial architectures as means of provid-

ing backhaul to wireless access networks (i.e., cellphone or WiFi-based networks) in
uncovered and under-served regions, and it is assumed that space and aerial architec-
tures will not be competitive to terrestrial infrastructure in those regions where there
is currently broadband connectivity, the regions of interest are limited to places where

there is currently no connectivity at all (i.e., uncovered) or only 2G connec-
tivity (i.e., under-served), which represent ~60% of the Earth's inhabited surface
and contain 12.9% of the population (and approximately 30% of those unconnected).

111



CHAPTER 6. THE CONNECTIVITY PROBLEM

It is important to emphasize that this thesis does not seek to evaluate the impact of
space and aerial concepts in closing the usage gap (i.e., addressing populations within
areas where broadband is available but are not connected to the Internet), as it is
assumed that affordability, relevance, and readiness issues are the main barriers in
those instances, and that leveraging existing networks would be more cost-effective
in expanding connectivity than introducing new space and aerial concepts.

The two main technical metrics of interest are the total sellable capacity (i.e.,
the capacity that could be realistically sold to users) and the number and lo-
cations of assets required. On the financial side, the focus is on estimating the
capital expenditure (CapEx) and operational expenditure (OpEx) for each
of the architectures (or deployments), together with the minimum selling price
per Mbps/month that would achieve an internal rate of return (IRR) of 15%.

The architectural decisions to be considered include the types and altitudes of the
space and aerial platforms, the network topology, and the operational frequencies of
the payloads, given that these are the main drivers of performance and costs for the
systems. The specific decisions and corresponding morphological matrices for space
and aerial networks are described in Sections 7.5.1 and 8.4.1, respectively. Since
terrestrial concepts for backhauling are well established and leave little potential for
disruptive innovations to take place, tradespace exploration will not be conducted for
these types of networks. Instead, the models for fiber and wireless backhaul networks
will be based on the performance and costs of current technologies.

Finally, in terms of service requirements, it is assumed that a minimum service
availability of 99% is required for all the concepts and that an entry-level broadband
service providing 1 GB/month per user for those living in uncovered regions and 3
GB/month per user for those in under-served regions (with a conservative compound
annual growth rate of 9% [249]) would be provided.

6.3.2 Technical and economic models

The technical and economic models are specific to each of the concepts considered,
and therefore they will be described in greater detail in Chapters 7, 8, and 9 for
space, aerial, and terrestrial networks, respectively. However, it is important to make
a brief remark here about a chief difference between the models used to evaluate space
networks and those used for aerial and terrestrial networks.

Due to the rotation of the Earth, satellite constellations in non-geostationary orbit
(i.e., LEO and MEO constellations) can provide coverage over (almost) the entirety
of the Earth once launched12 . Therefore, the models used for their evaluation need to

"Only circular-orbit constellations are considered in this thesis, and since with these types of orbits
it is not possible to selectively cover only some regions of the Earth (partial or staged deployments
are not considered either), once the constellations are launched, complete coverage within a latitude
band is assumed.
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consider the demographics and state of connectivity on a global scale. At the same
time, the economic viabilities of these architectures would count on capturing cus-
tomers across all segments of the market (unconnected, under-served, and covered),
and thus, the economic models also need to take into account the geospatial income
distribution at a global scale. At first glance, these might appear to be difficult; how-
ever, since satellite beam footprints are relatively large (in the range of hundreds of
kilometers) and LoS conditions can be usually be taken for granted, low resolution
(i.e., 0.1°x 0.1°grid) population and income models can be used for the analysis.

In contrast, both aerial and terrestrial networks can be deployed to target spe-
cific regions where, given the number of users projected to be covered, ARPU, and
proximity to existing infrastructure (among other factors), their economic viabilities
are guaranteed. However, given their smaller coverage footprints and tighter LoS
restrictions (mainly due to terrain occlusions), evaluating these types of networks
requires detailed data of the locations, states of connectivity, and income distribu-
tions of uncovered and under-served settlements. For this reason, the analysis for
aerial and terrestrial concepts focuses on just 37 countries1 3 (shown in Table 6.1) in
Africa, South America, and Southeast Asia for which income and population data
were readily available.

Table 6.1: Countries considered in the comparative analysis of technologies.

IS02 Country name IS02 Country name IS02 Country name
AF Afghanistan ID Indonesia PG Papua New Guinea
AR Argentina IN India PH Philippines
BD Bangladesh KE Kenya PK Pakistan
BF Burkina Faso LK Sri Lanka RW Rwanda
BR Brazil LS Lesotho SD Sudan
CD Congo (DRC) MM Myanmar TH Thailand
CI Cote d'Ivore MW Malawi TR Turkey

CM Cameroon MX Mexico TZ Tanzania
DZ Algeria MY Malaysia UA Ukraine
EG Egypt MZ Mozambique UG Uganda
ET Ethiopia NG Nigeria ZA South Africa
GH Ghana PE Peru ZM Zambia
HT Haiti

6.3.3 Performance and financial evaluation

Evaluating the performance and financial viability of the different concepts is done by
running technical and economic models tailored to the specifics of each concept. Due
to the large scales and complexities of these models, evaluating a single architecture

13The total uncovered and underserved population in the 37 countries analyzed represents 16% of
the global uncovered and underserved population.
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may take anywhere from several minutes to several hours, and therefore careful de-
liberation on which architectures to evaluate is paramount. It is at this stage where
the Bayesian optimization formulation discussed in the first part of this thesis comes
into play. In particular, the tradespace exploration of space and aerial concepts is
framed as a combining pattern problem, and BO-TREE, BO-RBF, and random sam-
pling (RS) (as described in Section 4.1), the best performing methods for this kind
of problems, are used to conduct the exploration and their performance compared.

In addition to the tradespace exploration results, the main effects of the architec-
tural decisions considered will also be examined (i.e., what impact did each decision
and option have on the final metrics). Furthermore, the sensitivity of the results
to the uncertainties associated with the most important parameters of the models
employed will also be analyzed.

6.3.4 Competitive market analysis

The last step of the techno-economic methodology determines which of the concepts
studied is the most affordable for each region of interest. Besides space and aerial
concepts, terrestrial networks are also included in the comparative analysis as baseline
systems.

In addition to the estimates for sellable capacity and the minimum selling price that
would achieve profitability, this step requires two more pieces of data: the locations
of the uncovered and unconnected settlements, and population and income estimates
for each of them. This allows us to assess the relative impact of each of the concepts
(in terms of population covered that can afford the service and in terms of the number
of new users brought online) if they were to operate within a competitive market with
other backhaul options available.

Chapter 10 is devoted in its entirety to this last step.

6.4 Chapter conclusions

The main conclusions drawn from this chapter are:

1. Although there has been remarkable growth in the number of people with Inter-
net access in the last five years, with 1.3 billion new users being brought online,
the rate of growth has begun to slow down. At the current growth rates, it is
unlikely that the targets set by the UN Broadband Commission (75% of the
worldwide population connected) would be met by 2025.

2. While more than 6.5 billion people (87.1% of the population) live in areas cur-
rently covered by 3G and 4G networks, only 3.5 billion are actually connected
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to mobile broadband. This statistic reveals that the usage gap (i.e., the number
of people who live in covered areas but are unconnected) is, in absolute terms,
4 times larger than the coverage gap (i.e., the number of people who live in
areas with poor or no connectivity), which indicates that addressing other fac-
tors such as affordability, relevance, and readiness issues is just as (if not more)
important in closing the connectivity gap.

3. The 10.6% of the population that have no connectivity (i.e., are uncovered)
and spread out across more than 50% of the inhabited land area on Earth,
making it extremely challenging to provide connectivity to them using terrestrial
infrastructure. To this end, space and aerial concepts lend themselves better to
providing connectivity.

4. When evaluating the impact of novel space and aerial concepts both technical
and economic considerations need to be taken into account. This dissertation
proposes a five-step techno-economic methodology which can be applied to both
space and aerial concepts, to evaluate the viability of each concept in bringing
connectivity to uncovered and under-served settlements and regions.
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Chapter

Satellite networks

The visionary idea of using satellites for communication purposes was originally
proposed in 1945 by Arthur C. Clarke described how three "communications sta-
tions" placed in geostationary orbit could allow for worldwide RF communications
[250, 251, 2521. It was not until almost two decades later, in 1964, that his ideas
would materialize, when the first geostationary communications satellite, Syncrom 3,
was built and launched by Hughes. Syncron 3 was preceded by several other satel-
lites, themselves each a milestone in the history of satellite communications: project
SCORE (1958) was the first broadcasting system in space; Echo-1 (1960) was the first
passive reflector communication satellite; Telstar-1 (1962), built by AT&T, was the
first real-time communications relay satellite and the predecessor of modern communi-
cation satellites, and Syncrom 2 (1963) was the first geosynchronous communications
satellite [253].

If the '60s was the decade of the first communication satellites, the '70s was char-
acterized by the commercialization of satcoms, where services such as TV broadcast

(cable-TV and direct broadcast), telephony and data services, and mobile satellite
services became widespread. During this time, satellites were characterized by the
use of low-frequency bands (VHF, C-band, S-band, L-band) and low dry masses
(less than 1,000 kg). Besides, advanced technologies such as three-axis stabilization,
position-keeping propulsion systems, navigation services, Ku-band transceivers, and
solid-state power amplifiers were developed during these years, which were crucial for
scaling the performance of communication satellites. In the '80s, the liberalization
of the satellite market resulted in the creation of multiple private ventures (such as
Echostar, SES, Viasat, or Thaicom), together with the development of very-small
aperture terminals (VSATs), contributed to further growth of the satellite commu-
nications market [253]. On the technological front, the transition towards Ka-band,
along with the use of new medium-access protocols and digital communications [254],
were some of the main advances in satellite communications in this decade.

In the '90s, satellite systems started being deployed as a means to provide broad-
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band data connections to remote areas. During this decade there was a boom of
proposals for launching large LEO constellations, including Iridium, Orbcomm, Glob-
alstar, Teledesic, Skybrdge, and Astrolink 1255]. Most of the proposals were eventu-
ally canceled due to concerns over the viability of their business models [256], and
those that were actually built and deployed (Iridium, Orbcomm, and Globalstar)
filed for bankruptcy shortly after launch [257]. After the failure of these large LEO
constellations projects, research efforts in the 2000s focused on the development of
geostationary high throughput satellite (HTS), which (nowadays) have capacities in
excess of 300 Gbps. This increase in throughput was driven by higher frequency reuse
factors, enabled by the use of multi-beam antennas, larger reflectors, and higher spec-
tral efficiency modulation and coding schemes (MODCODs), along with advances in
power-amplifier technology and the development of larger buses for GEO satellites
[258].

In the last five years, the space communications sector has seen even more disrup-
tive proposals, including HTS with throughputs in the Tbps range, mega-constellations
in LEO comprising thousands of satellites and with a total throughput of several
Tbps, and MEO systems with tens of thousands of fully-flexible and configurable
spot beams. These proposals, if brought to fruition, will dramatically decrease the
cost of providing connectivity, and it has been argued that they will be vital in bridg-
ing the digital divide and providing connectivity to any remaining uncovered and
under-served regions.

This chapter presents the models used to evaluate satellite networks, which are
validated using current and past constellation designs, as well as the results of several
analyses regarding the space architectures best-suited for expanding connectivity into
uncovered and under-served regions.

In particular, the following three research questions (which derive from Research
Question 1 in Chapter 1) are explored:

Research Question 7.1

What are the characteristics of dominant space architectures?

Research Question 7.2

Taking into account both technical and economic factors, what is the potential
impact of space systems in terms of connecting additional populations?
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7.1 Model overview

This section presents the model used to evaluate a satellite system based on per-
formance and economic viability. Figure 7-1 shows an overview of the models, with
sub-models depicted as gray-shaded boxes, and inputs and outputs as white boxes.
As already mentioned in Chapter 6, the primary performance output metric is the
total system sellable capacity, whereas the economic metrics of interest are the system
cost, the architecture's financial feasibility, and the minimum price per Mbps/month
which would be required to meet a stipulated minimum internal rate of return.

System performance is determined using a two-step process. First, the optimal lo-
cations and number of feeder gateways are computed using a genetic algorithm. Sec-
ond, the results locations are combined with atmospheric models, link budget models,
and orbital dynamic models to determine statistically the total system throughput

(sellable capacity) through Monte Carlo analysis.

To evaluate the economic metrics, first, the masses of the satellites are estimated
using a sizing model. Next, the masses are used inputs for the launch model, to
determine the number of rockets required and the launch costs for the constellation.
Using the masses, launch cost, and ground segment design as inputs, the cost model
computes the total system cost. Finally, these parameters are fed into a financial
model which determines the project viability and the minimum price per Mbps/month
required to achieve profitability.

The next two sections describe sub-models for the performance and economic mod-
els, respectively.

7.2 Performance model

The models herein presented are similar to those in [259], by the same author. For
the clarity and completeness of this dissertation, part of that work is reproduced
herein. Occasionally, some sections have been adopted verbatim from that publica-
tion. Overall, the text was significantly rewritten and adapted before its inclusion in
this dissertation.
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Figure 7-1: Overview of the methodology to determine the ground segment characteristics
and estimate total system throughput.

7.2.1 Atmospheric Attenuation model

Atmospheric attenuation is the main external factor that affects the performance
of communications links. At Ka-frequencies, extremely high frequency (EHF), and
optical band frequencies, its effects cause link outages for non-negligible periods of
time, since up to several tenths of dBs of attenuation may be introduced. In addition
to the use of adaptive coding and modulation strategies, site diversity is necessary
to mitigate the effects of atmospheric attenuation. A satellite should have several
ground stations within LoS so that if weather conditions at one particular site cause
a link outage, data can still be transmitted through the other ground stations.

The atmospheric attenuation for each frequency band is computed using the guide-
lines provided in recommendation ITU-P R.618-12 [260], which considers gaseous,
cloud and fog attenuation, as well as tropospheric scintillation and rain impairments.
In particular, recommendations ITU-R P.676-10 and ITU-R P.840-6 are used to com-
pute gaseous and cloud attenuation, respectively; while the maps in recommendations
ITU-R P.837-5, ITU-R P.838-3, and ITU-R P.839-4 are used to estimate rainfall-rates,
rain specific attenuation, and rain heights, respectively.

The method described in ITU-P R.618-12 to compute rain attenuation is valid
only for percentages of time smaller than 5%. In order to overcome this limitation, it
is assumed the rain attenuation is zero for percentages of time greater than the rain
probability (P, which is computed using the method described in ITU-R P.837-5)
and that the transition from the rain attenuation value at 5% to P is linear.
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For each ground station, the total atmospheric attenuation at different percentages
of time ({25, 50, 75, 90,95,97,99, 99.5, 99.7}%) is computed, and for different elevation
angle values ({10, 30, 50, 70, 90} degrees), creating a set of cumulative distribution
function (CDF) curves for the total atmospheric attenuation. Figure 7-2 shows the
CDFs for a ground station operating in Ka-band located in Los Angeles, for different
elevation angles.
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Figure 7-2: Atmospheric attenuation for a ground station operating in Ka-band located
in Los Angeles, for different elevation angles.

Whenever present, rain attenuation is the most significant contributor to atmo-

spheric attenuation; in adapting existing models, an important caveat needs to be
added. The rain attenuation model for slant paths in recommendation ITU-P R.618-
12 is only recommended for frequencies below 55 GHz, as no measurement of atmo-
spheric effects at higher bands were used to create the model (in fact, no measures of
atmospheric attenuation at higher frequency bands exist). This issue also applies to
other rain attenuatic compuation or techniques described in recommendation ITU-P
R.618-12, such as the frequency-scaling me thost sinifice rain attenuation model
outside of the recommended range might incur errors, a limitation widely recognized
in the literature [54]. However, pending further experimental data on space-to-Earth
links in EHF ba nd re uencation shall be used, since it is the best available
model.

7.2.2 Link budget model

The link budget model is used to determine both the satellite-to-user and satellite-
to-gateway capacities. Figure 7-3 shows an overview of the link-model, as well as
the parameters considered by each of the blocks. As can be seen, in the link bud-
get computation, the effects of the full RF chain, from digital signal modulation to
demodulation, including power amplification and LNB considerations, are all taken
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into account.

MODCOd PA efficiency (i) Tx diameter (DT.) Path losses (FSPL)Bandwidth (B) OBO Tx efficiency (qj) Atm. Attenuation (La,,)
F Power (PT) Tx gain (GT) Interference (1)

Transmitted signal RF losses RFlosses

l~~~l_-Modulator Power Tx ChannelAmplifier Antenna

Rx diameter (D,) F (noise figure)
Tsy nffciency (%rx V5WR

...- RF losses Received signal

Antenna LNB modulator

Figure 7-3: Link-budget model block diagram

The rest of this section presents the equations used to compute the link budget
for a single beam. First, the link C/No is computed as:

C
- =PT - OBO + GT + GR, - L - 10logio(k Tys) - 101ogio(BW) [dB] (7.1)N
L =FSPL + Laty + LRFr, + LRFR, [dB (7.2)

where Pr, is the transmitted power (dB), OBO is the power-amplifier output back-
off, GT and GR, are the transmitting and receiving antenna gains, respectively (dB),
Ty, is the system temperature (K), BW is the link bandwidth (Hz), and L represents
the different losses considered (dB). In particular, free-space path losses (FSPL),
atmospheric losses (Latm), and losses in the transmitting and receiving RF chains
(LRFT and LRFR, respectively) are all considered.

The system temperature is computed using Friis transmission equation, as shown
in Eq. 7.3,

Tsy Tant 10 --(LRF/110)+ Tatm . j 0 -(At+LRF)/10 + . (1 - lo-(LRF/10)

(7.3)

where Tant is the antenna temperature (K), Tat, is the atmospheric temperature (K),
and T is the waveguide temperature (K). At are the total atmospheric losses (dB),
and LRF are the RF losses in reception (dB).

Next, the link Eb/(N + I) is computed as

C (1 1 1 1 1\ -1= C (7.4)
N + I CABI + CASI + CXPI + C3IM + C/N

Eb C BW

No + 10 N + I Rb

where Rb is the link data rate (see below) (bps), and BW is the bandwidth allocated
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to that beam (Hz). Notice how our link budget equation considers four different types
of interference (CABI, CASI, CXPI, and C3IM). In Eqs. 7.4 - 7.5, all terms are in
linear scale.

Finally, the beam data rate is computed as

BW Eb
RN = - + [bps], (7.6)

1 +a, No + Io

where a, is the roll-off factor, and F is the spectral efficiency of the modulation
and coding scheme (MODCOD) (bps/Hz), which depends on Eb/N + I, as described
below.

It is assumed here that adaptive coding and modulation (ACM) strategies are
used, and therefore the MODCOD used for each link is the one that provides the
maximum spectral efficiency and satisfies the condition:

Eb Eb>b + [dB], (7.7)
NO th - NO + 1o

where 0- th is the MODCOD threshold "energy per bit to noise spectral density"

(dB), E is the actual link energy per bit to noise plus interference spectral density
ratio (dB), given by in Eq. 7.5, and -y is the desired link margin (dB). Note that due
to the cyclic dependency within Eqs. 7.4 - 7.7, in order to carry out the link budget
computations, one needs to assume a priori that a given MODCOD scheme is used,
compute Eqs. 7.1 - 7.6, and then verify whether the condition in Eq. 7.7 is satisfied.

The link budget module is next combined with the atmospheric models to compute
the data rates achievable for the uplink and downlink communications under different
atmospheric conditions. The code implementation for the link budget is parametric
and designed to allow for fast computation of the optimal MODCOD scheme for each
combination of ground stations and operating conditions. Moreover, it is designed to
handle both bent-pipe architectures, where a frequency translation occurs between
uplink and downlink, as well as regenerative architectures, where the uplink and
downlink use different MODCOD schemes.

In the performance estimation model, it is assumed that the modulation-coding
schemes prescribed in the standard DVB-S2X [261], developed by the Digital Video
Broadcast Project in 2014, are used since DVB-S2X is the predominant standard
for broadcasting, broadband satellite communication, and interactive services. The
standard defines the framing structure, channel coding, and a set of modulation
schemes. In particular, more than 60 MODCODs are included, with modulations
ranging from BPSK to 256-APSK and coding rates from 1/4 to 9/10.

Finally, to estimate the output-backoff (OBO) for each of the MODCODs, a syn-
thetic sequence of 100,000 symbols is generated and it is assumed that the OBO
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equals the peak-to-average power ratio of such a sequence (computed as the ratio
between the 99.9th percentile power and the average power). Note that this is an
over-estimation of the required OBO, as in a real scenario, one could optimize the
OBO by first simulating the channel and the RF chains in transmission and reception,
and then reducing it by using pre-distortion techniques to push the amplifier closer
to saturation.

The rest of the parameters in the link budgets include the diameters, efficiencies,
and noise temperatures of the transmitter and receiver antennas, as well as the values
for the different losses over the RF chain and the carrier-to-interference values. Table
7.1 shows an example link budget for the satellite-user link and different frequency
bands for a MEO satellite used in the simulations (see Section 7.5).

Table 7.1: Example of values for the link budget for the satellite-user link for a MEO
satellite, for different frequency bands.

Parameter Ku Ka Q E Units

Frequency 13.5 22.5 39 73.5 GHz
Bandwidth 2 2.1 3.5 5 GHz
Tx antenna diameter 3 3 3 3 m
EIRP 64.2 68.6 73.4 82.3 dBW
MODCOD name 16APSK 16APSK 16APSK 8PSK 2/3 -

13/18 25/36 23/36
Roll-offfactor 0.1 0.1 0.1 0.1 -
Spectral efficiency 2.6 2.5 2.3 1.8 bps/Hz
Path distance 9946.2 9946.2 9946.2 9946.2 km
Elevation Angle 31.9 31.9 31.9 31.9
Free Space Path Loss 195.01 199.44 204.22 209.73 dB
Atmospheric loss 0.79 3.51 5.61 13.41 dB
Rx antenna gain 36.4 40.8 45.6 50.9 dBi
System temperature 236.4 416.6 557.5 726.8 K
G/T 12.7 14.7 18.2 22.3 dB/K
Rx C/NO 14.0 13.1 12.3 10.5 dB
Rx C/ACI 27 27 27 27 dB
Rx C/ASI 27 27 27 27 dB
Rx C/XPI 25 25 25 25 dB
HPA C/31M 30 30 30 30 dB
Rx Eb/(NO + 10) 9.06 8.43 8.09 7.55 dB
MODCOD req. Eb/NO 5.57 5.30 4.77 4.07 dB
Link Margin 3.49 3.13 3.31 3.48 dB
Achieved data rate (single pol.) 5193.1 5241.9 8033.3 9002.9 Mbps
Dist. to Shannon limit 2.34 2.26 2.39 2.87 dB

Finally, when using the link budget to compute the maximum satellite-to-user data
rate (Rm""), one needs to take into account the number of channels, frequency reuse
factor, and number of polarizations, as shown in Eq. 7.8:

Rmax = Npo . R bbeams
Rb,us N b1 k (7.8)
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where R l is the data rate reported by the link budget, Npoi is the number of polariza-
tions used (assumed to be 2), nbeams is the number of beams of the satellite, and k is
the frequency reuse factor (i.e., how many different bandwidth chunks is the spectrum
allocation divided into). In contrast, when computing the satellite-to-gateway data
rate, the value is just taken as Ra = Nyo - R".

7.2.3 Demand model

Dimensioning communication networks is commonly done by estimating the average
throughput on a per user basis, considering how the patterns of data consumption
vary by time. Typically, the computation starts with estimating the per user data
tonnage allowance per month, which considers the mix of traffic for different services
required by a "representative" user. After applying a set of correcting factors, the data
tonnage is transformed into an average throughput per user required to guarantee a
given quality of service during the busy hour (i.e., the sliding 60-minute period during
which occurs the maximum total traffic load in a given 24-hour period). In particular,
the average (busy-hour) throughput per user (R bh)) is given by:

busy hour QoS and
ratio utilization ratio

R(bh) D B 1 (1+ a) (7.9)b 30 (7.9 60)60

data-volume conversion
per day to bps

where Dt is the monthly data tonnage (in bits), B is the busy-hour ration (equal

to 2.5-3 for backhauling systems), a is a security factor to guarantee a minimum
QoS during unexpected peaks (assumed to be equal to 10%), and q is the utilization
factor (assumed equal to 0.85). The total demand generated by a set of users under
the footprint of a beam or satellite is computed simply by multiplying the average
throughput per user and the total number of subscribers, which in turn can be es-
timated by multiplying the number of people within the footprint with an assumed
adoption rate.

For the purpose of this thesis, the data tonnage is segmented based on the level
of existing connectivity'. In that sense, for an uncovered person, a basic 1GB/month
entry plan is to be provided; whereas for under-served and covered individuals a
3GB/month plan and a 10GB/month plan are to be provided, respectively. Further-
more, it is assumed that the compound annual growth rate (CAGR) is 9%, which will
approximately triplicate these values in a 10-year time period. When these values are

'Ideally segmentation would be done by market segment (e.g., maritime, aeronautical, trunking,
backhaul, broadband), and by current connectivity status (connected vs. unconnected), but this is
very hard to estimate at a granular level
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applied to Eq. 7.9, the resulting values of R(bh) in the first year are approximately 10
kbps, 30 kbps and 100 kbps for the uncovered, under-served, and covered segments re-
spectively, which will go up to 30 kbps, 90 kbps, and 300 kbps after 10 years. Finally,
it is worth noting that this demand model intentionally focuses on backhaul infras-
tructure as used to expand cellphone networks, as opposed to satisfying the demands
of other markets (such as end-user, military, in-flight, marine, off-shore connectivity,
etc.).

For the technical model, however, the interest is in providing an upper bound to the
total sellable capacity for each architecture, and therefore it is assumed that everyone
is provided a 30 GB/month service along with an exaggerated adoption rate of 10%.
Making this assumption will render the results of the technical model less sensitive
to the particular market adoption assumptions; during the discussion of the results
of this chapter, this assumption will be revisited and scenarios with more realistic
parameters considered for each of the market segments.

The procedure to generate the demand at different orbital positions is as follows.
For a given orbital altitude, a gridded map (of resolution 0.1°x0.1°in latitude and
longitude) which determines the number of people covered by the beams of a satellite
located in a particular orbital position is generated, using population data from the
GPWv42 [2621. The minimum elevation angle constraints imposed by each of the
satellites are also taken into account. Furthermore, it is assumed that users within
a region are evenly distributed across all the satellites within their LoS. Finally, the
demand is capped at the maximum data rate per satellite (see Eq. 7.12), as shown
in Eq. 7.10, where nFOV is the number of satellites within LoS of a ground location:

dsat = min np 10% - 300kbps , Rbsa (7.10)
( POP ~ nFOVIsa)

Figure 7-4 shows the demand data rate for a LEO, 18-plane polar constellation
with 40 satellites per plane (maximum data rate per satellite is 8.8 Gbps) similar
to OneWeb's initial design. The orbital positions with higher demand are displayed
in brighter tones, while the orbital positions with lower demand are in darker tones.
Orbital positions where demand is zero are not colored.

7.2.4 Ground segment optimization

A procedure similar to the one described in [263] is used to determine the optimal
gateway locations. This procedure consists of running an optimization algorithm to

2 This dataset estimates population counts for the year 2020 over a 30-arc-second resolution grid
based on census data
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2 4 6 8eps
Dew dt-r"(b

Figure 7-4: Demand data rate for different orbital positions of a sample LEO satellite
constellation, with 720 satellites distributed in 18 planes. The maximum data
rate per satellite is 8.8 Gbps.

maximize the objective function,

1 1
0 = -coV 95 + -cov 99 .5  (7.11)

2 2

while minimizing the number of ground stations required. In Eq. 7.11, coV 95 and

cov 99 .5 represent the percentage of orbital positions that are covered by a gateway with
a throughput of at least 50% of the maximum gateway throughput, under atmospheric
conditions present in less than 5% and 0.5% of the time respectively. It is assumed
that the minimum elevation angle for ground stations to communicate with a satellite
is 100.

Mathematically, this optimization problem can be framed as a down-selecting prob-
lem, where one needs to pick the N ground stations that offer the best performance.
A pool of 160 different locations spread across the world is considered, which results
in a search space of 2168 3.8. 1041 points, making full enumeration and evaluation
close-to-impossible. Therefore the use of optimization algorithms is called for. Even
though a single function evaluation takes between 60 - 120 seconds, given the large
dimensionality of the problem (d = 160), genetic algorithms are better suited than
Bayesian optimization for this problem. In particular, the method used is the genetic
algorithm-evolutionary algorithm simple (GA-EAS), as described in Section 4.3.

Furthermore, the geographical structure of the problem is exploited to speed up
the convergence of the optimization algorithm. Given that the selection of ground
stations in one region has little impact on which ground stations are selected in

another region, the optimization process is divided into two phases. In phase A, the
optimal ground segment architectures for each of the six regions considered (Africa,
Asia, Europe, North America, Oceania, and South America) are determined using
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the GA algorithm described above (Npop = 200, Ngen = 200). Then, in phase B,
the GA is applied globally, but instead of initiating with a random population (step
1), the best architectures from phase A are used as the generating components for
the initial population. In other words, a ground segment architecture for phase B
is generated by choosing a good solution from each of the regions in phase A. This
new population serves as the initial population for the phase B NSGA-II algorithm
(Npop = 200, Ngen = 80).

7.2.5 Total system throughput estimation

To evaluate the system throughput statistically a computational model that calculates
an upper bound for the maximum sellable capacity for each of the mega-constellations
was developed. The need for this statistical model is due to the fact that 1) the system
dynamics make the number of customers and gateways within LoS of each satellite
vary over time, and 2) the atmospheric conditions that introduce varying attenuation
fading and thus varying data rates, are also stochastic by nature.

The procedure to determine the total system throughput is as follows. First, the
orbits of the satellites on the constellation are propagated for a day, using 60 seconds
time-steps. Then, for each orbital configuration, 10,000 atmospheric attenuation sam-
ples for each ground station are drawn, assuming that the samples are statistically
independent and distributed according to the probability distribution curves com-
puted with the atmospheric model. These samples were then used as inputs to the
link budget model to estimate the achievable link data rates for each of the ground
stations. Finally, the total system throughput is computed in two different ways,
depending on whether the satellites have inter-satellite links (ISLs) or not.

If the constellation does not have ISLs, the throughput of each satellite is computed
according to Eq. 7.12, where dsat is the user-demand, : o Rb,gw,at represents the sum
of the data rate of the N best performing ground stations, and RJ is the maximum
satellite-to-user data rate. This is done for each orbital position and set of atmospheric
conditions, resulting in 14.4 million samples. The total system forward capacity
for each of the scenarios (where a scenario is a combination of orbital positions +
atmospheric conditions) is computed by adding the throughput of all satellites.

N

THsat = min dsat, >R,gw,, Rm"x (7.12)
i=0

On the other hand, if ISLs are present, the following five-step procedure is used to
compute the total system throughput:

1. Compute the total system forward capacity that could be potentially transmit-
ted using all feeder gateways available.

2. Compute the CDF of the total system forward capacity.

128



7.2. PERFORMANCE MODEL

3. Select a subset of 1,000 scenarios, evenly spaced on the CDF curve to conduct
further analysis with the ISLs taken into account.

4. For each of the selected scenarios:

" Construct a network graph where the satellites, users, and the ground
stations are the nodes, and the RF and optical links are the edges.

" Set the cost of the ISLs to 1 and the cost of the rest of the links to 0. The
capacity of each edge is determined by:

- the demand captured by the satellite in the case of users-satellite links,
- the ISL data rate in the case of satellite-satellite links, and

- the gateway-link data rate in the case of gateway-satellite links.

" Solve the "minimum-cost, maximum-flow" problem and determine the flow
from each satellite to the gateways.

" Compute the total system throughput by adding the flows from all the
satellite-to-gateway links.

5. The total system forward capacity is the 5% percentile of the total system
throughputs obtained for the 1,000 scenarios evaluated.

7.2.6 Summary of other assumptions

Some other assumptions made in the estimation of the total system throughput are
also worth highlighting:

" User demand is concentrated within land areas and is proportional to the pop-
ulation within the reach of a satellite. Maritime and aeronautical demands are
not considered.

" Customers with multiple satellites within LoS select one at random to commu-
nicate with, therefore the demand is evenly distributed among satellites within
LoS.

" adaptive coding and modulation (ACM) is used on the satellite-gateway links,
thus, for any orbital position and atmospheric conditions, the MODCOD that
maximizes throughput is selected.

• Satellites produce enough power to communicate at maximum EIRP whenever
required.

* User terminals are not a limiting factor, as they are capable of tracking satellites
continuously and communicating at the required data rates.

" There are no outages caused by foliage, building obstruction, or other factors
that might affect the user links at any elevation angle.
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• Performance degradation due to interference between LEO satellites from dif-
ferent constellations is not considered.

" Ground stations can be located over any land area, i.e., there are no political,
legal, landing rights, or geographical constraints to their placements.

• ISLs can be used to route excess demand to other satellites, but only satellites in
the same orbital set (both in-plane and cross-plane) can communicate through
ISLs.

" There is no maximum number of hops that data can traverse through ISLs,
even though latency shall be minimized.

7.3 Economic model

The goal of the economic model is to obtain the total cost of the system, assess its eco-
nomic feasibility, and compute the minimum average selling price (in Mbps/month)
that the operator would need to set to achieve the desired internal rate of return
(IRR) of 15%. To that end, the economic model comprises four sub-models: the
satellite-sizing model, the launch model, the cost model, and the financial model.
The sub-sections that follow describe each of these models in turn.

7.3.1 Satellite-sizing model

The satellite-sizing model is based on the subsystems models described in Space
Mission Analysis and Design (SMAD) [264]. The main inputs to the algorithm are
the payload parameters (mass, average data rate, average and peak power), which
are estimated using a regression model built using data from communication satellite
payloads launched in the last 15 years.

Since the masses of some of the subsystems depend on both the payload param-
eters and the total satellite dry-mass (satdm) (thus creating a cyclic dependency, as
the satellite dry-mass is the sum of the subsystems' masses), an iterative algorithm
is used. The algorithm starts by assuming a value for the satellite dry-mass and
computes the masses of each of the subsystems. The new satellite dry-mass is then
computed by adding up the masses of each one of its subsystems. If the difference
between the newly-computed satellite dry-mass and the assumed one is below 0.1%,
the algorithm is taken to have converged; otherwise, the algorithm is rerun using the
newly-computed satellite dry-mass as the initial guess.

The rest of this section prescribes the equations used to compute the power and
mass required by each of the subsystems. In the equations, quantities in bold cor-
respond to constants and technological parameters. Table 7.2 contains the values
used for all constants; whereas the values for the different variables involved in the
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satellite-sizing model are shown in Table 7.3 using a OneWeb satellite as a canonical
example.

Payload

The payload model was built by fitting a nonlinear regression to a database with the
masses of 65 GEO payloads, which includes both traditional GEO and HTS designs.
The main driver of the model is the number of beams, which is closely related to the
number of transponders, power amplifiers, mixers, and the other RF components of
the payload. Given the increasing digitalization of the payloads and advancements
in component integration, the payload weight exhibits a very non-linear relationship
with the number of beams; while, there are some components (like the antenna, local
oscillators, IF equipment) that add a fixed weight, the miniaturization of components
and transition towards phased-array and multi-feeder architectures have drastically
changed the outlook for the weight of payloads with a large number of beams. Thus,
to capture this non-linear dependency, a model of the form a -(1 - e-63 og(neams)) was
chosen.

After fitting the model to the 65 data points, the following curve was obtained:

mGEO = 1096. (1 - e(0251og(nbeams)2.05) [kg] (7.13)

Since for LEO and MEO constellations the number of data points available was insuf-
ficient to fit a regression model (7 and 2 data points respectively), curves presenting
similar trends like the one shown in Eq. 7.13 and that fit well to the data points
available were chosen. In other words, the value of a was adjusted (anMEO = 638
and anLEO = 285) such that the lower weights associated with MEO and LEO orbits
were captured. Figure 7-5 shows these curves for GEO, MEO, and LEO payloads.
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Figure 7-5: Payload model curves for GEO, MEO, and LEO constellations.
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In addition to the mass estimate obtained from Eq. 7.13 (and the analogous
equations for MEO and LEO payloads), for cross-linked architectures the ISL terminal
masses are estimated to be 8 kg 12651 and 15 kg when optical and RF technologies are
used, respectively. These values are then multiplied by 4, since that is the number of
ISLs per satellite assumed for cross-linked architectures.

Finally, the average payload RF-power and data rate are derived directly from the
link budget model described in Section 7.2.2 and Eq. 7.8, respectively. The peak
payload power is assumed to be 50% higher than the average payload power, and to
obtain the DC-power of the payload, different efficiencies are assumed based on the
frequency band of the link: 55%, 40%, 30%, and 20% for the Ku, Ka, Q/V, and E
bands, respectively.

Propulsion Subsystem

The propulsion system is sized first by computing the total AV amount required over
the lifetime of a satellite

AV = AVdrag + AVADCS + AVdeorbit + Al/mi (7.14)

injection E ( - .E 715)
ysaorbit \saorbit Satransfer/

40- 1 if orbital altitude < 400 km
12 1 if orbital altitude < 500 km

A Vrag= 5-1 if orbital altitude < 600 km (7.16)
2 . 1 if orbital altitude < 1000 km

10 otherwise

AVADCS - (39.93 + 14.45 + 1.715) - 1 (7.17)1000
AVeorbit = 1 (7.18)

where 1 is the lifetime of the mission (in years), PE is the standard gravitational
parameter for the Earth, sa is the semi-major axis of the orbit, and the different AV
values are computed following the recommendations of [264]. Then, the fuel mass is
computed as the sum of the injection fuel and the ADCS fuel masses:

Ainjection*1000

mfnei-inji = TW3 - satm (e 9.81.Isp- (7-19)

( AVADS*1000
mfuel-ADCS = 7ADCS • satdm e 9.81Isp ~ 1) (7.20)

mfuel = mfuel-inj + mfuel-ADcs (7.21)

where 7;nj and 'YADCS are margin coefficients, satdm is the dry-mass of the satellite,
and Isp is the specific impulse of the fuel used.
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Electric Power Subsystem

The electric power subsystem mass is estimated using the six-step procedure described

below.

1. Compute the total power that needs to be produced by the solar arrays, assum-

ing that the payload consumes 80% of the total satellite power, and considering
both solar and eclipse conditions:

Peclip = Psun = Prayload (7.22)
0.8

_ Peclip k eclip + Psun 'ksun (7.23)

where keclip and kson are the time fractions that the satellite spends in eclipse

and non-eclipse conditions respectively, and Ptot is the total power that needs

to be produced by the solar arrays.

2. Determine the beginning of life (BOL) and end of life (EOL) power densities of
the solar array:

PBOL = GscnsA - cos(Osun) (7.24)

PEOL = PBOL (1 - dsA)l (7.25)

where Gsc is the solar constant, 77SA is the solar array cell efficiency, Oun is the

sun worst angle, and dsA is the yearly solar array annual degradation.

3. Estimate the solar array area AsA:

AsA = Ptot/PEOL (7.26)

4. Determine the solar array mass:

mSA = PBOL/PSA (7.27)

where PSA is the solar array specific power (in W/kg).

5. Determine the battery mass by computing the capacity of the battery:

Chatt = Peclip - keclipTorbit (7.28)
3600 - %btt - DoDbatt

mbatt = Cbatt (7.29)
Ebatt

where 77batt is the battery efficiency, DoDbatt is the battery depth-of-discharge,
Torbit is the orbital period, and Ebatt is the battery specific energy (in W/kg).
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6. Determine the total EPS subsystem mass by adding the masses of the solar
arrays, batteries, and additional electronics:

mEPS = mSA + mbatt + 2% - satdm + 3 .2 5%PBOL (7-30)

Attitude Determination Control Subsystem

The ADCS subsystem is sized as follows:

• Compute the maximum torque that will need to be corrected by the reaction
wheels.

Fgrav = 1.5 sE 'ly - 1,z sin(20s) (7.31)
Saorbit

rdrag = 0.5 - CADCS ' Patm V Vorbit L2-LyCPA (7.32)
F8Fsolar = -- L2 - Ly (1 + q)Cps cos(0,) (7.33)
C

2M
Fmagnetic = Dr 3 (7.34)

Saorbit

IF - max(Fgrav, drag, Fsolar, Imagnetic) (7.35)

where I, and Iz are the moments of inertia along the y and 2 axes, 0, is the slew
angle, CADCS is the drag coefficient, Patm is the atmospheric density at the orbital

altitude, Vorbit is the orbital velocity, Lx and LY are the dimensions along the i
and Q axes, CPA is the difference between the center of aerodynamic pressure
and the center of gravity, F, is the solar constant, c is the speed of light, Cps is
the difference between the center of solar pressure and the center of gravity, q is
the reflectance factor, 0, is the angle of incidence of the Sun, D, is the residual
dipole of the satellite, and M is the magnetic moment of the Earth.

* Compute the mass of the reaction wheels, which corresponds to the mass of the
control subsystem.

Frw = F • Torbit (7.36)

mcs = 1.5 - (Fr)-.6 (7.37)

where Torbit is the orbital period.

* Compute the attitude determination mass using a mass estimation ratio.

mAD 10 ' (Oreq)-0.316 (7.38)

where Oreq is the ADCS pointing requirement (in arc-seconds).
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* Compute the total mass of the ADCS subsystem by adding up the masses of
each of the components:

mADCS = 6. mAD -4 • .CS+ MGPS - MEarth-horizon-

+ 2 mthruster + 3 -mma-torq (7.39)

Tracking, Telemetry, and Command Subsystem

The mass of the TT&C (and avionics) subsystem is computed as a fixed percentage
of the satellite dry-mass (satdm):

mTTC = 3.28% - satdm (7.40)

Thermal Subsystem

The mass of the thermal subsystem is computed as a fixed percentage of the satellite
dry-mass (satdm).

mthermal = 2.8% - satdm (7.41)

Structure Subsystem

The mass of the structure subsystem is computed as a fixed percentage of the satellite
dry-mass (satdm):

mstructure = 20% - satdm

madapater =1% - satdm

(7.42)

(7.43)

Total satellite mass

The final component of the satellite-sizing model to estimate the total satellite dry-,
wet-, and launch-masses, as well as other dimensional variables such as the moments
of inertia and lateral dimensions.

satdm = mpayload + mEPS + mADCS + mthermal + mstructure + mTTC

satwm = satdm + mfuel

sat,m = satwm + madapater

(7.44)

(7.45)
(7.46)

135



CHAPTER 7. SATELLITE NETWORKS

To compute the satellite dimensions and moments of inertia

1

LX, Ly, Lz = (satdm 3

Psat /

I, Iy, Iz = 0.01 - (satAm) 3

(7.47)

(7.48)

Table 7.2: Constants and technical parameters for the satellite-sizing model

Param Value Units

Injection fuel Isp 310.0 s
Injection fuel security margin 1.20
ADCS fuel Isp 230.0 s
ADCS fuel security margin 1.00
Spacecraft average density 140.0 kg/m3
Residual dipole 0.50 A m2
Reflectance factor Q 0.60
Magnetic torquer mass 5.00 kg
3-axis magnetometer mass 1.00 kg
GPS mass 10.0 kg
Earth Horizon sensor mass 1.00 kg
Thruster mass 1.00 kg
Slew Angle 0.04 rad
Solar constant 1386.0 W/m2
Eclipse SA efficiency 65%
Day SA efficiency 85%
SA cells efficiency 20%
SA inherent degradation 77%
Yearly SA degradation 2.75%
SA specific power 60.0 W/kg
Efficiency batt-load 90%
Batt specific energy 40.0 Wh/kg
Battery DoD 80%

7.3.2 Launch model

Launch cost is computed as the cost per launch vehicle multiplied by the number of
launches required. A database of currently-operational and in-development launch
vehicles containing cost, mass-to-LEO, and mass-to-GEO launch capabilities, as well
as fairing dimensions, was compiled (see Table D.1 in Appendix D). The fairing
dimensions correspond to the measures of a simplified, notional fairing, composed of
a cylindrical section joined to a conical frustum section, as shown in Figure 7-6. Data
on size and dimensions were extracted from the user manuals of the respective launch
vehicles, while the cost values were obtained from official websites and historical
launch data from various sources [266, 267].

An algorithm to determine the number of satellites that could be fitted on each
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Table 7.3: Example of the different values of the satellite-sizing algorithm for a OneWeb

satellite.

Param Value Units

Satellite orbit LEO
Satellite orbit altitude 1200.00 km
Satellite orbit inclination 55.00 degree
Satellite orbit eccentricity 0.00 degree
Satellite orbit sa 7578.14 km
Satellite orbit apogee 7578.14 km
Design lifetime 5 years
Satellite orbit period 6565.30 s_

Electronics mass 36.00 kg
Antenna mass 24.00 kg
Payload mass 60.00 kg
Payload frequency 25.00 GHz
Payload data rate 8.80 Gbps
Payload maximum power 262.50 W
Payload average power 210.00 W

EP ubyti

Fraction sunlight
Power sunlight
Time sunlight
Power eclipse
Time eclipse
Power BOL
Power EOL

Solar array area
Solar array mass
Battery capacity
Battery mass
EPS other mass
Total EPS mass

68.16
220.5

5165.1
220.5

2090.5
456.1
396.7

2.14
7.60

177.8
4.45

17.68
29.72

W
s

W
s

W
W

m2
kg

Wh
kg
kg
kg

Param Value Units
Pulsio Subyti

Delta V apogee insertion 0.28 m/s
Delta V drag 0.0 m/s
Delta V ADCS 0.10 m/s
Delta V de-orbit 1.00 m/s
Total Delta V 1.38 m/s
Mass propellant Injection 16.21 kg
Mass propellant ADCS 6.46 kg
Mass propellant AKM 1.03 kg

Gravity gradient torque 0.00 Nm
Aero. drag torque 0.00 Nm
Solar pressure torque 1.31 uNm
Magnetic torque 18.29 uNm
Maximum torque 18.29 uNm
Reaction wheels capacity 0.02 Nms
Att. control mass 0.15 kg
Att. determination mass 1.86 kg
ADCS propellant tank mass 0.63 kg
ADCS sensors mass 12.60 kg
ADCS structure mass 1.43 kg
ADCS total mass 14.65 kg

Telemetry mass 4.68 kg

Thermal mass 3.99 kg

Structure mass 28.53 kg
Structure adapter mass 1.43 kg

Satellite dry-mass 142.61 kg
Satellite wet-mass 165.29 kg
Satellite launch-mass 166.71 kg
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Figure 7-6: Schematic of a rocket's fairing dimensions.

launch was developed. This algorithm considers both volumetric and weight con-
straints, and consists of the following steps:

" Estimate the maximum number of satellites that can be launched, subject to
weight constraints:

Nmass = 0.9 -payorbit (7.49)satm

where Nmass is the maximum number of satellites that can be launched, subject
to mass constrains, payorbit is the mass that the rocket can carry into orbit,
and satm is the satellite launch mass. Note that a margin of 10% of the total
satellite weight is set aside for the adapter and launch structures.

* Determine the number of satellites that can be launched attending to volumetric
constraints, following the procedure below:

i Determine the number of satellites that can be fitted within the cylindrical
section: first, for each satellite-orientation, determine the number of satel-
lites that can be laid out across in a "layer"; then determine the number
of "layers" that can be stacked. It is assumed that there is a minimum
separation between satellites (A) of 10 cm. Finally, select the satellite ori-
entation that allows for pack the largest number of satellites to be packed
into the cylindrical section.

ii Determine the number of satellites that can be fitted within the conical
frustum section: first, divide the truncated cone section into layers of
dimensions {L2, LY, Lz} + A (lateral dimensions of the satellite plus some
margin); then, for each layer, determine the number of satellites that will
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fit within a cylindrical section of diameter equal to the diameter of the
conical frustum at the current layer upper limit. Iterate this process until
it is no longer possible to divide the conical frustum into further layers.

iii Volumetrically, the total number of satellites that volumetrically could be
fitted in the fairing (N,,,) is the sum of the results from steps i and ii.

• The number of satellites per vehicle is the minimum value of satellites among
the number that can be fitted subject to mass constraints (Nmass), the number
that can be fitted subject to volumetric constraints (N,01), and the total number
of satellite in the constellation (Neosst):

N = minNmass, N,,., Neon8 t ) (7.50)

7.3.3 Cost model

Figure 7-7 depicts the cost breakdown structure of the cost model, which is based
on the reference-model presented in [264]. Non-recurring costs, such as funding for
research and development and ground segment construction costs, are marked with a
white triangle with letters "NR" at the lower right corner of each box. Recurring costs,
i.e., those that are incurred per each unit built or are paid annually as operational
expenses, are marked with a black triangle with letter "R".

Spacecraft unch vehicle Ground Segment Program level

n ~n: Syst.Structure Thermal ADCS Site locations Equipment Engineerin

EPS TT&C Propulsion mProgram
management

1A&T Pyloadsystem
integratto

Product

Operations

PMSE

Space

Figure 7-7: Work breakdown for the cost structure. White and black triangles indicate
that the component is part of the non-recurring and recurring costs elements
respectively. Adapted from [264].

The cost model is divided into five broad categories, namely spacecraft, launch,
ground segment, program-level costs, and operational expenses. The spacecraft bus is
split into different subsystem costs, whereas the ground segment costs consider both
site-location conditioning (i.e., new building and infrastructure development) as well
as the procurement of RF equipment and antenna-dishes. The rest of this section
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will go into detail on the spacecraft and ground segment costs; the launch vehicle
costs are simply computed by adding up the costs of the rockets required to put the
satellites into orbit, described in the previous section. Finally, the program-level and
operational costs are included as part of the satellite cost model (see Table 7.4).

Satellite cost model

Two different parametric cost models (shown in Table 7.4) are used to estimate the
satellite cost: SSCM and USCM-10. SSCM, the Small Satellites Cost Model, was
developed by the Aerospace Corporation to predict the development costs of modern,
small satellites (under 1,000 kg.) [268]. USCM-10, the Unmanned Spacecraft Cost
Model, was developed by the Air Force to estimate the costs associated with earth-
orbiting, unmanned space vehicle programs [2691.

These models are based on cost estimating relationships (CERs), which, given the
mass (or other parameters) of a subsystem, provide estimates for its costs. Such
models are better suited for trade studies during the conceptual design stage, as
this phase is characterized by the lack of precise information to inform detailed cost
estimates. USCM-10 provides estimates for both non-recurring costs (e.g., research
and development costs, prototype unit costs, program costs) and recurring costs (e.g.,
manufacturing costs per unit), whereas SSCM provides combined estimate for non-
recurring plus first unit costs (it is assumed that the non-recurring costs are 60% of
this value and the first unit costs 40%). For satellites weighing over one tonne, the
estimates from USCM-10 are used; otherwise, the SSCM model is employed. Cost
figures from each model are adjusted to $FY'18 values.

Finally, a learning curve is used to capture the savings from productivity im-
provements, cost reductions, and human learning obtained when multiple units are
manufactured. Using this technique, the total cost of producing N satellites is

Ctotal = FPU - N( log 2), (7.51)

where FPU is the cost of the first production unit, and S is the learning curve slope,
whose value depends on the number of units manufactured (0.95 if less than 10 units
are produced, 0.9 when between 10 and 50 units are built, and 0.85 if more than 50
units are fabricated).

Ground segment cost model

The ground segment cost is computed using the recommendations from the DoD
Facilities Pricing Guide [270], which states that the cost of building (Cgs t) and
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Model Aerospace Corp. SSCM [FY'10] USAF USCM-10 [FY'12]
recurring +non-recurring non-recurring recurring

Structure ST 407 + 19.3X1 logio(X1)+355 + 5.7X2 23.83X1 + 156.2X0. 4 3 38  8.388X1 + 11.63X -57 87

ADCS ADCS 1850 + 11.7X3 68.4X3 -4 9 4 5  68.4X30. 4945

EPS EPS 1261 + 539X4 7 2  54.87X .7 0 4 2  34.92X40-89 4 9 0.7647
Telemetry TT&C 486 + 55.5X1. 2 5  613.8X0. 4 36 6  197.4X0 8

1 2 4 0.6625

Bus cost SCb ADCS + EPS + TT&X + ST ADCS + EPS + TT&X + ST
Payload PL 0.4 * SCb 125.95 * X6.8027

Satellite cost SC SCb + PL SCb + PL
IA&T IA&T 0.1 3 9 SCb 0.1 6 2 7 SCb 0.13(SCb +

PL)0.6603Xso.
1 1 4 3

Program P 0.229SCb 0.2048(IA&T + SCb +PL) 0.2095(IA&T+SCb+PL)*
0.7621

Aerospace and ground AGE 0. 0 6 6 SCb 2583.36 -
Launch Ops LOPS 0.061SCb 255.7X. 443 1

X1 : Structure mass [kg] X1 : Structure mass [lb] X6 : Antenna mass [kg]

X2 : Thermal mass [kg] X2 : Thermal mass [lb] X7 : Burn time [s]

X3 : ADCS mass [kg] X3 : ADCS mass [kg] X8: Number of antennas

X4 : EPS mass [kg] X4 : EPS mass [lb] Xg: Satellite dry-mass [lb]
X5 : TT&C mass [kg] X5 : TT&C mass [lb]

Table 7.4: Comparison of the USCM-10 and SSCM parametric cost models for different satellite systems. The different variables used

as inputs for each of the models are described at the bottom of the table.

N
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maintaining (C ) a new satellite communications facility can be computed as:

CGst = RUC - ACF -/PD - 7 7SIOH r/CF, and (7.52)
C st =SUC -SACF -It (7.53)

where

e RUC is the replacement unit cost, which depends on the country where the
ground station is located.

• ACF is the area cost factor, which also depends on the country where the ground
station is located.

* r/PD is a factor that accounts for the planning and design of the facility, and is
equal to 1.09.

• r/SIOH is a factor that accounts for "supervision, inspection, and overhead ac-
tivities" associated with the construction of the facility, and is equal to 1.057.

• T/CF is a factor that accounts for construction contingencies, and is equal to
1.05.

" SUC is the sustainment unit cost

* SACF is the sustainment area cost factor, which also depends on the country
where the ground station is located.

" It is an inflation factor that accounts for increases in maintenance costs in year
t.

Finally, the cost per gateway antenna (including modem, electronics, etc.) is based
on the model from 12711 and is given by

CGW-ant = 50 + 39 DGW - Np [k$], (7.54)

where DGW is the antenna diameter, Np is the number of polarizations of the systems,
and Nc is the number of colors. This formula estimates the cost of a 2.4 m antenna
to be $113k, and the cost of a 3.5 m antenna to be $226k.

In our models, it is further assumed that one ground station also doubles up as
the control facility (located in the USA or Canada by default), while the rest are only
satellite communications facilities.
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7.3.4 Financial model

The financial model evaluates the economic feasibility of a given constellation using
a cash flow analysis, which takes into account the revenue, CapEx, and operational
expenditure (OpEx) items. The goal of the model is to determine the minimum
average price per Mbps/month that a company would need to charge its users to
achieve an IRR of at least 15%. Cash flow projections are computed assuming a
20-year horizon; in addition, the following assumptions were made:

Revenue generation

" Satellites are first launched in year 2, and service operations begin in year 3.

" Capacity is sold progressively, starting at 20% in the first year of operations,
and stepping up to 40%, 50%, and 65% in years 2, 3, 4 respectively. From year
5 onward, 70% of the system's total system throughput is sold. The variable p
is used to represent the percentage of capacity sold.

" The average price per Mbps/month is a variable chosen such that the IRR
within a 20-year horizon equals 15%.

• The average price per Mbps/month decreases at a rate of 5 % annually.

" Finally the annual revenue is computed as:

Revenue = System capacity x p x price Mbps (7.55)

Capital Expenditure

• The items that constitute CapEx are: satellite manufacturing costs, launch
costs, insurance costs, ground segment costs, and R&D costs.

" The satellite manufacturing costs, launch costs, ground segment costs, and R&D
costs are given by the cost models described in the previous two sections.

" The insurance costs are assumed to be 8% of the launch value (launch costs +
total costs of the satellites on-board), following the recommendations of [2641.

" Constellation replenishment costs are distributed uniformly across all years of
operations.

Operational Expenditure

* The items that constitute OpEx are: ground segment sustainment costs, back-
haul costs, and other operational expenses (including salaries, marketing, etc).
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" The ground segment sustainment costs are given by the ground segment cost
model.

" The backbone transit costs are assumed to be $5 per Mbps/month, with an
annual decrease rate of 5%.

• Other operational expenses (including salaries, sales, marketing, leases, power,
etc.) are assumed to be 35% of revenue once the constellation starts offering
service, and up to 10% of the CapEx in the years prior operations begin.

Once the revenue, CapEx and OpEx items have been taken into account, the cash
flow for each year is simply given by:

CF = Revenue - CapEx - OpEx (7.56)

Finally, the internal rate of return of (the discount rate that makes the difference
between current investments and the future NPV equal to zero), is the solution to
Equation7.57,

20 CF,
0 =0 U (7-57)

tE (1 + IRR)t'

where CFt is the cash flow in year t.

7.4 Model validation

This section details the steps taken to validate the performance, satellite-sizing, and
cost model estimates.

" The performance model is validated in Section 7.4.1 by comparing the total sys-
tem throughput predicted against that of current systems (plus systems under
design).

* The satellite-sizing model is validated in Section 7.4.2 by comparing the esti-
mates for mass against the values in several historical missions, extracted from
the TelAstra 2016 database.

• The cost models are validated in Section 7.4.3 by comparing the cost estimates
against those of several legacy systems.
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7.4.1 Performance model validation

The performance model validation is carried out by comparing the predicted perfor-
mance of several systems to current and future (proposed) systems. In particular,
the total system throughput (i.e., the sellable capacity) of OneWeb, Viasat-1, and
Viasat-3 are used as reference values. The actual value for OneWeb's system (after
accounting for atmospheric effects, the geographical distribution of the demand, and
other factors) has been reported to be in the 1.4 Tbps - 1.6 Tbps range [272], whereas
the throughputs of Viasat-1 and Viasat-3 are 140 Gbps and 1 Tbps respectively.

Table 7.5: Validation of the performance model

Sellable capacity [Gbps]
System Model Truth Error (%)
Viasat-1 122.3 140 -12.8 %
Viasat-3 865 1,000 -13.5 %
OneWeb 1,506 1,400 7.57 %

Table 7.5 contains the comparison of the predicted and actual values for the two
systems selected. It can be seen that our model underestimates the sellable through-
put of Viasat-1 and Viasat-3 by approximately 13%; whereas for OneWeb, the pre-
dicted figure is within the range of the reported values. A possible reason for the
lower values of Viasat's satellites is that the model estimates sellable throughput
with the statistics for atmospheric attenuation taken into account, whereas values
reported by the satellite operators are typically under clear-sky conditions. In any
case, given the low relative errors, the model will suffice for the analyses carried out
in this dissertation.

7.4.2 Satellite-sizing model validation

The satellite-sizing model validation is conducted by comparing the estimates pro-
duced by the model (Section 7.3.1) against actual values from the TelAstra 2016
database, which contains more than 100 records of past communications missions
(both in LEO and GEO). The records in the database date back to as early as 1972
(ANIK A), while the latest record being from 2016 (Viasat-1).

LEO satellites

To validate the satellite-sizing model for LEO satellites, five representative communi-
cations satellite systems are used: Globalstar-1, Globalstar-2, Iridium, Teledesic, and
Skybridge. The first three systems have been launched, whereas for Teledesic and
Skybridge, the projects were canceled before launch, and thus the values reported
correspond to design values.
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Figure 7-8: Comparison of real launch mass and model mass for 6 different LEO satellites

Figure 7-8 shows the relative mass of the subsystems, and Table 7.6 presents
the actual values along with the relative errors of the model. For the five spacecraft
considered, it is assumed that the payload mass was provided as an input to the sizing
algorithm. It can be observed that the predicted launch mass is within ±15% of the
actual launch mass for all satellites, whereas the predicted satellite dry mass is within
±8% of actual values for all cases but Iridium (for which our model overestimates the
mass of the structure subsystem). In terms of relative errors by subsystem, the
TT&C subsystem shows the largest deviations; however, since its mass is relatively
small compared to the total mass of the spacecraft, it has a small impact on the final
values for the dry and launch masses.

Table 7.6: Comparison of predicted and actual values for the subsystem and satellite
masses for 5 LEO satellites

Satellite Globalstar Iridium Teledesic
Model Actual % error Model Actual % error Model Actual % error

Payload 115.0 115.0 0.0 338.5 338.5 0.0 283.4 283.4 0.0
Structure 68.4 60.0 14.0 157.0 51.0 207.9 268.0 273.5 -2.0
Telecommand 11.2 1.0 1021.5 25.8 - - 44.0 17.7 148.4
EPS 117.4 104.0 12.9 215.1 161.7 33.0 665.9 513.6 29.6
ADCS 17.4 32.0 -45.5 23.2 20.1 15.5 30.1 23.6 27.5
Thermal 9.6 23.0 -58.4 22.0 24.8 -11.4 37.5 72.8 -48.5
Dry-mass 341.9 350.0 -2.3 785.1 613.7 27.9 1340.3 1350.0 -0.7
Launch-mass 406.3 410.0 -0.9 884.0 780.0 13.3 1592.8 1490.0 6.9

Satellite Skybridge Globalstr2
Model Actual % error Model Actual % error

Payload 400.0 400.0 0.0 300.0 300.0 0.0
Structure 247.3 - - 145.4 - -
Telecommand 40.6 - - 23.8 - -
EPS 474.4 - - 208.5 - -
ADCS 28.8 - - 22.5 - -
Thermal 34.6 - - 20.4 - -
Dry-mass 1236.7 1250.0 -1.1 726.8 676.0 7.5
Launch-mass 1476.4 1538.0 -4.0 864.7 832.0 3.9
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GEO satellites

To validate the satellite-sizing model for GEO satellites, six different communica-
tions missions were selected (from both commercial and governmental organizations).
These missions include Arabsat, TDRSS-J, Telstar-4, Viasat-1, Wildblue, and Kore-
asat, whose masses range from 1,000 kg (characteristic of missions from small oper-
ators) to more than 6 tonnes (characteristic of lastest generation HTS launched by
well-established operators). Figure 7-9 shows the relative masses of the subsystems,
and Table 7.7 presents the actual masses along with model errors. Again, it is as-
sumed that the payload mass for each of the satellites was provided as an input to
the algorithm. The results obtained for GEO satellites are similar to those obtained
for LEO satellites; the launch-mass errors are within 10% error for all satellites but
TDRSS-J, whereas the dry-mass errors are within t 17% in all cases.

Table 7.7: Comparison of predicted and actual values for the subsystem and satellite
masses for 6 GEO satellites

Satellite Arabsat TDRSS-J Telstar-4
Model Actual % error Model Actual % error Model Actual % error

Payload 122.4 122.4 0.0 625.0 625.0 0.0 390.7 390.7 0.0
Structure 104.5 90.4 15.6 280.1 305.5 -8.3 316.5 176.4 79.4
Telecommand 17.1 29.2 -41.3 45.9 52.1 -11.8 51.9 78.5 -33.9
EPS 182.6 177.0 3.1 268.6 434.0 -38.1 625.1 566.7 10.3
ADCS 56.0 66.5 -15.9 74.4 138.9 -46.4 77.9 70.6 10.4
Thermal 14.6 30.2 -51.6 39.2 76.4 -48.7 44.3 90.7 -51.1
Dry-mass 522.3 573.1 -8.9 1400.6 1736.0 -19.3 1582.6 1621.0 -2.4
Launch-mass 990.4 1140.0 -13.1 2655.9 3196.0 -16.9 3000.9 3331.2 -9.9

Satellite Viasat-1 Wildblue Koreasat-1
Model Actual % error Model Actual % error Model Actual % error

Payload 794.1 794.1 0.0 500.0 500.0 0.0 202.0 202.0 0.0
Structure 698.5 532.3 31.2 416.5 - - 127.6 - -
Telecommand 114.6 159.8 -28.3 68.3 - - 20.9 - -
EPS 1507.7 824.0 83.0 851.9 - - 180.1 - -
ADCS 112.0 155.7 -28.0 87.3 - - 58.6 -
Thermal 97.8 313.9 -68.8 58.3 - - 17.9 - -
Dry-mass 3492.8 3296.6 6.0 2082.5 1925.0 8.2 637.8 641.0 -0.5
Launch-mass 6623.2 6739.6 -1.7 3948.8 4451.0 -11.3 1209.4 1411.0 -14.3

Given the results from the validation process, it can be concluded that the satellite-
sizing model is accurate enough for tradespace exploration in the context of space
communications architectures. Moreover, the effects that the uncertainty (or errors)
of the satellites-sizing model have on the output metric will be further studied through
sensitivity analysis.

7.4.3 Satellite cost model validation

The cost model is validated by comparing the estimates for the 11 missions considered
(5 LEO, 6 GEO) against the actual values reported within the TelAstra database.
The model estimates correspond to the sum for the non-recurring and recurring costs
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Figure 7-9: Comparison of real launch mass and model mass for 6 different GEO satellites

of each unit. For constellations where more than one unit was produced, the non-
recurring costs are uniformly allocated to each of the satellites, whereas the recurring
costs are the average recurring costs after taking into account all discounts associated
with the learning rate (i.e., discounts from mass-manufacturing).

Table 7.8 reports the cost values estimates for the 6 GEO satellites, whereas Ta-
ble 7.9 contains the estimate values for the 5 LEO satellites. All cost values (both
estimates and actual values) are quoted in the year each satellite was manufactured.

Table 7.8: Comparison of model and actual cost for 6 GEO satellites

Actual # sats Model
[$M] - Est % error

Name
Arabsat 45.0 3.0 38.2 -15.1
TDRSS-J 229.0 1.0 233.2 1.8
Telstar-4 70.0 3.0 93.3 33.3
Viasat-1 501.0 1.0 556.7 11.1
Wildblue 265.0 1.0 286.7 8.2
Koreasat-1 78.0 2.0 71.3 -8.5

Table 7.9: Comparison of model and actual cost for 5 LEO satellites

Actual # sats Model
[$M) - Est % error

Name
Globalstar 12.0 56.0 10.9 -9.1
Iridium 24.0 66.0 19.7 -18.1
Teledesic 35.0 324.0 30.2 -13.8
Skybridge 36.0 80.0 37.5 4.2
Globalstr2 22.0 48.0 28.8 30.8

It can be observed that the cost model does provide reasonable estimates for both
LEO and GEO satellites. Overall, relative cost errors are within 30% of the real
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values. Although these errors might seem high at first glance, it is not uncommon for
cost models to deviate by such magnitudes (in fact, a 30% error would be considered
relatively modest in terms of cost estimation). Importantly, these cost estimates
only need to be accurate enough to allow for comparison among architectures of
the same concept (e.g., between multiple space connectivity systems) and between
different concepts (e.g., satellite architectures vs. aerial systems), and thus, it is when
interpreting and drawing conclusions from the tradespace exploration results that
these considerations should be taken into account, for example, through sensitivity
analysis.

7.5 Tradespace exploration for space networks

7.5.1 Design space description

The design space is defined as the set of decisions that need to be taken when designing
a satellite constellation, together with the options for each decision. Table 7.10 shows
the morphological matrix for space networks.

Table 7.10: Morphological matrix for space systems

Decision name Decision options
Orbital Altitude GEO MEO LEO
Number of planes 1 5 10 15 20 50
Number of satellites / plane 3 5 10 20 30 50 70
Orbital inclination 0 30 45 60 90
Number of payload beams 7 19 37 74 370 740
Frequency User a+ Satellite Ku Ka V/Q
Frequency Satellite ++ Gateway Ka V/Q E Optical
Frequency Inter-satellite Links E Optical None

In particular, the following decisions were considered when defining space networks.

• Orbital altitude and inclination: possible orbital altitudes include GEO
(35,768 km), MEO (8,000 km), and LEO (1,200 km). The orbital inclination can
take one of the values in {0°, 300, 450, 600, 90°}, with the following constraints
for GEO networks, only equatorial orbits (inclination = 00) are allowed; for
LEO networks, only non-equatorial orbits are allowed.

* Number of planes and number of satellites per plane: these decisions
determine the overall constellation structure and the total number of satellites.
The number of planes considered can take any value in {1, 5, 10, 15, 20, 50},
whereas the number of satellites per plane is {3, 5, 10, 20, 30, 50, 70}. The fol-
lowing constraints apply to the decision: for equatorial configurations (inc=00 ),
the number of planes is always 1; for non-equatorial configurations, it is always
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greater than 1. Moreover, for MEO constellations, the maximum number of
planes is 20 and the number of satellites per plane is any option between 5 to
30; finally, only GEO architectures can have 3 satellites per plane, since con-
stellations in other orbits cannot possibly achieve global coverage with such a
small number of planes.

" Number of beams per satellite: the number of beams per satellite can take
any value in {7, 19, 37, 74, 370, 740}3. However, the following constraints
apply: for LEO networks, the number of beams must be fewer than or equal
to 74 beams (due to the assumed power limitations of the spacecraft), whereas
GEO networks must have a number of beams greater than or equal to 37 (i.e.,
architectures comprised of "small-GEO" satellites are not considered). Finally,
MEO networks with a large number of planes (10, 20, 50) must have fewer than
100 beams per satellite.

" Operational frequencies: these frequencies determine the bandwidth avail-
able (according to the ITU frequency allocation guidelines) and the achievable
data rates. For the user links, frequencies {Ku, Ka, V/Q} are considered; for
the feeder links: {Ka, V/Q, E, optical}, and for the ISLs: {None, E, optical}.

" Number and locations of ground stations: although not featured as a
decision per se in the morphological matrix, the number and locations of the
ground stations are optimized for each architecture, following the procedure
described in Section 7.2.4.

Finally, it is worth mentioning that all the architectures are assumed to require a
CPE to connect to users, as direct-to-user strategies are unaffordable for uncovered
and under-served populations.

7.5.2 Tradespace exploration methodology

This section contains the tradespace exploration results for space networks. To pre-
serve the flow of this part of the thesis, the performance of using Bayesian optimization
for this tradespace exploration exercise is not discussed here but can instead be found
in Appendix E.

3It is assumed that each beam has 1 GHz of usable bandwidth. Thus, the number of beams
equals the total usable bandwidth in the satellite.
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7.5.3 Tradespace exploration results

Overview of results

Figure 7-10 shows the tradespace exploration results for space networks. Each point
corresponds to an architecture, that is, a unique combination of decision-options from
Table 7.10. The horizontal axis represents the CapEx required to begin operations,
whereas the vertical axis is the total sellable forward link (FWD) capacity. In addition
to the architectures obtained from the morphological matrix, values for several of the
currently-proposed systems have been included in the graph. The yellow dot at the
top-left corner represents the utopia point, that is, the ideal (unattainable) point
(where infinite capacity is available at close-to-zero CapEx costs).

The Pareto front has GEO, MEO, and LEO points, which indicates that there are
good designs in all orbits. For low CapEx and low sellable capacities, GEO systems are
predominant; for mid-capacities, MEO satellites are best. Among current proposals,
mPower and Viasat-3 (the global constellation of 3 satellites) are closest to the Pareto
front, whereas OneWeb is the furthest away.
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Figure 7-10: Tradespace exploration results for satellite networks. Each point represents

a different architecture. The yellow dot at the upper left corner is the utopia

point (ideal value).

Figure 7-10, however, lacks two elements that are required to understand the
tradespace fully: first, the OpEx and replenishment costs are not taken into account,
and second, the throughput offered by the different architectures relative to demand
(i.e., whether the architectures are over-provisioning or under-provisioning capacity),
which in turn is a function of the price.

Figure 7-11 shows an alternative view of the tradespace, in which the horizontal
axis represents the minimum cost per Mbps/month that each architecture would
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need to sell its capacity to achieve 15% IRR. The black line represents the estimated
demand for the broadband market', hence, architectures over the black line can be
interpreted as over-provisioning capacity (and thus will not be able to sell all their
capacity at the targeted price), whereas those below the line are under-provisioning.
Note that the demand curve represents the "global" broadband + backhaul market
demand curve.

Several conclusions can be extracted from this image:
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Figure 7-11: Demand curve and tradespace exploration results for satellite networks. Each
point represents a different architecture. The black curve represents the esti-
mated global broadband demand5 as a function of the price per Mbps/month.

• Only a small proportion of the architectures are viable businesses, capable of
selling their full capacities at the required price per Mbps/month. The majority
of the architectures over-provision capacity, and will face challenges to remain
profitable; some of them will be able to raise prices (at the cost of selling less
capacity) or target markets more profitable than consumer broadband (e.g.,
military, mobility, etc.), and still be able to generate enough revenue to survive.
Others will not be able to generate such revenue and might have a more cruel
fate.

" The farther to the bottom-left of the plot that architectures are positioned, the
higher the likelihood of them being profitable (because there is more room to
increase prices and adjust as new competition enters the market). In that sense,
GEO and MEO architectures present the highest likelihoods of profitability;
however, LEO systems can also be competitive if they are designed wisely (as
will be explained later in this section).

4 1t is assumed that satellite systems will be able to capture 0.5% of the market for covered areas,
10% of the market for under-served areas, and 30% of the market for uncovered areas.
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* If all the currently-proposed satellite systems were to be launched (with their
designs unchanged), there will be an overall excess of capacity. In particular,
total capacity would be more than 40 Tbps of capacity, an amount over 20 times
higher than the current global comms. satellite capacity.

Tradespace results filtered by decision

Figure 7-12 shows the tradespace results colored based on the option chosen for each
decision. It can be observed that both MEO and GEO systems with a single equatorial
plane (as seen in Fig. 7-12a) dominate the profitable region. In contrast, polar orbits
are a poor choice and offer low sellable capacities, since a lot of the capacity is wasted
in the polar regions where there are no (or few) customers. Figure 7-12b shows the
architectures classified by the number of beams per satellite. For GEO and MEO
systems, architectures with 370 and 740 beams respectively dominate over those with
a lower number of beams, whereas for LEO architectures 7- and 19-beam satellites
seem the most promising.

Figure 7-12c depicts the different architectures colored based on the number of
planes in the constellation, while Figure 7-12d shows them colored based on the num-
ber of satellites per plane. It can be observed that these two decisions are responsible
for great stratification within the tradespace, with architectures with a small number
of planes (depicted in blue, purple, and orange in Figure 7-12c) and a small number
satellites of planes (depicted in green, purple, and blue in Figure 7-12d) clustering
at the bottom-left of the charts (and are therefore the most likely to be profitable),
while architectures with larger number of satellites trend towards the upper-right
areas of the charts. This indicates that (given the demand assumptions) constella-
tions with a large number of satellites are oversized, which results in higher prices
per Mbps/month since there are diminishing returns in launching new satellites, i.e.,
once full coverage is achieved, each new satellite added will serve users actively for a
lower percentage of its orbital period.

Characteristics of most profitable architectures

As mentioned at the beginning of this section, GEO, MEO, and LEO designs can all
be competitive if they are designed wisely. In particular, Tables 7.11, 7.12, and 7.13
show the most popular options for the decisions among architectures that indicate the
highest likelihoods of being profitable (i.e., those farthest to the bottom-left of the
demand curve in Figure 7-11). For each table, the morphological matrix of decisions
is depicted, and the different options are colored based on their popularity among
Pareto-optimal architectures. The more intense the coloring, the more popular an
option is.

It can be observed that popular GEO architectures are those with a single equa-
torial plane, a small number of satellites (3-10), and payloads with a large number of

153



CHAPTER 7. SATELLITE NETWORKS

3# ' 4 90,1
mtsWArsOaseMASl

(a)

3m5 ser se 100nbi

(c)

35m see

%CT0 350

* ~- w~wm~~

Figure 7-12: Tradespace exploration results for satellite networks by a) inclination of the
orbits, b) number of beams per satellite, c) number of planes in the constella-
tion, and d) number of satellites per plane. Each point represents a different
architecture.

beams operating at high-frequency bands. These architectures are very similar to the
current HTS and very high throughput satellite (vHTS) concepts, with the primary
difference of using higher-frequency bands. For MEO architectures, equatorial orbits
are also preferred, but with a greater number of satellites per plane (5-30, with 10 be-
ing the most popular option). For MEO architectures, there is considerable variability
in the frequencies of operation for all types of links. Finally, for LEO constellations,
the dominant architectures are relatively small constellations with between 200 and
450 satellites distributed across 10-15 planes of 20-30 satellites each, a preferred or-
bital inclination of 60°, simple payloads with 7-19 beams, and (surprisingly) without
cross-links between satellites.

This last result indicates that the increased sellable throughput and ground seg-
ment cost savings from having ISLs onboard are not worth the greater satellite masses
(which in turn increases launch and manufacturing costs). However, there are other
reasons to carry ISLs which were not featured by the model: first, ISLs allow for
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7.5. TRADESPACE EXPLORATION FOR SPACE NETWORKS

additional markets, e.g., maritime and airliner markets; second, some countries re-
quire operators to land all data originated by their citizens within their borders, a task
that would be facilitated by ISLs. These factors might explain why the companies are
trending towards the development of architectures with ISLs for their constellations.

Table 7.11: Popularity of decision-options for GEO architectures on the Pareto front. The
color intensity is proportional to the number of times each option was present
in Pareto optimal architectures.

Decision name Decision Options
Number of planes 5 10 15 20 50
Number of satellites / plane 3 10 20 30 50 70
Orbital inclination 30 45 60 90
Number of payload beams 7 19 37 370 740
Frequency User + Satellite Ku Ka
Frequency Satellite ++ Gateway Ka V/Q E Optical
Frequency Inter-satellite Links E Optical

Table 7.12: Popularity of decision-options for MEO architectures on the Pareto front. The
color intensity is proportional to the number of times each option was present
in Pareto optimal architectures.

Decision name Decision Options
Number of planes 5 10 15 20 50
Number of satellites / plane 3 5 50 70
Orbital inclination 30 45 60 90
Number of payload beams 7 19 37 370 740
Frequency User ++ Satellite Ku Ka V/Q
Frequency Satellite ++ Gateway Ka V/Q E Optical
Frequency Inter-satellite Links j E Optical

Table 7.13: Popularity of decision- options for LEO architectures on the Pareto front. The
color intensity is proportional to the number of times each option was present
in Pareto optimal architectures.

Decision name Decision Options
Number of planes - 1 5 10 15 20 50
Number of satellites / plane 3 5 10 20 30 50 70
Orbital inclination 0 30 60 90
Number of payload beams 19 37 74 370 740
Frequency User * Satellite Ku Ka V/Q
Frequency Satellite e+ Gateway Ka V/Q E Optical
Frequency Inter-satellite Links None E Optical
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Impact in terms of bringing uncovered and under-served populations on-
line

In this section, the impact of satellite networks in terms of bringing uncovered and
under-served populations online is analyzed. Figure 7-13 shows the uncovered and
under-served population that can afford satellite connectivity vs. price per Mbps/month,
both at a worldwide scale and when focusing on the 37 countries shown in Table 6.1.
Given that current prices for the satellite backhaul and broadband markets are -$200
per Mbps/month, it is estimated that up to 55 million uncovered and under-served
worldwide (or ~8% of the global uncovered and under-served population) could afford
satellite backhauled connectivity, out of them, 6 million are within the 37 countries of
interest (~5% of the total uncovered and under-served population of those countries).
Moreover, when the currently proposed system launch in the next 2-5 years and prices
go down to $80-$120 per Mbps/month, the number of people that would be able to
afford satellite connectivity would increase to 115 million (-15%) worldwide and 17
million in the countries of interest. Finally, the future generation will enable prices
to go even further down to $30-$40 per Mbps/month, making satellite connectivity
affordable for 255 million of uncovered and under-served worldwide, and 60 million
in the 37 countries.

- Currem pmne

(a) Worldwide ~~~
(b) 37 countries

Figure 7-13: Uncovered and under-served population that can afford satellite connectivity
vs. price per Mbps/month.

Notice that these two figures depict the population that could afford the service,
but do not take into account other factors such as market uptake (see Section 10.2.2),
and satellite saturation effects. Figure 7-14a shows the population served (i.e., taking
into account the demand model), whereas Figure 7-14b shows how capacity is split
across the three market segments considered division of throughput. Note how even
representing a small fraction of the users, those in connected areas will still account
for most of the throughput.
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Figure 7-14: Estimates of a) population that will be subscribed to satellite-backhauled
mobile broadband and b) throughput required vs. price per Mbps/month.

Analysis of main effects

In this section, the main effects for each of the decisions with respect to sellable ca-
pacity and price per Mbps/month required for profitability are analyzed. Considering
that a full enumeration of the tradespace is unfeasible from a computational stand-
point, the main effect (as a percentage point value) of each of the variables and each
of the decision options is computed as:

dk E [y]A) I - E [y] - 100
E [y] [%] (7.58)

where:

* Y(d=0) is the main effect of variable y for cases where decision dk is assigned
option 0,

" E [Y]Adk=o is the expected value of the quantity of interest, y, over those archi-
tectures A where the value of decision dk equals option 0,

" E [Y]Adko is the expected value of the quantity of interest, y, over those archi-
tectures A where the value of decision dk does not equal option 0, and

* E [y] is the expected value of the quantity of interest, y, over all architectures.

This main effect value is similar to the property variable sensitivity proposed by
Simmons in reference [36], with the main difference being that here the percentage
difference is computed instead of the average difference.

Figure 7-15 shows the main effect of each of the decisions on the price per Mbps/month.
Each subplot corresponds to a decision, and each row shows the main effect of select-
ing a particular option. The red line in the center of each box indicates the average
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effect on the price per Mbps/month of selecting that particular option; the boxes rep-
resent the 95% confidence interval, obtained by bootstrapping with 10,000 replicas.
As a first-order approximation, the statistical significance of the main effect can be
determined by looking at the confidence intervals: if two boxes overlap, the difference
in the main effect of the two variables is not statistically significant. Similarly, if a
box crosses the 0% vertical line (these boxes are indicated by in lighter colors), there
is insufficient statistical evidence to assert that the main effect is different from 0.
Finally, the reader should note that with this main effects analysis one cannot dis-
tinguish between first-order effects and higher-order interaction effects. For example,
having 740 beams per satellite has a similar main effect to selecting a GEO orbit, in
part because GEO satellites have 740-beam payloads (whereas LEO do not).

From Figure 7-15, it can be observed that MEO and GEO networks would be able
to offer lower prices per Mbps/month than LEO networks, which are, on average,
27% times more expensive. As for the number of planes and the number of satellites
per plane, the smaller the number of planes and of satellites per plane, the lower the
price per Mbps/month. This merely confirms that there are diminishing returns with
large constellations, as most of the value is delivered by the initial satellites. It is also
interesting to note that the higher the number of beams per satellite, the lower the cost
per Mbps/month. This supports the hypothesis that it is more cost-effective to have
a small number of highly-capable satellites (similar to the current vHTS proposals
in GEO and MEO) than many low-complexity satellites (as in current LEO mega-
constellations proposals). Finally, with regard to the frequency of operation, there
is a reduction of ~8% in the price per Mbps/month when transitioning feeder links
into higher frequency-bands (i.e., moving from Ka-band to Q/V or E band), and a
similar effect is observed for the user frequency, where the Q-band offers the lowest
price per Mbps/month. Finally, E-band ISLs result in a 10% increase in the price
per Mbps/month, whereas using the optical band allows for a reduction of ~ 5%.
However, this latter effect is not statistically significant as compared to not having
ISLs at all.

158



7.5. TRADESPACE EXPLORATION FOR SPACE NETWORKS

m-L
MCI

-0 01 2

meram~al i6

3,

-46 -20 6 20
namenwTag I]

501
20
'S
201
si m

m
-40 3 0 M0 V ft

bacmaoeg

s0o

-4a3 1.

famsg w

AU

am 4
40

-40 -2 0 2 40

f-L

ammoe

SO -10 -5

-5 0 5
P63ge~%j

0.

- law
KA
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confidence interval for the main effect and were computed by bootstrapping
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Figure 7-16 shows the main effect on the sellable capacity of the main satellite
network decisions. Out of all decisions, the ISL frequency and user frequency play
the least important roles and are not significant when computing the sellable capacity
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CHAPTER 7. SATELLITE NETWORKS

of a network. The type of orbit has a large impact, with MEO networks providing

on average 25% more throughput than LEO networks. This is mainly a consequence
of the design constraints imposed on such networks (it would not make sense to have

a LEO network composed of 6 tonnes vHTS). As expected, other decisions such as
the number of beams, the number of planes, and the number of satellites per plane,
all have a strong effect on the sellable capacity: the more beams/planes/satellites,
the higher the network's sellable capacity. Finally, in terms of orbit inclination, polar
orbits (900) result in - 60% less sellable capacity, whereas inclinations of 3 0 °and

45°result in moderate gains of around 20%.

Global sensitivity analysis

The results presented in the previous section hinge on a large number of model pa-

rameters for the cost, financial, and satellite-sizing models, which have degrees of

uncertainties associated with them. In this section, the variance of the results as

a function of such uncertainties is analyzed through global sensitivity analysis. In

particular, the following parameters are considered: satellite and payload weights,
lifetime, cost of satellite, backbone transit, and CPE terminal, launch costs, percent-
age of maximum sellable capacity sold; user demand (per user allocation as described

in Section 7.2.3); and learning rate (i.e., the mass production cost-discounts). Table

7.14 shows the variation range (i.e., uncertainty) associated with each of the param-

eters. These values were derived from: a) model errors, for the satellite-sizing and

satellite cost models, b) literature, for the learning rate, launch costs, and lifetime,
and c) estimates obtained from interviewing industry experts6, for the remaining of

the parameters.

Table 7.14: Variability ranges for parameters of the space architecture models

Parameter Range Units

Payload weight ±40% Percentage
Satellite weight ±40% Percentage
Lifetime ±20% Percentage
Satellite cost ±70% Percentage
Backbone transit cost [3 - 201 $/Mbps/month
CPE terminal cost [300 - 50,000] $/terminal
Launch cost ±40% Percentage
Percentage max. capacity sold 60 - 100 % of sellable throughput
User demand ±50% Percentage
Learning rate [0.75 - 0.951 [-1

To understand how these parameters affect the metrics obtained, the sensitivities

of two quantities of interest (minimum price per Mbps/month to achieve profitability

6 A satellite consultant with more than 20 years of experience and a system architect at a major

satellite operator were consulted
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and population that can afford the service) to these parameters are analyzed using
global sensitivity analysis via Sobol indices [2731. This type of analysis quantifies the
influence of each parameter on the final value of a quantity of interest, y, using two
indices: the Sobol index (Si) quantifies the reduction of variance in the output when
a variable di is fixed; and the total-order Sobol index (ST) quantifies the expected
variance if only di was to vary (i.e., the other variables are fixed). The values of the
first and total Sobol indices are given by:

V(Ed- (yldi)) Ed-_ V(yId_j))
V(y) ' V(y) '

where V(Ed-_ (yldi)) is the variance of the expected value of the quantity of interest,
y, when the value of variable di is fixed (i.e., it measures the first-order interactions of
variable di), and Ed_ V(yldi)) is the expected variance if all the values but variable di
are fixed (i.e., it measures the higher-order interactions of di with other parameters).
A Saltelli sampler [274] is used to generate sample values for the parameters, which
are then passed into the models described in this Chapter for evaluating the quantity
of interest. Finally,the Sobol indices are computed using the python package SALib
[275].

Figure 7-17 shows the values of the Sobol indices for the two quantities of interest
for representative GEO, MEO, and LEO architectures. It can be observed that for
both GEO and MEO architectures, the parameters which have the most impact on
the variability of the minimum price per Mbps/month are satellite cost and percent-
age of capacity sold. Moreover, the large differences between the values of ST and Si
indicate that there are higher-order interaction effects between parameters, especially
for satellite cost. This is not surprising since satellite cost depends directly on other
parameters such as the satellite and payload weights. In contrast, for LEO architec-
tures, the learning rate (i.e., the cost discount obtained from the mass-production of
satellites) has the greatest importance, which is also expected, due to the large num-
ber of satellites that need to be deployed for LEO constellations. If the learning rate
is very high, discounts due to economies of scale will not materialize and the CapEx
cost of a constellation would be higher, which increases the price per Mbps/month
required for profitability.
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Figure 7-17: Global sensitivity analysis for representative space architectures. The error
bars represent the 95% confidence interval for the Si and ST, indices, and
were computed by bootstrapping (10,000 replicas).

Looking at the sensitivity of the population that can afford connectivity to the
model parameters (Figures 7-17b, 7-17d, and 7-17f), for both GEO and MEO archi-
tectures user demand (i.e., the data rate allocated per user) is responsible for most
of the variability in the results. This is important, as one of the key assumptions
made in this dissertation is a relatively low data rate per user and moderate CAGR.
Moreover, given the small differences between ST and S1, it can be concluded that,

162

II-

Aat alw1w""

uuft=f

LV-Igt!

- e I

(b) Population afforded (GEG)



7.6. CHAPTER CONCLUSIONS

for these two types of architectures, the effects of high-order interactions between
variables is limited. As before, the LEO architecture presents a different behavior;
in this case, the learning rate, satellite cost (primarily due to interactions), and user
demand have the most importance. The reason for this is similar to the reason before;
the number of users who can afford connectivity is tied to the costs of deployment,
and the parameters that directly affect CapEx costs are also those that the quantity
of interest would be most sensitive to.

In light of these results, if higher-fidelity analyses were to be conducted, the main
model parameters whose uncertainty values would need to be reduced are satellite
cost, percentage of capacity sold, and user demand for GEO and MEO constellations,
and the learning rate (and in turn the cost per satellite) for LEO constellations.

7.6 Chapter conclusions

This chapter analyzed the following three research questions

Research Question 7.1

What are the characteristics of dominant space architectures?

Our analysis concludes that GEO and MEO satellite constellations are the most
affordable and viable space architectures to extend connectivity to uncovered and
under-served regions. For GEO networks, the dominant architectures have a small
number of satellites (3-10) carrying highly-capable payloads (> 1 Tbps of through-
put), and use higher frequency bands for user and feeder links. For MEO satellites,
a larger number of moderate-capacity spacecraft is preferred. Finally, some LEO de-
signs can also be competitive; the model predicts that the best designs would feature
a relatively small number of satellites (200-450) with simple payloads, positioned at
inclined orbits.

Research Question 7.2

Taking into account both technical and economic factors, what is the potential
impact of space systems in terms of connecting additional populations?

It is envisioned that the next generation of satellites (to be launched within the
next 2-5 years) will bring down prices to ~ $100/Mbps/month, which represents
an estimated demand of -5 Tbps (currently the global satellite capacity for data
networks is below 2 Tbps), which according to the demand model, would be affordable
for up to 120 million of currently uncovered and under-served people worldwide, with
40 million of them adopting the service. However, further reductions in price may
be achievable for the future generations of satellites (8-10 years); if prices drop below
the $35/Mbps/month threshold, the number of additional people currently uncovered
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and under-served for whom satellite backhaul could be affordable would rise to 300
million worldwide, with 81 million adopting the service.

Research Question 7.3

Which technical decisions play the most important role in the design of space
systems? Which technologies, if further developed, would yield the most benefit
for such systems?

There are two important technology trends that could allow for lower costs per ca-
pacity unit for future satellite systems. First, transitioning to higher frequency bands
(for both the user and feeder links) enable cost reductions through increasing in sell-
able capacity. Second, further miniaturization and integration of components enable
payload weights to be further reduced, which in turn could enable lower satellite costs.
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Chapter 8

Aerial networks

Aerial connectivity has the advantages of allowing for broader coverage areas than
terrestrial networks, encountering less interference caused by obstacles (buildings,
ground elevations), and having shorter deployment times. This makes aerial networks
especially suitable for rolling out basic connectivity services in remote and sparsely-
populated areas. As already mentioned, there are two main categories of aerial sys-
tems: high-altitude platforms (HAPs), which fly at the 20-35km range (where lower
wind speeds are registered), above the commercial airline airspace, and low-altitude
platforms (LAPs), which fly below 1km altitude.

HAPs have gained much attention in the last two decades, specifically after 1997,
when the ITU coined the term high-altitude platform at the World Radiocommunica-
tion Conference (WRC-97) and allotted a frequency band for high-altitude telecom-
munication stations. In that sense, several commercial efforts to deploy HAP-based
networks are underway, with some systems in development and others already in
testing.

Most of the concepts proposed consist of unmanned platforms which can fly for
long periods of time (weeks to several months). In particular, three categories of
platforms can be distinguished:

" Aircraft: an unmanned high-altitude, long-endurance solar or fuel-propelled
aircraft is used as the aerial platform. These aircraft have typical takeoff weights
between 75 - 500 kg, and can support payloads with masses between 2 - 20
kg and power consumption below 200 W. This approach is being pursued by
Facebook, Airbus, Aurora Sciences, or HAPSMobile.

• Airships: the aerial platform consists of a large aerostat with a rigid or semi-
rigid outer shell, which holds the solar panels, payload, and electric propellers.
Proposals in this category consist of large systems which generate multiple kilo-
watts of power, and are capable of hosting payloads with masses in the hundreds
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to thousands of kilograms. The main projects involving airships are Thales'
Stratobus, StratXX's X-station, and Lockheed Martin's HALE-D.
While airships can host much higher-mass payloads, given the low data rates
required to provide communications in sparsely-populated regions, this is su-
perfluous. And since airships are considered to be between two to three times
more expensive than high-altitude UAVs [81], with no advantage in terms of
their station-keeping capabilities, they will not be considered in this section.

• Balloons: stratospheric balloons are used to create a communications network
in the sky. Unlike in the other two categories, balloons are not propelled and
therefore station-keeping capabilities are limited1 . The main proponent of this
approach is Google's Loon project, which started in 2011 and is expected to
begin trial services in Peru and Kenya in 2020.

For LAP systems, the main proposals consist of tethered aerostats (balloons and
blimps), which can fly at altitudes between 200m and 1km. The main advantage
of such systems is that they remain fixed at a position even in inclement weather
conditions since they are literally attached to the ground. As of 2019, various com-
panies (e.g., Raven aerostats, Altaeros) have proposed the use of LAPs to provide
connectivity to uncovered and under-served regions, although the predominant uses
of active deployments have been for research, policing, disaster relief, and military
operations.

This chapter presents the models used to evaluate the performance of aerial net-
works, as well as the results of several analyses due to identify the optimal space
architectures. Its objective is to provide answers to the same three research questions
formulated in Chapter 7, but as addressed to aerial systems.

Research Question 8.1

What are the characteristics of dominant aerial architectures?

Research Question 8.2

Taking into account both technical and economic factors, what is the potential
impact of aerial systems in terms of connecting additional populations?

'Balloons can be moved up or down into a layer of wind blowing in a given direction, providing
the balloons with limited control capabilities.
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8.1. MODEL OVERVIEW

Research Question 8.3

Which technical decisions play the most important role in the design of aerial
systems? Which technologies, if further developed, would yield the most benefit
for such systems?

8.1 Model overview

As in the previous chapter, the performance and economics of aerial networks are
analyzed using a system model composed of a performance model and an economic
model, illustrated in Figure 8-1.

Inputs

Aerial system
info
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Atmospheric
models ITU )Network topology

analysisLink - Link Budget ...... :-....
parameters Random walk
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Asset deployment
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Figure 8-1: Performance and cost model overview for aerial systems.

The performance model evaluates the number and locations of the aerial assets, the
number of extra platforms required to ensure continuous coverage, and the payload
dimensions required to satisfy the demand (at each frequency band). The number
and locations of the assets is determined by transforming the problem into a clique
edge covering problem in graph theory; whereas the performance of the payload is
assessed using the atmospheric and link budget models described in Section 7.2.1
and Section 7.2.2 respectively, together with a network topology model which uses
a Gaussian random walk heuristic to determine the number of additional platforms
required to achieve continuous coverage and the target availability of 99%.

The economic model estimates the masses of the aerial platforms and uses the
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values as inputs for the platform cost model. The computed cost is used together
with the cost of the ground infrastructure to determine the total system cost (CapEx)
and the operating expenses (OpEx). Finally, these parameters are fed into a financial
model which determines which deployments are able to achieve the desired returns
(IRR of at least 15%) and the price per Mbps/month that would be required to
achieve profitability.

8.2 Aerial network performance modeling

This section describes the different models used to assess the performance of aerial
networks.

8.2.1 Atmospheric model and link budget model

As per the ITU recommendations, aerial platforms can use the following bands for
operations:

" S-band: ITU recommendation M.1456 establishes that HAP systems can oper-
ate in the IMT-2000 band, specifically in the bands 1885-1980 MHz, 2010-2025
MHz, and 2110-2170 MHz for Regions 1 and 3, and 1885-1980 MHz and 2110-
2160 MHz for Region 2 [276].

* Ka-band: ITU recommendation F.1569 establishes that HAP systems can op-
erate in the bands 27.5-28.35 GHz (DL) and 31-31.3 GHz (UL) [2771.

" V-band: ITU recommendation SF.1481 establishes that the bands 47.2-47.5
GHz and 47.9-48.2 GHz are designated for use by HAPs [278].

Taking these recommendations into consideration, the ITU atmospheric model for
slant-paths (described in Section 7.2.1) is used together with the link budget model
(described in Section 7.2.2) to estimate the achievable data rates.

Finally, it is worth mentioning that both the S and Ka frequency bands overlap
partially with the allocations for 4G and 5G technologies. This allows aerial systems to
connect directly to the users' handsets (whereas for space concepts, CPEs are always
necessary), which reduces the overall cost of the system; however lower data rates are
to be expected when a direct-to-user connection is used instead of a platform-to-CPE
connection.
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8.2.2 Location of aerial assets

Since aerial networks can be strategically deployed to target only the settlements
that are currently uncovered or under-served, and only where there is a business
opportunity, it is especially important to determine the optimal sites for deployment.

High altitude platforms

The method to select the optimal locations of aerial platforms is based on graph theory
and is similar to the one published in [6212 to determine the pointing directions of
satellite beams. The inputs for the method are the location of the settlements, and
the output is the set of locations where HAPs should be placed. The algorithm is as
follows:

1. First, the radius for coverage of each of the HAPs is estimated.

2. Second, the settlement map is transformed into a graph g(V, E), where each
node represents a settlement and an edge is drawn between two nodes if the
corresponding two settlements are separated by a distance smaller than twice
the radius of coverage. In other words, the presence of an edge between two
settlements indicates that they can be covered by the same HAP.

3. The maximum cliques of g are identified. A clique is a sub-graph of g such
that all nodes are interconnected, that is, a fully-connected sub-graph 9. A
maximum clique is a clique that cannot be extended by adding a new node (i.e.,
a maximum clique cannot be a sub-graph of any other clique). The presence of
a maximum clique indicates that a HAP would (in theory) be able to cover all
the nodes (settlements) in the clique simultaneously.

Thus, assuming that the number of HAPs to be deployed shall be minimized, the
problem can be re-stated as finding the minimum number of cliques that would
cover all the nodes of g. This problem is commonly referred to in the literature
as the edge covering problem, and is NP-hard; therefore, no known methods
exist to produce an optimal solution in polynomial time. In this thesis, a greedy
approximation which yields good-enough results is employed, as follows:

(a) The maximum cliques are sorted by number of people covered in descending
order.

(b) A greedy algorithm loops through the list of cliques and determines if the
next clique is selected (i.e., if a HAP will be placed to cover the nodes that
make up the clique). A clique is selected if none of its nodes (settlements)
overlaps with any of the nodes in cliques already selected.

2 This method is based on a proprietary and patent pending method for beam placement by SES.
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(c) For the selected clique, remove its nodes from 9 and add the clique to the
list of results.

(d) If all the cliques have an overlapping node, or if it has been 20 iterations
since the last clique was selected, return to step 3 and recompute the
maximum cliques (note that since nodes have been removed from g the
maximum cliques will change). Otherwise, keep iterating in the list (step
3.b).

4. Repeat the procedure until all the nodes of 9 are covered by cliques.

Figure 8-2 illustrates this procedure step-by-step for a scenario with 57 settlements
(blue dots) and 3 PoPs (red dots). The yellow lines depict graph 9, and the max-
imum cliques of 9, each painted with a different color, are shown in Figure 8-2b.
Finally, Figure 8-2c presents the locations of the HAPs (small white dots), identi-
fied after running the algorithm, as well as their regions of coverage (shaded regions)
and selected-clique. The number next to each of the HAPs indicates the iteration
of the algorithm in which the clique was selected. Notice that there is a substantial
imbalance in the populations covered by the HAPs due to the greedy nature of the
algorithm; those assigned first (e.g., 1-4) cover a large number of settlements while
those assigned last (e.g., 16-20) cover a single settlement.

1,'*

-IIS
(a) (b) (c)

Figure 8-2: Step-by-step illustration of the methodology used to determine the locations of
HAPs. a) PoPs, settlements and graph 9, as described in step 2; b) maximum
cliques of graph 9 (each clique is colored in a different color); c) selected
cliques, locations of HAPs, and their areas of coverage. The number next to
each HAP denotes the iteration of in which the clique was selected.

8.2.3 Network topology analysis

Once the asset locations are determined, a network topology analysis is conducted.
This analysis has a threefold objective:
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" To determine the number of extra platforms required to guarantee continuous
coverage over the regions of interest.

* To estimate the number of extra platforms required to guarantee service avail-
ability (considering link outage probabilities and the network topology).

* To size the ground segment (i.e., gateways that support the feeder links).

The number of additional platforms required to guarantee continuous coverage
for platforms with station-keeping ability (i.e., propelled or tethered platforms) is
assumed to be 25% of the total number of platforms deployed, as these backups
should only be needed in case of malfunctioning platforms and during the takeoff and
landing operations.

For non-station-keeping platforms, the number of additional platforms required is
estimated by simulating the movement of the platforms due to wind drift, assuming
that there is some control mechanism that can be employed to keep a platform hov-
ering over a region of a certain radius, and then computing the number necessary to
ensure coverage over all the settlements.

In particular, a platform's movement due to the wind is modeled by a Gaussian
random walk, where the position of the balloon at each time-step is given by:

=+ + T - ,v ~N ,/ ,v (8.1)
y y V]t[Y 0- 0 oW

where T is the simulation time-step (in seconds), vw is the wind velocity (in m/s),
and x and y are given in meters. Since both x and y are Gaussian distributed random
variables with mean 0 and standard deviation a = vTyW, the distance by which
the platform has moved after N steps is characterized by a Rayleigh distribution with
the same standard deviation. Using the CDF of the Rayleigh distribution, the radius
of the area that contains the platform with 95 % probability after N steps, denoted
as r, is computed as:

2 2

CDF(x) = 1 e 2 - CDF(r) = 1 - = 0.95 (8.2)

r = a fln ((1 - 0.95)2) = 2.44a 2.44 - voTVN. (8.3)

For the control mechanism, it is assumed that on each step, a balloon can be con-
trolled with probability p and that the control effect allows it to counteract the wind
speed (i.e., the platform will remain at the current position). This has the effect of
reducing the standard deviation of the Rayleigh distribution to a' = vT/N(1 - p).
Thus, given a maximum allowable distance rmax, the value of p that guarantees the
balloon will remain within a circle of radius rmax from the target position is given by:
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p=fmax 0,1- rmax 1 2 (8.4)
-V.T) Nln((1-0.95))

The simulation is run for one day (N=144), with the radius of coverage of a plat-
form set as 40 km, wind speed v, = 10 m/s (which results in a wind profile at 20 km
in line with the representative values of the Scalar Wind Profile Model [279], whose
50th and 99th percentiles absolute wind speeds are 7 m/s and 25 m/s, respectively),
and assuming that wind direction is constant within 10-minute intervals (T = 600
seconds). Figure 8-3 shows the number of platforms required as a function of the
maximum allowable distance r. An analysis of historical data3 from Google's Loon
project revealed that their balloons were able to be confined within an area of radius
-100 km 95 % of the time. This target value will be assumed for the rest of the
chapter, which, based on the curve in Figure 8-3, will required five aerial platforms
for non-station keeping concepts to meet the desired continuous coverage targets (i.e.,
four back-up balloon for each "active" HAP).

21
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Figure 8-3: Performance and cost model overview for aerial systems.

The availability of the service is computed after the network topology is known.
Five types of topologies are considered: bus, ring, star, mesh, and no-crosslinks (i.e.,
direct-to-ground). For bus and ring topologies, it is assumed that each platform has
two ISL terminals, whereas for star and mesh topologies, each platform has three
terminals. To design the network topology (i.e., which platforms are linked), a four-
step procedure is followed:

1. Construct the connectivity graph between platforms, with platforms as nodes
and any pair of platforms within range and LoS is connected by an edge.

3Historical data was extracted from https: //www. f lightradar24. com/ for 94 balloons deployed
over Peru and Puerto Rico between August 2018 and September 2019
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2. Created a sorted list of nodes by ascending order of their degree (number of
neighbors).

3. The edge betweenness centrality measure is computed for all the edges. The edge
betweenness centrality measure is the sum of the fraction of all-pairs shortest
paths that pass through a given edge:

CB(V) = z (S, tIe) (8.5)
u~v (s, t)S,tEVU()t

where V is the set of nodes, a(s, t) is the number of shortest (s, t)-paths, and
u(s, tie) is the number of those paths passing through edge e.

4. Iterate through the nodes in the sorted list from step 2, and for each node,
selected the k edges with the highest edge betweenness centrality measure if
both platforms at the end of the link have ISL terminals available.

The strategy followed in the previous procedure assigns links first to nodes with
the fewest neighbors, and the links assigned are those more crucial in connecting pairs
of balloons.

Then, the node availability is computed assuming that the link failure probability
is 0.5%. If any node is below the 99% availability threshold (as defined in Section
6.3.1), additional platforms (up to 5) are added to act as relays in an alternative path
to the closest PoP (which is unreachable from the HAP in the original graph).

Finally, the ground segment is sized by determining the number of ground sta-
tions and gateways required for operations. The number of ground stations on each
deployment is the smaller value between the number of PoPs present in the final con-
figuration and the number of ground stations needed to transmit the forward traffic
required (S); the number of gateways on each ground station depends on the number
of platforms within line-of-sight from each ground station, and is given by:

NGW -min (PoP, Rb (8.6)
Rbfeed

where npp is the number of PoPs visible, S is the total throughput of the deploy-
ments, and Rbfeed is the data rate attainable per feeder link.

8.2.4 Aerial networks sizing model

Given the relatively less-developed status of the aerial platform industry (and the
lack of historical data available), few sizing models similar to the one used in Chapter
7 exist. Instead, most approaches use a bottom-up, multi-disciplinary optimization
approach, where detailed physics-based models and simulations of the aircraft's sub-
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systems (aerodynamics, power, propulsion, stability, etc.) and concept of operations
are jointly-considered to produce a detailed design for the platform [98, 280, 2811.

However, this approach would be overkill for the purposes of this dissertation, as
a) it requires the evaluation of multiple expensive optimization functions, b) detailed
knowledge of each of the components and subsystems is needed, and c) the accuracy
gains obtained from detailed mass-models are offset by the longer evaluation times,
especially given that mass is not a driver for the results of the analyses. Instead,
simplified models based on the results of previous research are used, as detailed below.

UAV-based platforms

For UAV-based platforms, the sizing model is inspired by the results obtained in
reference [280]. The types of structures considered within the reference are similar to
the most recent designs by companies such as Facebook (Aquila), Airbus (Zephyr),
Aurora Flight Sciences (Odysseus), and HAPs Mobile (HAWK30).

The model is based on a mass breakdown of the different structural components as
a function of the total mass of the aircraft, which is shown in Figure 8-4. The results
from [280] show that there is little variation between single-boom and dual-boom
designs (in terms of mass breakdown), and these values are considered as guidelines.
Moreover, even though the mass breakdown values reported are optimal for platforms
operating at 20°latitude, it will be assumed that the mass breakdown does not vary
substantially for higher latitudes.

structure

Solar array roq

breakdow. Payload

Figure 8-4: Mass breakdown for solar-powered, high-altitude, long-endurance aircraft.
Adapted from [280].

Balloon-based platforms

The sizing model for balloon-based assumes that helium is used as the lifting gas, as
in the designs from Loon, Stratobus, or HALE-D. The procedure to size the balloon-
based platforms attempts to estimate the volume of helium required to provide the
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necessary lift over the period of deployment. To do so, the system mass must first be
determined.

In addition to the payload mass , there are other subsystems (thermal, solar power,
avionics, propulsion) that also contribute to the weight of the system. As with UAV-
based platforms, a mass breakdown model is used to estimate the weight contributions
from such elements. In this case, it is estimated that the payload mass represents
10% of the total system mass.

Once the system mass is computed, the volume of helium (VHe) necessary to provide
the required lift can be estimated using the density of helium (PHe(h)) and air pair(h)
at a given altitude h. The density of helium can be estimated using the ideal gas
equation, as shown in Eq. 8.7:

PHe(h) - P(h)- , (8.7)
R -T(h)- .L1

where P(h) and T(h) are the atmospheric pressure (in atmospheres) and temperature
(in K) at height h, M is the mass number of helium (4.03 g/mol), and R is the universal
gas constant (0.08206 L-atm/(mol-K)). Once density is known, the volume and mass
of helium are computed as

VHe = ,(.8)

pair(h) - PHe

mHe = VHePre(h), (8.9)

where m is the total mass of the system, and pair(h) is the density of air at height h,
which can be extracted from the US standard atmosphere tables in [2821.

8.3 Aerial networks economic model

8.3.1 Cost model

As before, detailed parametric cost models for aerial networks are lacking in the
literature due to the early stage of development of aerial platforms compared to
satellite systems. Instead, simplified CER models based on platform weights and
performance are used.

Heavier-than-air platforms (UAVs)

The average of the US Army's performance-based CER and weight-based CER models
are used to characterize the CapEx costs of heavier-than-air (HTA) platforms [2831.
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The performance-based CER model is shown in Eq. 8.10,

UAV 1 = 118.75. (endurance- mpayload)0.587 e-1.951 [FY'03$k] (8.10)

where UAV 1 is the theoretical first-unit cost (in FY'03 $k) of air vehicle hardware,
normalized for learning (95% slope) and rate (95% slope), endurance is the UAV's
endurance in flight-hours, and mpayload is the weight of the total payload in pounds.

The weight-based CER model is shown in Eq. 8.11:

UAV 1 = 12.55. (MGTOW)0.749 . e-0.371 [FY'03$K] (8.11)

where UAV 1 is the theoretical first-unit cost (in FY'03 $k) of UAV air vehicle hard-
ware, normalized for learning (95% slope) and rate (95% slope), and MGTOW is the
maximum take-off weight in pounds.

The reader should note that these cost models were originally developed for mil-
itary, fuel-propelled UAVs; however, here they have been applied to solar-powered
aircraft, which might change the cost relationships. Because both CER models use
measures that are sensitive to the UAV technologies, the validity of these models
for solar-powered designed UAVs for communication purposes needs to be verified.

Given the scarcity of data and the inherent difficulties in carrying out this validation,
sensitivity analyses will be conducted instead.

Lighter than air platforms (balloons)

For lighter-than-air (LTA) platforms, the CapEx costs are computed taking into ac-

count the costs of the payload, electronics, solar panels, as well as the volume of
helium required to provide lift, as detailed in Table 8.1. Using these values, the

total cost per balloon is determined to be $49,500 (not considering the cost of he-

lium required, as computed in Eq. 8.9). This number is in line with estimates for

high-pressure balloons used in current projects4 .

Ground segment

The ground segment cost model is similar to the one developed for satellite concepts
in Chapter 7, with the main difference being that the antenna diameters (and the

number of dishes co-located in the same facility) are much smaller. In particular, it

is assumed that 1.2 m antennas are used and that no new infrastructure (in terms of

dedicated buildings and facilities) is required to host them. Thus, the cost model for

the gateways (including power amplifiers, modulators, and the rest of the equipment)

4Based on a personal interview with a source from industry.

176



8.3. AERIAL NETWORKS ECONOMIC MODEL

Table 8.1: Parameters of the cost model for lighter than air platforms.

Item Price

Balloon shell $12,000 per balloon unit
Electronics and batteries $10,000 per balloon unit
Solar panels $6,000 per balloon unit
Structure $1,500 per balloon unit
RF equipment $7,000 per balloon unit
Feeder antenna $7,500 per balloon unit
User antenna $7,500 per balloon unit
Crosslink antenna $6,000 per antenna unit
helium $7.50 per M3

is given by:

CGw-ant = 50+39 DGw ; N 2 7
(8.12)

which results in a cost of $59.8k per 1.2 m gateway antenna, in line with the costs of
commercial antennas for satellite services.

8.3.2 Financial model

The financial model estimates the free cash flow for each of the deployment, as well
as the net present value and the internal rate of return (IRR). If the IRR is higher
than 15%, a deployment is considered profitable. For the model, the CapEx costs are
computed using the cost models described in the previous section, whereas the OpEx
costs are estimated as follows:

• For LTA concepts such as balloons and blimps, the OpEx is primarily driven
by the re-fill costs of helium required for successive launches, which is given
as $7.5/m3 , according to estimates from the USGS National Minerals center5 ,
and the costs to recover a balloon, procure a new shell costs, in addition to
day-to-day maintenance. These expenses amount to 30% of the CapEx.

" For HTA platforms, the OpEx is estimated to be 10% of the CapEx.

In addition, the following assumptions are made:

e The backbone transit cost is estimated to be $20 per Mbps/month with a CAGR
of -5%.

'Available at https: //www.usgs.gov/centers/nmic/helium-statistics-and- inf ormation
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" The ARPU is set as 2% of the estimated monthly income, averaged across of
all the settlements covered.

• The number of subscribers is assumed to increase progressively up to 60%, and
the data-consumption per user is 1GB with an compound annual growth rate
of 9%.

" HAPs have an endurance of 135 days and a lifetime of 4 years.

Table 8.2 contains an example of the free cash flow analysis for a deployment in
Nigeria.

8.4 Tradespace exploration for aerial networks

8.4.1 Design space

The design space for aerial networks is depicted in Table 8.3 using a morphological
matrix. This morphological matrix allows us to represent a wide range of concepts,
corresponding to both actual proposals and novel design configurations. For example,
the architecture {HAP, Active, Bus, CPE, 19, Ka, E, optical} corresponds to a net-
work of UAVs which connect to CPE and use Ka-band for all the user links (similar
to the proposals by Facebook), E-band for the feeder links, and optical frequencies
for the cross-links; whereas the architecture {HAP, Passive, Mesh, Direct, 1, S, Ka,
optical} corresponds to a network of balloons which connect directly to user handsets
using S-band, while using Ka-band for the feeder links and optical crosslinks (similar
to Google's Loon project).

The following decisions were considered when studying aerial networks:

• Altitude: The aerial platforms considered can either be HAPs with an altitude
greater than 20km, or LAPs. In the latter case a distinction is made between
platforms flying at 200m or lower, and platforms between 200m and 1km.

" Station-keeping ability: Platforms can have passive or active station-keeping
capabilities. Active platforms (e.g., planes, propelled blimps, tethered plat-
forms) have the ability to hover over certain regions, whereas passive platforms
are subject to wind-drift or have very limited station-keeping abilities (e.g.,
balloons).

" Network topology: The network topology determines the number of cross-
link terminals as well as the ground segment requirements. Five topology op-
tions are considered, with various numbers of cross-link terminals per plat-
form: in bus and ring topologies, aerial platforms have 2 crosslink terminals);
whereas in the star and mesh topoplogies, there are 3 crosslink terminals. The
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Table 8.2: Financial model for an aerial deployment connecting in Nigeria.

Year Year Year Year Year Year Year Year Year
CAGR 0 1 2 3 4 5 6 7 ... 20

Total population 40,088 0% 40,088 40,088 40,088 40,088 40,088 40,088 40,088 40,088 40,088
Percentage subscribers 21% 36% 51% 60% 60% 60% 60% 60%
Number subscribers 8,419 14,432 20,445 24,053 24,053 24,053 24,053 24,053
Monthly data usage/data sub (GB) 1.00 9% 1.0 1.1 1.2 1.3 1.4 1.5 1.7 5.1
Total Data Usage (GB) 101,023 188,768 291,489 373,792 407,433 444,102 484,071 1,484,068

Balloons 5.0 $ 334,439 $ 334,439
Ground station 1 $ 59,852
Total CapEx $394,291 $ - $ - $ - $334,439 $ - $ - $ - $ -

Replenishment $84,439 $84,439 $84,439 $84,439 $84,439 $84,439 $84,439 $84,439
Operations $100,332 $100,332 $100,332 $100,332 $100,332 $100,332 $100,332 $100,332
Backbone transit $20.00 -5% $14,966 $26,567 $38,973 $47,478 $49,164 $50,909 $52,717 $82,966
Total OpEx $199,737 $211,338 $223,744 $232,249 $233,935 $235,680 $237,487 $267,736

ARPU

E rij (1 85 $ 11 .78 $ ~ 23,8 $00,1 0,2 0,8 9,7 6.2

Free Cash Flow
Cumulative FCF

($394,291) ($11,835) $110,780 $232,589 $304,614
($394,291) ($406,126) ($295,346) ($62,757) $241,857

$302,928 $301,183 $299,375
$544,785 $845,967 $1,145,343

$269,126
$3,694,860

NPV (i=15%) $874,14
IRR j 41%
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Table 8.3: Morphological matrix for aerial systems.

Decision name Decision options
Platform altitude <200 m LAP < 1km LAP HAP
Platform station-keeping Active Passive
Network topology None Bus Ring Star Mesh
User access Direct (handset) CPE
Number payload beams 1 7 19 37
Frequency user ++ platform S Ku Ka V/Q
Frequency platform ++ gateway Ka V/Q E
Frequency crosslinks None Ka E Optical

fifth topology is the no-crosslinks topology, where aerial platforms do not have
crosslink terminals and thus must be within LoS of a gateway antenna to oper-
ate.

Bus and ring topology architectures favor long chains of interconnected plat-
forms, whereas star topology architectures try to minimize the number of hops
to the nearest gateway station. Finally, in mesh topology architectures, aerial
platforms are connected creating a mesh, which minimizes the probability of
outages due to link failure.

" User access: Both direct user access and access though a CPE terminal are
considered. In the direct method, a user is connected directly to the aerial
platform using their handheld device, whereas in the CPE method additional
equipment (e.g., a community-shared access point) is required.

" Number of beams in the payload: The number of beams in the payload
determines the number of times frequency bandwidth can be reused. The valid
values for this decision are {1, 7, 19, 37}.

" Frequencies of operation: The frequencies of operation for the user links
({S, Ku, Ka, Q}), feeder links ({Ka, V, E}), and cross-links ({Ka, E, optical,
None}) determine the bandwidth available and the data rates achievable.

8.4.2 Tradespace exploration results

This section presents the results of the tradespace exploration analysis for aerial
networks, in particular, how different aerial network concepts can be used to provide
connectivity to uncovered and under-served regions in 37 developing countries in
Africa, South America, and Southeast Asia (shown in Table 6.1). The methods and
models described in Sections 8.1 - 8.3 are applied to each of the countries, and results
are then analyzed from a triple standpoint. First, an overview of the results and
the most effective designs is provided; second, a main effects analysis is conducted to
determine the relative importance of each of the decisions; finally, the robustness of
the results is studied through sensitivity analysis.
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Overview of results

Figure 8-5 shows the tradespace exploration results for aerial networks. The horizontal
axis represents the CapEx costs to set up service, and the vertical axis shows the
total number of people in the 37 countries studied that would be able to afford
the service. Each point corresponds to the aggregated CapEx and population of all
profitable deployments in an architecture (i.e., assuming a unique combination of
decision-options from Table 8.3, only profitable deployments are considered). The
utopia point at the top-left corner denotes the location of desired solutions (i.e., large
population at low CapEx costs).

It can be observed that passive station-keeping platforms (i.e., balloons without
active controls to allow for static placement) are clearly cheaper than active station-
keeping platforms (i.e., UAVs). This is not unexpected, as the CapEx costs of active
station-keeping platforms (-$1,200,000) greatly exceed the CapEx costs of passive
station-keeping platforms (-$70,000, including helium costs).

U.0.
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Figure 8-5: Tradespace exploration results for aerial networks. Each point represents a
different architecture. The yellow dot at the upper left corner represents the
utopia point (ideal value). Architectures have been color-coded according to
their station-keeping capabilities.

In addition, Figure 8-5 reveals that a relatively small number of people would

benefit from aerial network deployments. For passive station-keeping platforms (i.e.,
stratospheric balloons), only about -16 million people would be able to afford con-

nectivity, even with the -best architectures; for active station-keeping platforms (i.e.,
UAVs), the number of people impacted would be only -10 million. For context, the

total uncovered and under-served population for the 37 countries considered is 159
million.

In contrast, the required CapEx investment is relatively low, below $100 million

and $300 million for balloon-based and UAV-based platforms, respectively. Beyond
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CapEx, OpEx costs constitute a significant portion of the total cost of ownership (es-
pecially for balloon-based architectures). Taking both CapEx and OpEx into account,
Figure 8-6 plots the number of people who would be able to afford service against the
price per Mbps/month required to achieve profitability, together with the demand
curve . It can be observed that passive station-keeping architectures can achieve
profitable deployments with prices as low as $50 per Mbps/month, whereas for active
station-keeping architectures, the minimum price is closer to $60 per Mbps/month.
These numbers are similar to those obtained for the analysis of next generation of
satellite systems (to be launched in the next 2-5 years) in Chapter 7, but are con-
siderably higher than the $30 per Mbps/month attainable by future space concepts.
Moreover, the prices per Mbps/month calculated for by aerial concepts have already
excluded settlements in which the deployments are not profitable, whereas for the pro-
posed space concepts, estimated prices are likely to be applicable wherever coverage
is available.
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Figure 8-6: Tradespace exploration results for aerial networks. Each point represents a
different architecture. Architectures have been color-coded according to their
station-keeping capabilities.

Figure 8-7 shows the same tradespace, but this time architectures have been color-
coded based on the chosen option for each decision. First, Figure 8-7a shows that
HAPs are (as a group) more effective than LAPs in terms of population covered,
(since they have larger radii of coverage), which allow for fewer deployments to be
required for a given population size. Next, it can be observed in Figure 8-7b that
balloon HAP networks are more economical than UAV HAP networks, which results
in them being more affordable for larger populations. This is mainly due to the lower
CapEx costs per balloon deployed (~-$70,000 including helium costs vs. ~$1,200,000
on average for a UAV), which, even after taking into account the higher number of

6Computed assuming that uncovered populations are to be provided with 1GB/month and 60%
of the market can be captured, and under-served populations are to be provided 3GB/month and
30% of the market can be captured
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additional platforms to guarantee continuous coverage (4 for balloons vs. 0.25 for
UAVs respectively) and the greater OpEx costs, still results in significant savings. In
terms of network topology (Figure 8-7c), architectures with a low number of cross-link
terminals (no-crosslinks, bus, and ring) are preferred. Finally, architectures with S-
and Ka-band frequencies where direct-to-user links can be established perform best
(due to lowest costs), as shown in Figure 8-7d.
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Figure 8-7: Tradespace exploration results for aerial networks by a) platform altitude, b)
station-keeping capabilities, c) network topology, and d) user links frequency.

Each point represents a different architecture.

Analysis of main effects

The analysis of main effects is conducted using the same method as in Section 7.5.3.
Figure 8-8 shows the main effect of each of the decisions on the price per Mbps/month.
Each subplot corresponds to a different decision factor from Table 8.3, and each row

(with a colored box) represents a different option for the decision. The vertical red
line in the center of the box indicates the mean value of the main effect, and the col-
ored box around the mean is the 95% confidence interval for the main effect. In that
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CHAPTER 8. AERIAL NETWORKS

sense, the first row of the Station-keeping subplot in Figure 8-8 can be interpreted as:
"Active station-keeping enabled platforms have a minimum price per Mbps/month
for profitability which is 13% (95% CI 8% - 18%) higher than architecture without
active station-keeping capabilities". The degree of overlap of the boxes for two op-
tions indicates the statistical significance of the difference in the main effect from
selecting either option (i.e., if the boxes substantially overlap, as it happens in the
feed-frequency subplot, the difference in main effect is not statistically significant).

From the figure, it can be seen that passive station-keeping architectures can offer
lower prices (due to the significantly lower CapEx costs of balloon systems), and
that direct platform-to-handset connections are capable of offering lower prices as
well. In terms of the number of beams, platforms with multi-beam payloads achieve
lower prices than those with a single omnidirectional beam, as this allows for higher
throughput. In terms of ISL frequencies, non-crosslinked architectures allow for lower
prices per Mbps, whereas options with E-band cross-links are the least preferred. For
the user-link frequencies, the Ka-band is preferred (as it allows to reduce prices up to
40% when compared against other frequencies), and finally, for the feeder links, the
confidence interval overlapping makes the decision non-statistically significant.
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Figure 8-8: Main effect of each decision for aerial networks on price per Mbps/month. Each
subplot corresponds to a different decision. The patches represent the 95%
confidence interval for the main effect and were computed using bootstrapping
(10,000 replicas). Options with a negative main effect (i.e., lower minimum
price per Mbps/month for profitability) are preferred.

Figure 8-9 illustrates the main effect on the number of users that can be served
profitably for different decisions. It can be seen that HAP concepts are capable of
bringing as many as two times more users online (on average) compared to LAP
concepts, and passive station-keeping platforms are about 1.5 times more effective

184



8.4. TRADESPACE EXPLORATION FOR AERIAL NETWORKS

than active station-keeping platforms. In the same sense, since most of the profitable
deployments are achieved using a low number of platforms with direct LoS to a
PoP, topologies where there are no cross-links between platforms are more effective.
Finally, direct-to-user strategies using Ka-band (where more spectrum is available)
prove to be superior, allowing to serve an average of 20% more users than CPE-based
architectures.
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Figure 8-9: Main effect of each decision for aerial networks on number of users that can
be served. Each subplot corresponds to a different decision. The patches
represent the 95% confidence interval for the main effect and were computed

using bootstrapping (10,000 replicas). Options with a positive main effect (i.e.,
greater number of users served) are preferred.

To summarize, the decisions that have a more beneficial main effect on the number
of users served and the minimum price per Mbps/month required to achieve profitabil-
ity led to architectures where the CapEx and OpEx costs are minimized as much as
possible. Thus, the lack of cross-links and the use of direct-to-user strategies, along
with a preference for the largest bandwidth available (by using Ka-band and a large
number of beams), is unsurprising. Overall, in order to provide affordable coverage
to uncovered and under-served regions, very high-capability systems are not required;
instead, low-cost, moderate-throughput concepts are best-suited for these goals.

Detailed architecture results

In this section, the specifics of six representative architectures are analyzed in greater

depth. These architectures were selected to have good coverage of the range of po-
tential designs, and their parameters are depicted in Table 8.4. In this aspect, some
of the architectures are comparable to existing proposals of various companies. For
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CHAPTER 8. AERIAL NETWORKS

example, the low-throughput balloon network is similar to Loon's current LTE pro-
posal, whereas the moderate- and high-throughput balloon networks are similar to
an evolved Loon proposal with 5G technology onboard, and the high data rate UAV
system is similar to the proposals of Facebook's Aquila and Softbank's HAPSMobile.

Table 8.4: Representative architectures used for further analysis

UAVhigh UAVmod UAVlow Balloonhigh Balloonmod Balloonlow

Altitude HAP HAP HAP HAP HAP HAP

Station keeping active active active passive passive passive
Topology bus bus star bus bus mesh

Num. beams 37 7 1 37 7 1
User access CPE CPE Direct Direct Direct Direct
Freq. User Ka Ka S Ka Ka S
Freq. Feeder E E Ka E E Ka
Freq. ISL Optical E E Optical E E

2.5

2.0

jL5

zLO -- ~

UAV high UAV mad UAV law Saaoon hgh Bafotn mod Bamoon low
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Figure 8-10: Distribution of requested throughput per platform for profitable and unprof-

itable deployments. The horizontal black lines denote the average requested

throughput for each group.

First, to understand the requirements in terms of throughput per platform, the

demands per potential deployment are analyzed (i.e., for each deployment, what is

the requested data rate per platform). The distributions of requested throughput per

platform for the six architectures are depicted in Figure 8-10. Notably, profitable

deployments have, on average, a significantly higher throughput per platform than

unprofitable deployments (- 1 Gbps for profitable deployments versus - 300 Mbps

for unprofitable ones). Moreover, the distribution of requested throughput per plat-

form for unprofitable deployments is very skewed towards low data rates, the most

common requirement being less than 200 Mbps. Finally, it is interesting to com-

pare the requested throughput per platform against the data rates offered; both the

low-throughput UAV and balloon architectures are throughput limited (i.e., the re-

quested throughput is higher than what the platform can provide), and consequently

the number of profitable deployments is meager (only one deployment is profitable

in both cases). In contrast, all the moderate- and high-throughput architectures can
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offer data rates higher than what is demanded, and therefore the number of profitable
deployments is higher.

In summary, the story told by this image is that HAPs systems are only cost-
effective in scenarios where the populations covered are large (and where moderate
to high data rates are required), but they are highly inefficient when the populations
covered are small.

Another interesting analysis studies how the serviceable population evolves with
the price per Mbps/month charged. That is, assuming that a company was able to
charge a given price per Mbps/month, what population would they serve (equivalent
to a supply curve). Figure 8-11a shows these curves, together with the demand curve.
Figure 8-11b depicts the number of platforms deployed as a function of the price per
Mbps/month charged (i.e., analogously, assuming that a company was able to charge
a given price per Mbps/month, how many platforms would be deployed). Several
conclusions can be drawn from these two figures:

00 I

mwi @5 94*- AO

80=4 - - S~ft. mm
4 W md - *Aw t - Deindaww -- -g

- -~ U~ani U6Ve -0b mordj

(a) Population affordable (b) Number of platforms

Figure 8-11: Evolution of a) population affordable and b) number of platforms deployed
as a function of the price per Mbps/month for selected architectures.

• For all types of platforms, the market equilibrium (i.e., where the supply meets
the demand, depicted with a dot in Figure 8-11a) is achieved at a point that
provides coverage to less than 15% of the population, which shows the limited
impact of aerial systems in terms of their ability to in extend connectivity to
uncovered and under-served regions.

" As one tries to increase the number of people to be covered, the price per
Mbps/month required for profitability grows rapidly. This growth is more step-
per for station-keeping-enabled platforms (UAVs), where providing coverage to
half of the population in the 37 countries analyzed would require prices north-
wards of $250 per Mbps/month, than for balloon networks, where this value
would be $100/month. Furthermore, if 80% of the population were to be cov-
ered, the required price per Mbps/month for both types of systems would be
comparable of those of fiber.
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• Looking at the chart of the number of platforms deployed as a function of price
per Mbps/month (Figure 8-11b), one can observe a rapid growth of the number
of platforms deployed when prices per Mbps/month northwards of $100 can
be charged to users. This is due because the Pareto principle applies to this
case; a small number of platforms (< 300) are capable of achieving profitability
highly populated settlements at relatively low prices per Mbps/month, but the
number of platforms required to serve the rest of the smaller settlements grows
exponentially (i.e., thousands of platforms would be required). This result is
similar to the conclusion obtained from analyzing Figure 8-10, where it was
observed that profitable deployments (which all have a low number of platforms,
as explained below) requested a significantly higher throughput (because of
larger populations covered) than unprofitable deployments.
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Figure 8-12: Summary statistics for profitable deployments for the moderate-throughput
balloon architecture. a) Number of profitable deployments, b) total number
ofusers served, c) average number ofusers served per deployment, d) number
of platforms deployed, e) average number of users per platform, andf) average
number of platforms per deployment.

Finally, Figure 8-12 shows different statistics for the profitable deployments for
the moderate-throughput balloon architecture (Balloon mod), grouped by country.
For this architecture, profitable deployments -could only -be achieved in 11 out of the
37 countries analyzed. It can be seen in Figure 8-12a that the number of profitable
deployments varies greatly from country to country, with more, than half of the prof-
itable deployments being located in Nigeria, where -up to 4 million users could be
served using this technology (Fig. 8-12b). In most countries, the average number
of users served per deployment ranges from 40,000 to 80,000 (Fig. 8-12c), with the
notable exception of Turkey, where the number of users served in its only profitable
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deployment is fewer than 15,000. Similarly, the number of settlements covered per
platform ranges from 7 to 30 for most countries (Fig. 8-12e). Finally, the total num-
ber of platforms deployed (taking into account that for each "active" platform there
need to be an additional four platforms to ensure continuous coverage as explained in
Section 8.2.2) is below 100 for most countries (Fig. 8-12d), with an average number
of platforms per deployment between 5 - 10 (Fig. 8-12f). Given that so many plat-
forms are required for back-up, improving station-keeping technologies could reduce
the costs and size of the deployments significantly.

Sensitivity analysis

The sensitivity analysis is conducted using the SOBOL analysis technique, similar to
the one described in Chapter 7. In this case, the quantities of interest are the minimum
cost per Mbps/month required to achieve profitability, and the the maximum number
of customers that could be served by aerial networks. Table 8.5 shows the variation
(i.e., uncertainty) associated with each of the parameters considered in the global
sensitivity analysis. As in the previous chapter, the ranges were selected from the
literature and interviews with industry experts.

Table 8.5: Variability ranges for parameters of the aerial architecture models

Parameter Range Units

Payload weight ±40% Percentage
Platform cost ±40% Percentage

Lifecycle [2-41 Years

Endurance ±40% Percentage
Backbone transit cost [5, 30] $/Mbps/month

Additional platforms [50%-200%] Percentage

Used demand ±40% Percentage

Figure 8-13 shows the values of the Sobol indices for the two quantities of interest
for two representative balloon- and UAV-based architectures. It can be observed
that for balloon-based and UAV-based networks, the endurance of the platform is
the parameter that has the most impact in the variability of both the minimum price
per Mbps/month and the population that can afford the service, followed by the
number of additional platforms required for service. It can be seen that while for
the maximum number of customers, the first-order Sobol sensitivity indices values
are of similar magnitude than the total sensitivity indices, for the minimum cost per
Mbps/month, there are larger differences between the first-order and total sensitivity
indices, which indicates that higher-order interactions have an important effect in this
later quantity of interest. Furthermore, the differences between the two indices are
larger for UAV networks than for balloon networks, which is evidence of the tighter
couplings between variables in UAV systems. Finally, note that while in balloon based
networks the user demand is the third most important factor, for UAV-based systems
this variable is not very relevant (fifth position).
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Figure 8-13: Global sensitivity analysis for representative aerial architectures. The error
bars represent the 95% confidence interval for the Si and ST, indices, and
were computed by bootstrapping (10,000 replicas).

8.5 Chapter conclusions

To summarize, the following questions are answered in this chapter:

Research Question 8.1

What are the characteristics of dominant aerial architectures?

Given the low average revenue per user (ARPU) per user, the dominant architectures
are those that can achieve broad coverage at very low costs. Among the different
concepts studied, the Pareto front is composed in its entirety of balloon-based HAPs
with limited station-keeping capabilities. UAV-based platforms (are sub-optimal as
their CapEx costs (over 1 million dollars per unit) are a large hurdle, and the de-
ployments will rarely work out to be affordable by the uncovered and under-served
populations.
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8.5. CHAPTER CONCLUSIONS

Overall, in order to provide affordable coverage to uncovered and under-served
regions, very high-capability systems are not required; rather, low-cost, moderate-
throughput concepts are best-suited for these goals. Thus, direct-to-handset archi-
tectures without crosslinks and using the S- or Ka-band for the user links are preferred.

Research Question 8.2

Taking into account both technical and economic factors, what is the potential
impact of aerial systems in terms of connecting additional populations?

Aerial systems will have a limited impact on their ability to extend connectivity to
uncovered and under-served regions. For the 37 countries studied and at current
costs, the analyses estimate that at most 17 million (representing 11% of the total
combined uncovered and under-served population of those countries), will be covered
by profitable deployments when using balloon-based networks. UAV networks fare
even worse, as their CapEx costs are extremely high and do not scale with regard to
capacity provided. If deployed, their impact would be minimal, reaching at most 11
million people.

Research Question 8.3

Which technical decisions play the most important role in the design of aerial
systems? Which technologies, if further developed, would yield the most benefit
for such systems?

The two factors that would increase the number of people covered by balloon-based
HAP networks the most would be better station-keeping technology and increased
flight endurance. Better station keeping technology would allow for a further reduc-
tion in the number of additional platforms required to satisfy the availability require-
ments and provide continuous coverage, thus significantly reducing the CapEx costs;
increased flight endurance would reduce the OpEx costs, which for LTA HAPs are
significantly higher than for other systems (for the balloon networks considered, the
lifetime OpEx costs are far higher than CapEx costs, whereas for space and terrestrial
systems these regularly represent < 100% of CapEx).

Similarly, for UAV networks, technologies leading to reduced CapEx and OpEx
costs would be the most beneficial. Given that these costs are dominated by platform
weight and endurance respectively, improvements in battery technology would likely
have the most impact on these kind of networks, since batteries make up more than
40% of the total system mass and greatly determine the overall endurance of the
system.
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Chapter 9

Terrestrial networks

Terrestrial networks for backhauling include both fiber optic and wireless networks.
Fiber optic is the most widely-used technology for linking large settlements to PoP
or Internet exchange points (IXPs), as well as for international connectivity using
submarine cables. In constraint, wireless relay links that use microwave and mm-Wave
technologies are common to backhaul cell phone towers in remote locations. Since
terrestrial concepts are relatively well established, we need not conduct extensive
tradespace exploration. Instead, a fiber-backhaul model and a mm-Wave point-to-
point wireless backhaul model are used as baseline concepts for comparison against
space-borne and air-borne concepts.

This chapter provides an answer to the following research question:

Research Question 9.1

Taking into account both technical and economic factors, what is the potential
impact of terrestrial networks in terms of connecting additional populations?

In particular, the goal of this chapter is to estimate the costs of deployment of fiber
optic and mm-Wave backhaul solutions in a greenfield scenario to connect currently
uncovered and under-served regions in 37 countries (Table 6.1). This estimation
is carried out using a two-step process: first, a quasi-optimal layout of the backhaul
solution (fiber optic or mm-Wave) is computed; then, the optimal deployment strategy
is analyzed and a techno-economic analysis similar to that presented in the previous
two chapters is performed. Finally, the overall impact of these technologies is assessed
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9.1 Terrestrial networks modeling

This section describes the models used to estimate the requirements and costs of ter-
restrial networks. Since terrestrial networks are only used as a baseline, the objective
of these models is not to find the optimal architecture, instead, the models represent
first-order approximations that are good enough to form comparisons. In particular,
the focus is on network layout, which is the main driver of the network cost. Thus,
for fiber optic networks, the outputs of the model are the number of kilometers that
need to be laid down and the type of the equipment (such as optical cross-connects,
switches, passive splitters, etc.) required; whereas for mm-Wave networks, the out-
puts of the model are the number and height of the towers required.

Finally, the models presented below have been designed with low computational
complexity in mind, since they must allow for evaluation over large regions (such as
at a country level). Therefore, the models are simplified and have a limited degree
of fidelity (i.e., they do not represent solutions that could be used in the real world
for network planning purposes). Normally the planning and designing of backhaul
networks is done using specialized software which focuses on a very particular region,
and it typically takes several months to produce a valid design, since (in addition
to the network layout) other factors and constraints such as the network topology,
routing, equipment placement, and availability concerns all have to be taken into
account.

9.1.1 Fiber optic layout modeling

The objective of the fiber layout optimization is to produce a layout that connects
the maximum number of uncovered and under-served settlements in the most cost-
effective manner. It is assumed that fiber can only be routed over roads and railway
tracks, and that a PoP can be found in any covered settlements with more than 50,000
inhabitants.

The model is based on the connectivity graph, where each unconnected settlement
and PoP is a node and the roads and railway tracks are the edges. Given this connec-
tivity graph, the objective is to connect the nodes where there is Internet presence
(PoP) to a set of destination nodes (settlements) using a minimum-cost tree, assuming
that the cost of selecting an edge (i.e., building fiber along that road) is proportional
to its length. Although this problem may resemble a minimum spanning tree problem
at first glance (which can be solved efficiently in polynomial time), it is in fact more
complex, since only a subset of nodes needs to be connected. Formally, the problem
at hand is defined as a Steiner tree problem [2841, which is NP-complete [2851.

Given the large number of nodes and edges of the connectivity graph, it is compu-
tationally impossible to solve it optimally. Instead, a heuristic algorithm is used to
determine the fiber layout. This algorithm is an 11-step process, as detailed below:
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1. Determine the points of the graph: this includes PoP with an existing
Internet connection, as well as the settlements that are currently under-served
and unconnected.

2. Filter roads: the road network for each country is extracted from the Open-
StreetMaps database [286]. To reduce the number of edges in the graph, only
main roads are considered. These include those with tags motorway, highway,
primary, secondary, tertiary, trunk, road, and their respective links. Res-
idential roads are not considered as they would significantly increase the com-
plexity of the algorithm.

3. Identify road intersections (cross-roads) and segments: un this step
the road network is pre-processed to identify intersections and perform road
segmentation (i.e., create new roads such that the extreme points of all roads
are either intersection points, settlements, or PoPs).

4. Simplify the road network: to further reduce the size of the final graph,
several steps are performed to remove dead-ends (roads that lead to no settle-
ments), merge contiguous roads without intersection, and reduce the number of
roads in very dense regions (e.g., roads in metropolitan areas).

5. Build the connectivity graph: the connectivity graph is created with nodes
as all the crossroads, PoPs, and settlements, and an undirected edge exists
between two nodes if there is a road between them. The edges' weight equals
the length of the road they represent. Finally, a dummy "Internet backbone"
node with a zero-weight outflowing edge is connected to each of the PoPs.

6. Divide the connectivity graph into sub-graphs: to reduce computational
complexity, the connectivity graph is divided into sub-graphs using a Voronoi
tessellation, with the PoPs as centers of the Voronoi cells. Each of these sub-
graphs is processed individually, and then the sub-graph solutions are merged
into a global solution.

7. Solve each of the sub-graph problems: for each sub-graph, determine a
potential layout by solving the Steiner tree problem. Since the problem is NP-
hard, I use the well-known (and fast) 2- 2/t factor approximation, obtained by
computing the minimum spanning tree of the subgraph of the metric closure of
the graph induced by the terminal nodes [287]. (The metric closure of G is the
complete graph in which each edge is weighted by the shortest path distance
between the nodes in G).

8. Find the global layout: solve the Steiner tree problem (using the same ap-
proximation method) over the sub-graph induced by the nodes contained in the
solutions from the sub-graph problems (i.e., the solutions obtained in step 7).
This allows for further reduction in the length of fiber required in the solution
layout.
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9. Size the network and compute costs: the sizing of the network is done by
solving the max-flow, min-cost problem on the final graph, where the demand
for each settlement is estimated based on its population. Once the throughput
of each of the links is known, the number of wavelengths required, as well as
the equipment necessary, is determined. Finally, the cost is estimated using the
cost model described in Section 9.1.2.

10. Determine deployment order: evaluate the deployment strategy (i.e., how
fiber segments would be grouped and in what sequence would they be deployed),
and conduct an economic analysis to determine the profitability of each deploy-
ment.

Figure 9-1 illustrates how this methodology is applied to a simplified case study
for a region in Argentina with 57 settlements (blue dots) and 3 PoPs (red dots).
Figure 9-la shows the road network and the location of the PoPs and unconnected
settlements. In Figure 9-1b, road intersections are highlighted (gray square-boxes),
and each road is colored using a different color. Note some continuous roads have
intersection points in the middle without being any real intersection of two roads.
Figure 9-1c shows the graph once it has been segmented (each road starts and ends in
an intersection, a settlement, or a PoP) and simplified (dead-ends removed and roads
merged), as described in steps 3 and 4. Originally, the graph contained 3,258 roads
and 4,470 intersection points; after segmentation and simplification, it contains 1,803
roads and 1,151 intersections. Figure 9-1d shows the connectivity graph (in yellow)
over the simplified road network, while Figure 9-le shows the Voronoi tessellation of
the graph around each PoP. In Figure 9-1f, the solutions for individual sub-graphs
are depicted, whereas in Figure 9-ig the global layout is shown. Note how in the
global layout only 2 PoPs are used, and the total fiber length has been reduced from
3,062 km (Fig. 9-1f) to 2,941 km (Fig. 9-1g). Figure 9-1h shows the final layout and
network sizing over the road network; and finally, Figure 9-li shows the deployment
order by decreasing profitability. In total, 30 deployments are identified to connect
36 out of the 57 settlements using 2 PoPs. Note that deployments are incremental
and that each new deployment can connect multiple settlements.
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Figure 9-1: Step-by-step illustration of the methodology to determine fiber layout. a)

Road network and settlements at the end of steps 1 and 2, b) segmented

road network at the end of step 3, c) simplified road network after step 4, d)

connectivity graph from step 5, e) Voronoi tessellation of the graph after step

6, f) Steiner tree solution for each of the subgraphs from step 7, g) proposed

fiber layout after solving the Steiner Tree problem in step 8, h) network sized

with costs after step 9, i) deployment order after performing techno-economic

analysis in step 10.
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9.1.2 Fiber cost and financial model

Cost model

The fiber cost model used is the same as the one presented in reference [2641. In
particular, in greenfield areas where there is no pre-existing fiber plant, the major
CapEx components are those due to fiber deployment (i.e., material, trenching, and
right-of-way costs), optical amplification, dispersion compensation, and regeneration,
as well as switching, routing, and grooming at nodes. The cost model provides relative
costs (only for CapEx; OpEx components are ignored) for these different components
of the network for 10 Gbps and 40 Gbps line rates, as shown in Table 9.1.

Table 9.1: Relative cost of fiber optic network elements for 10 Gbps and 40 Gbps line rates.
Reproduced from [288].

Relative Cost
Network Element 10 Gbps 40 Gbps
Tunable medium-reach transceiver 0.3a 0.75a
Tunable long-reach WDM transceiver 0.4a a
Tunable WDM transponder 40a 100a
Optical terminal chassis (per wavelength) 2.5a 2.5a
WAN amplifier and dispersion compensation (per wavelength) 2a 3.1a
WAN OXC port with amplification and dispersion compensation 8a 9.1a
WAN router port 120a 300a
Access fiber deployment (per km wavelength) 0.2a 0.2a
MAN fiber deployment (per km wavelength) 0.2a 0.2a
WAN fiber deployment (per km wavelength) 0.1a 0.1a
Access network EDFA pump power (per 100 mW) 2a 2a

Finally, since the model uses relative costs for each of the components, to estimate
absolute costs, there is a need to establish the value of a in Table 9.1. Several previous
studies have used values between $10,000 and $60,000 as the cost per kilometer of
the fiber deployed[289, 290]. Using $30,000 as an average value, and considering that
a single fiber can contain up to 20 wavelengths, it is derived a value of $12,500 for a.

Financial model

The financial model for the fiber deployments is similar to the ones presented in
Chapters 7 and 8. Here, a time horizon of 20 years is assumed, along with a (very
optimistic) adoption rate of 80%, an interest ratio of 8%, and a desired IRR of 15%.
CapEx costs are extracted directly from the cost model, whereas the yearly OpEx
costs (which include monitoring, maintenance, power, and backbone networks peering
costs) are estimated to be 10% of the CapEx costs. The ARPU is the weighted average
(by population) of the 2% of the monthly incomes in all the settlements covered by a
deployment.
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9.1. TERRESTRIAL NETWORKS MODELING

Table 9.2 shows an example of a deployment which connects 9 settlements in
Nigeria using 81.3 km of fiber and 4 optical cross-connects (OXC)text. It can be
seen that such a deployment would not be profitable before year 10, and after taking
into account the 20-year time horizon, the IRR is -7%, so this deployment is deemed
"non-viable" and would not be deployed (i.e., there is no profitable way of connecting
these 9 settlements using fiber).

9.1.3 mm-Wave layout optimization

The process to optimize mm-Wave backhaul deployments is similar to the one for
fiber optic, in the sense that once a connectivity graph is constructed, a Steiner tree
"optimal" solution can be found using steps 5 - 8 of the algorithm described in Section
9.1.1. But to build the connectivity graph the physics of RF propagation under line-
of-sight (LoS) conditions need to be considered (which is not the case for fiber optic
networks). This procedure is detailed below:

1. Determine points of interest: this step is similar to the fiber optic procedure,
and PoP and unconnected settlements are identified.

2. Identify potential locations for placing towers: potential locations for
towers are identified following two criteria:

(a) Maximize the number of settlements, PoP, and other tower locations within
LoS. In other words, prioritize locations that allow for densely-connected
networks. This criteria typically results in candidate towers being placed
in local elevation peaks.

(b) Minimize the distance to roads and existing infrastructure. Specifically,
towers can be placed at most 2 km away from existing roads.

3. Compute connectivity graph: the LoS connectivity graph can be computed
using terrain elevation and clutter data following the procedure below, once
potential tower locations have been identified.

RF-LoS differs from optical LoS (more commonly referred to as the view-shed) in
that for RF propagation, in addition to terrain and elevation, other effects such as
the Fresnel zone interference and the RF-horizon need to be considered, as illustrated
in Figure 9-2. In particular, two towers (T. and R.) will have RF-LoS if the following
condition is met:

h(Tx) + m . d(p, Tx) > e(p) + F1(d(p, Tx), d(p, Rx)) + EB(d(p, Tx), d(p, Rx)), (9-1)

where h(Rx), h(Tx) are the heights (above sea level) of the transmitter and receiver
respectively, e(p) is the elevation (above sea level) at point p (extracted from SRTM's
30-arcsecond digital elevation map [291]) , d(A, B) represents the distance between
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Table 9.2: Financial model for a fiber deployment connecting 10 settlements in Nigeria.

Year Year Year Year Year Year Year Year Year
CAGR 0 1 2 3 4 5 6 7 ... 20

Total population 12,985 0% 12,985 12,985 12,985 12,985 12,985 12,985 12,985 12,985 12,985
Percentage subscribers 20% 37% 48% 67% 80% 80% 80% 80% 80%
Number subscribers 2,597 4,804 6,233 8,700 10,388 10,388 10,388 10,388 10,388
Monthly data usage/data sub (GB) 3.00 10% 3.0 3.3 3.6 4.0 4.4 4.8 5.3 18.3
Total Data Usage (GB) 172,960 246,819 378,970 497,751 547,527 602,279 662,507 2,287,154

Fiber deployment [km] 81.3 $2,033,500
Equipment 4 $50,000
Transceivers and amplifiers 10 + 1 $73,000
Total CapEx $2,156,500 $0 $0 $0 $0 $0 $0 $0 $0

Maintenance 10% 0% $215,650 $215,650 $215,650 $215,650 $215,650 $215,650 $215,650 $215,650
Backbone transit $20.00 -5% $38,436 $52,106 $76,005 $94,835 $99,103 $103,563 $108,223 $191,792
Total OpEx $254,086 $267,756 $291,655 $310,485 $314,753 $319,213 $323,873 $407,442

ARPU

Free Cash Flow ((151,463) (127,967) (86,776) (53,623) (45,047) (36,022) (26,522) $153,257Free-ash-Flow($2,156,500) ($151,463)y($127,967) ($6,77) ($53,623) ($45,047) ($36,022) ($26,522)25
($2,156,500) ($2,307,963) ($2,435,930)($2,522,705)($2,576,328)($2,621,375)($2,657,397)($2,683,919)

CDI

'-4

PV (i=15%) ($2,128,273
RRR -7

$786,199Cumulative FCF
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points A and B, and p is any point in the geodesic that connects the transmitter (TX)
and the receiver (Rx). m is the slope of the line between the transmitter and receiver,
F(di, d 2 ) corresponds to the radius of the n-th Fresnel zone at a point located at
distances di and d2 from points 1 and 2 respectively, and eB(dl, d2) is the Earth's
bulge at -that same point. Note that this inequality needs to be satisfied for every
point between the transmitter and receiver.

Sea level

Tx p Rx

Figure 9-2: Elements involved when assessing LoS conditions between a transmitter (Tx)
and a receiver (Rx) antenna. The contributions of a) elevation terrain, b) the
Earth's bulge, and c) Fresnel interference are all considered.

The terms for the slope, Fresnel zone diameter, and the Earth's bulge are given
by:

h(Rx) - h(Tx) (9.2)
m =(92

d(Tx, Rx)

F (d,I d2)nA -di -d2
F(d,d2 ) = d (9.3)

d1 + d2

EB(dl,7d 2 ) =3d1 -d 2  (9.4)
8RE

9.1.4 mm-Wave cost and financial model

Cost model

The cost of a tower is mainly driven by height, and comprises site acquisition, foun-
dations, transportation, construction labor, tower materials, electrical and lighting
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costs. The CapEx model for tower deployment is given in Table 9.3. The numbers
are aggregated from average costs given by different tower manufacturers 1.

Table 9.3: CapEx costs for guyed-towers construction.

Tower height 15m 20 m 30 m 40 m 60 m 80 m
Site acquisition $2,500
Transportation $750 $1,000 $1,000 $1,500 $1,500 $2,000
Tower material $3,500 $7,0000 $10,000 $13,000 $18,000 $23,000
Building costs $5,000 $10,000 $15,000 $20,000 $27,000 $35,000
Lightning $3,000
Total Tower cost $14,750 $23,500 $ 31,500 $40,000 $52,000 $65,500

In addition to the tower costs, the power, RF equipment, and PoP equipment
($2,500) costs need to be taken into account. In places where grid power is available,
the power equipment costs are assumed to be $1,000; whereas in places where grid
power is not available, solar cells are used, with an aggregated cost of $7,500 (which
includes panels, batteries, cabinet and rest of equipment). Finally, the RF equipment
runs up to $2,000 for each RF link, which includes two 1 m antennas and two radios,
while the radio access network (RAN) equipment costs are $10,000.

In terms of yearly OPEX, the spectrum license ($50 per link), backhaul cost
($20 Mbps/month), tower maintenance (10% of its cost), and power consumption
($65/month for the grid-connected towers) are considered.

Financial model

As in the case of fiber optic networks, once the tower layout is obtained, how these
towers are to be deployed needs to be studied. The first deployment connects a PoP
with one or more towers (which can be daisy-chained) to cover a set of settlements
at the minimum cost per person. Posterior deployments might originate in towers
previously deployed or from PoPs; however, their costs per person will be higher
than those of previous deployments. Thus, the first step of the financial model is to
produce a list of deployments sorted by increasing order of cost per person. Such
a list can be efficiently obtained by exploring the layout graph using a breadth-first
search algorithm, together with memoization.

Following this, a free-cash-flow is computed for each of the deployments, and only
the deployments that guarantee an IRR higher than 15% are actually considered. The
financial model assumes that up to 60% of the population could become subscribers
of the mm-Wave backhauled service, and that the monthly data-volume consumption
per user is 3 GB (with an annual growth of 10%). The CapEx and OpEx variables are
extracted directly from the deployment information (i.e., depending on the number

'Extracted from https://www.rohnnet. com/ and https: //www. 3starinc.com/
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9.2. RESULTS

of towers and links). and the ARPU is estimated to be 2% of the average monthly
income of the settlements connected in each deployment.

Table 9.4 shows the free-cash flow analysis for the 3-tower deployment to connect
the 9 villages in Nigeria (same as in Section 9.1.2). In this case, the deployment is
highly profitable, returning a 40% IRR.

9.2 Results

An analysis to determine the potential impact of fiber optic and mm-Wave backhaul
networks was conducted for 37 countries (shown in Table 6.1) for which settlement
data (population, estimated income) and connectivity coverage information is avail-
able. For each country, it was assumed that Internet connection through a fiber PoP
is available in any settlement with more than 50,000 inhabitants that has broadband
coverage (such that at least 60% of the settlement area is covered by 4G networks).
The objective is then to extend connectivity to uncovered and under-served regions,
defined as those that do not have 3G or 4G connectivity.

Network layouts are obtained by running the algorithm described in Section 9.1.1
for each of the countries, whereas the viability of the deployments is analyzed using
the cost and financial models presented in 9.1.2.

9.2.1 Fiber optic networks

Figure 9-3 shows the fiber deployment layouts for 6 representative countries. In all
cases, fiber originates in very densely-populated locations and expands throughout
the uncovered rural regions. Within the figure, several differences can be observed
between countries. On one hand, in India, most of the country is close enough to some
very densely populated cities, such that uncovered regions are scarce. This results
in deployments being concentrated in very specific regions. On the other hand, in
underdeveloped countries such as Ethiopia or the Democratic Republic of Congo,
uncovered populations are much more sparsely distributed, and thus, deployments
are also spread out across the whole country.

Table 9.5 contains statistics on the number of settlements that can be connected
using fiber, the length of fiber that would need to be deployed, the number of deploy-
ments required, the number of deployments that would be profitable (under current
costs), as well as the total cost of the deployments. First, note that for most countries,
the number of settlements that end up being connected by fiber ranges from 50% to
75% of the total number of settlements; the exceptions include the Philippines, Haiti,
Indonesia, and Bangladesh (which have significantly lower numbers). Because the
algorithm requires the presence of a road or railroad between a PoP and a settlement,
there are two main reasons why a settlement might not be connected: the lack of
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Table 9.4: Financial model for a 3 tower deployment in Nigeria.

Year Year Year Year Year Year Year Year Year Year Year
Growth 0 1 2 3 4 5 6 7 8 9 10

Total population 12,985 0% 12,985 12,985 12,985 12,985 12,985 12,985 12,985 12,985 12,985 12,985 12,985
Percentage subscribers 0% 20% 34% 59% 73% 90% 90% 90% 90% 90% 90% 90%
Number subscribers 2,597 4,415 7,661 9,479 11,687 11,687 11,687 11,687 11,687 11,687 11,687
Data/subscriber (GB) 3.00 10% 3.0 3.3 3.6 4.0 4.4 4.8 5.3 5.8 6.4 7.1
Total Data Usage (GB) 158,936 303,382 412,907 559,970 615,967 677,564 745,321 819,853 901,838 992,022

Towers $95,000
RAN $23,000
Power $7,500
Total CapEx $125,500 $0 $0 $0 $0 $0 $0 $0 $0 $0 $0

Maintenance 10% 0% $12,550 $12,550 $12,550 $12,550 $12,550 $12,550 $12,550 $12,550 $12,550 $12,550
Backbone transit $20.00 0% $35,319 $67,418 $91,757 $124,438 $136,882 $150,570 $165,627 $182,189 $200,408 $220,449
Spectrum license $50.00 0% $1,800 $1,800 $1,800 $1,800 $1,800 $1,800 $1,800 $1,800 $1,800 $1,800
Total OpEx $49,669 $81,768 $106,107 $138,788 $151,232 $164,920 $179,977 $196,539 $214,758 $234,799

ARPU

Free Cash Flow
Cumulative FCF

($125,500) $32,978
($125,500) ($92,522)

$61,649 $71,341 $79,983 $67,540 $53,851 $38,794
($30,874) $40,467 $120,450 $187,990 $241,841 $280,636

rPV (i=15%) $102,888
[RR 40

z
0

z

$22,232 $4,013 ($16,028)
$302,868' $306,881 $290,853

IEBITDA $ 32,978 $ 61,649 $ 71,341 $ 79,983 $ 67.540 $ 53-851 $ 38,794 $ 22,232 $ 4,013 $ M-,-WN7)
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road infrastructure, or the lack of quality road data.

(a) Democratic Republic Congo

(c) Ethiopia

(b) Argentina

(d) Tanzania
(e) Kenya

(f) India

Figure 9-3: Layouts of fiber deployment in 6 representative countries. Blue regions repre-

sent uncovered and under-served settlements, orange lines are the fiber layout,
and green areas are regions which have broadband coverage (3G/4G).

Finally, it can be observed that at current costs, the number of profitable de-

ployments is very small, almost zero in most countries. The only three countries

studied with a significant number of profitable deployments are Nigeria, Ethiopia,
and the Democratic Republic of Congo, where fiber deployment could bring online

an additional 6 million people online.

Figure 9-4 plots the population size benefited by the profitable deployments as

a function of the cost per kilometer of the deployment (including fiber, labor, and

right of way). It can be observed that at current costs (approximately $30,000 per

kilometer), just slightly over 10 million people (out of 159 million, which is the total

uncovered and under-served population of the 37 countries considered) could be con-

nected. If a 3x reduction in cost were to be achieved, this number of people would

double; a 1Ox reduction would result in 30 million people being connected. The

Figure also shows that the three countries that would benefit most from new fiber

deployments are Nigeria, Ethiopia, and the Democratic Republic of Congo.
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Table 9.5: Summary of fiber deployments in 28 countries.

IS02 # sett. # PoPs km fiber cost # people[million] # sett
total connected total connected [million $1 total prof. prof.

AF 76 45 39 7 2114.3 57.6 1.9 0.4 3
AR 3589 1656 158 72 92691.3 2725.1 1.5 0 0
BD 242 10 519 2 112 4.7 0 0 0
BF 2975 2533 68 36 27393.1 1186.8 4.9 0 0
BR 24310 7750 1130 214 392608.7 11318.5 2.8 0 5
CD 38030 25324 305 140 114668.2 7730.1 37.7 0 0
CI 646 362 81 30 9067.5 568.5 0.7 0 0
CM 1709 1337 91 42 21782.8 856.4 2 0.2 2
DZ 381 216 233 39 11565 340.9 0.2 0 0
EG 308 166 394 9 3313.5 120.7 0.1 0 0
ET 29288 23185 356 171 116181.8 7632.6 23.5 1.4 532
HT 484 68 33 7 1368.8 49.5 0.2 0 0
ID 3007 117 743 22 18429.1 487.3 5 0 0
IN 13040 6612 3134 106 47265.4 6060.8 3.2 0 80
KE 1822 1391 240 41 19563.8 776.9 3 0.1 12
MM 3983 1567 163 39 34801.1 1201.2 2.1 0 0
MW 2173 1515 47 24 7136.2 499.9 0.7 0 0
MZ 10284 7343 101 53 57355.5 3014.9 8.1 0 0
NG 14280 9297 753 175 70745.1 4037.9 19.9 2 1188
PE 1515 839 120 49 61149 1733.7 1.4 0 0
PH 662 62 386 22 8364.8 223.6 0.7 0 0
PK 31633 21573 322 54 60273.9 5263.3 3.6 0 0
SD 5268 3276 105 55 32573.7 1489.9 7 0 0
TH 112 23 216 2 551.3 18.6 0 0 0
TR 270 30 307 5 777.2 25.8 0.2 0 1
TZ 7999 5728 222 99 45974.4 2362.8 6.4 0 1
UG 478 321 180 26 4127.3 176.9 0.7 0.2 2
ZA 372 301 341 35 14132 429.4 0.3 0 2
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-n un
nsst pean 1

Figure 9-4: Number of people in profitable deployments as a function of the average cost
per kilometer of fiber. This cost includes fiber lay-down, labor, and right of
way.
NG: Nigeria, CD: Democratic Republic of Congo, ET: Ethiopia, AF:

Afghanistan.

Figure 9-5 shows the percentage of uncovered and under-served people that could
be served via profitable fiber deployments, versus the average cost per kilometer
of deployment. In practice, this is a sensitivity analysis where the impact of fiber
technology is assessed against cost. Since the cost model used in this dissertation was
developed based on fiber deployment costs in developed countries, where labor and

right of way costs might be higher than in developing countries, this image can be used
to assess the impact of fiber if the reader believes that the costs herein presented are
an overestimation of the real costs. In Figure 9-5, it can be observed that at current
costs, approximately 7% of the overall uncovered and under-served population in the
countries analyzed could be served via fiber (mostly in Ethiopia, Nigeria, and the
Democratic Republic of Congo), whereas it would take cost reductions by more than
an order of magnitude to achieve 25% of the population, after which the curve then
flattens out since the equipment costs alone are unaffordable.

Since such drastic cost reductions seem unrealistic (at least in the short term), I
conclude that fiber will play at most a minor role in serving as backhaul for currently
unconnected regions. This does not mean that no new fiber deployments will be car-
ried out in these countries (for example, to increase the capacity of current networks or
to replace existing mm-Wave backhaul links), but it is unlikely that new fiber projects
will be undertaken to expand connectivity further than the status quo (or for that to
happen, governments will have to subsidize such deployments or establish policies so
that Internet service providers have incentives to deploy new infrastructure.).
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Figure 9-5: Percentage

am1

of people in profitable deployments, as a function of the average
cost per kilometer of fiber. This cost includes fiber lay-down, labor, and right
of way.

9.2.2 mm-Wave networks

The results presented in this section are analogous to those for the fiber optic case,
presented in the previous section. A similar analysis was conducted for the same 37
countries, using the identical set of settlements and fiber PoP. The main difference
is that here the mm-Wave backhaul models, as described in Sections 9.1.3 and 9.1.4,
were used.

Table 9.6 summarizes the deployment information for the countries analyzed.
Looking at the cost column, it can be observed that mm-Wave is cheaper than fiber
for all countries. This is not surprising, as mm-Wave is a less CapEx-intensive tech-
nology compared to fiber. Also comparing the number of settlements/ people that
would be connected against the number of in profitable deployments and the number
of settlements, it can be seen that even though most of the settlements could be con-
nected using mm-Wave towers, the technology would not be profitable in most of the
countries (with exceptions like Nigeria), thus there is little incentive for companies to
deploy additional assets to the uncovered and under-served locations.

Figure 9-6 shows the number of people covered as a function of the average cost
per tower, broken down by country. It can be observed that at current costs, approxi-
mately 16 million additional people would be covered by profitable deployments, half
of them living in Nigeria. In addition, countries like India, Indonesia, Kenya, and
Turkey, could all deploy mm-Wave networks to offer connectivity to parts of cur-
rently uncovered regions. Moreover, if costs were to be reduced by a factor of 3, the
number of connected people would more than double, and deployments would also be
profitable in vast regions of countries such as Ethiopia and the Democratic Republic
of Congo.

Another interesting factor to analyze is the mix of tower heights within the de-
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Table 9.6: Summary of mm-Wave deployments in 35 countries.

IS02 # sett. # PoPs # towers cost # people[million] # sett
total connected total connected [million $] total prof. prof.

AR
BD
BF
BR
CD
CI
CM
DZ
EG
ET
GH
HT
ID
IN
KE
LK
LS
MM
MW
MX
MZ
NG
PE
PG
PH
PK
RW
SD
TH
TR
TZ
UA
UG
ZA
ZM

3589
242

2975
24310
38030

646
1709

381
308

29288
540
484

3007
13040

1822
35

271
3983
2173
3572

10284
14280

1515
1953

662
31633

5
5268

112
270

7999
1404
478
372

9284

293
149

2631
14418
30726

385
1365

97
20

22730
393
441
285

7278
811

35
246

1247
1975
1975
8456

12585
744
127
352

20663
2

3027
43
88

467
314
443
204

6580

158
519

68
1130

305
81
91

233
394
356

91
33

743
3134

240
85

5
163
47

507
101
753
120
38

386
322

31
105
216
307
222
151
180
341

61

20
8

48
260
248

33
49
25

1
254

28
19
52

147
55

3
3

40
31
31
77

244
42
10
78
51

2
46
10

8
45
11
49
29
45

409
78

1279
9500

10427
422

1091
86
21

6943
319
167
390

2311
534

17
126
822
585
585

2818
4448

886
68

358
3777

9
1190

48
83

131
138
255
456

2849

21.9
3.6

61.5
474.4
491.2

24.3
51.6

3.7
0.9

323.6
18.8
9.5

22.9
101.6
28.6

1.1
6.6
39

25.9
13.1

134.5
193.5

50.6
3.2

16.5
170.5

0.5
58.5

2.3
3.7
3.3
6.6
11

19.7
140.6

1.5
0

4.9
2.8

37.7
0.7

2
0.2
0.1

23.5
0.5
0.2

5
3.2

3
0

0.1
2.1
0.7
1.2
8.1

19.9
1.4

2
0.7
3.6

0
7
0

0.2
6.4
0.5
0.7
0.3
3.8

0
0

1.5
0.7

2
0

0.3
0
0

6.1
0.1

0
1.5

1
0.7

0
0

0.6
0
0
0

9.7
0.1
0.1
0.3
0.5

0
2.2

0
0.1
0.6

0
0.3

0
0.1

0
0

55
9

182
0

22
0
0

955
6
0

41
75
76
0
0
3
0
0
0

2741
6
6
7

388
0

260
0

14
369

11
18
0
2

ployments. In our analysis, towers of up to 80 m height were considered, but in
current deployments, towers are normally of lower height (< 40 m). Figure 9-7 shows
a histogram of tower height distribution across deployments (for all 37 countries in
our analysis). It can be observed that the majority of the towers deployed are 80 m
towers, which suggests that despite their higher costs, taller structures might be more
cost-efficiency in terms of expanding connectivity.
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Figure 9-6: Number of people in profitable deployments as a function of the average cost
per tower. This cost includes tower construction, labor, and spectrum rights.
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Figure 9-7: Histogram of tower heights in deployments.

Figure 9-8 shows the percentage of the uncovered and under-served population
reached by profitable deployments (orange line), as well as the maximum population
served (red line), as functions of the average cost per tower. The gap between people
reached and people served is due to the maximum capacity of the mm-Wave link:
even though a given settlement might be reached, the requested capacity might not
be 100% met due to the limits of the mm-Wave link. Note that the gap decreases
as the average cost per tower goes down, since it might then be profitable to deploy
multiple towers to provide multiple paths to a given settlement, and thus increasing
the total capacity delivered. In terms of population served, connectivity could be
brought to approximately 10% of the population using mm-Wave backhaul links (at
current costs). This value would increase to 17% if costs were halved, and further to
28% if the costs were reduced by a factor of 5. Note that even at the extreme low
end of the cost axis, there will still be a significant portion of the population that
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would not be connected. This is due to two reasons: first, the cost of equipment
might be too expensive for certain settlements; and second, the algorithm limits the
number of hops required to reach settlements from an existing PoP. If the number of
hops is higher than 8, it is considered that the settlement cannot be connected using
mm-Wave backhaul.
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Figure 9-8: Percentage of people in profitable deployments as a function of the average
cost per tower. This cost includes tower construction, labor, and spectrum
rights.

9.3 Chapter conclusions

This chapter studied backhaul terrestrial networks as a means of expanding connec-
tivity for a set of 37 countries. The main research question was:

Research Question 9.1

Taking into account both technical and economic factors, what is the potential
impact of terrestrial networks in terms of connecting additional populations?

From the results, the following conclusions can be extracted.

" At current costs, neither fiber optic nor mm-Wave backhauling networks are
capable of bringing a significant number of people online. In particular, fiber
optic networks could bring up to approximately 7% of the uncovered and under-
served online; for mm-Wave backhaul networks, this number is closer to 17%.

" Fiber networks will have a very limited impact in connecting new regions even
if large cost reductions were to be achieved. In particular, even with a 30 x cost
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reduction, only 25% of the uncovered and under-served population in the 37
countries studied would be able to afford the service.

• mm-Wave networks have greater potential than fiber optic networks in terms of
connecting new regions; with just a 2x, they could provide service profitably to
30% of the population in these countries. This is not a surprising result since
up to 80% of the current rural deployments in the countries under consideration
already use this technology to provide backhaul [292].
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Chapter

Space, Aerial, and Terrestrial
networks comparison

Chapters 7, 8, and 9 analyzed, as isolated systems, the impact and capabilities of
space, aerial, and terrestrial networks, respectively. In this chapter, the impact of
each of these technologies is assessed as placed within a competitive market. That
is, assuming that broadband is a commodity (where, given the fungibility of a prod-
uct, the cheapest option is always preferred), the potential impact of each technology
in terms of extending connectivity to uncovered and under-served populations is as-
sessed.

In particular, this chapter aims to answer the following research question:

Research Question 10.1

Given capacity limits, market uptake, and achievable prices per Mbps/month,
what is the impact of space and aerial technologies in terms of expanding con-
nectivity to uncovered and under-served regions?

10.1 Overview of comparison methodology

The comparison of technologies is carried out for the 37 countries in Africa, Southeast
Asia, and South America that were shown in Table 10.1. Only uncovered and under-
served settlements (i.e., settlements with no connectivity or only 2G connectivity)
are considered as the target population. The methodology to estimate the number of
people who would be connected is a two-step procedure, as follows:

1. For each settlement, the different technologies (fiber, aerial, mm-Wave, and
space) are ranked by monthly price per user. To compute the price per user,
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Table 10.1: Countries considered in the comparative analysis of technologies.

IS02 Country name IS02 Country name IS02 Country name
AF Afghanistan ID Indonesia PG Papua New Guinea
AR Argentina IN India PH Philippines
BD Bangladesh KE Kenya PK Pakistan
BF Burkina Faso LK Sri Lanka RW Rwanda
BR Brazil LS Lesotho SD Sudan
CD Congo (DRC) MM Myanmar TH Thailand
CI Cote d'Ivore MW Malawi TR Turkey

CM Cameroon MX Mexico TZ Tanzania
DZ Algeria MY Malaysia UA Ukraine
EG Egypt MZ Mozambique UG Uganda
ET Ethiopia NG Nigeria ZA South Africa
GH Ghana PE Peru ZM Zambia
HT Haiti

it is assumed that for uncovered settlements each user is to be provided with a
data tonnage of 1 GB/month, whereas for under-served settlements 3GB/month
are required. Moreover, a conservative 9% CAGR in demand is assumed [293],
which results in a data rate allocation of 30 kbps and 100 kbps for uncovered
and under-served users, respectively. Then, the price per Mbps/month of each
technology is divided by the number of subscribers 1 Mbps would support (using
the data rate allocations). Furthermore, the cost of the CPE (if required) is
also included in the price per user (distributed evenly across subscribers).

Finally, the price per user for each technology is compared to the 2% of the av-
erage monthly income of each settlement (as per the ITU recommended thresh-
old), to determine which technologies are affordable in each settlement.

2. Settlements in each country are ordered in descending order of income, and the
most affordable technology is assigned to the settlements sequentially (so that
wealthy settlements are assigned first). In doing so, the market uptake and the
capacity limits of some of the technologies are also taken into account (as will
be further explained in Section 10.2.2).

Besides, three scenarios with different time horizons will be considered in the
analysis:

e Current scenario: Current costs are used as a reference for the analysis.
It is assumed that if fiber or mm-Wave technology were to be deployed, the
total capacity offered would be unlimited or 1.6 Gbps, respectively, whereas
for satellite networks, the maximum capacity-density is 50 kbps/km2 , which
limits the maximum throughput that can be delivered to any country. Only
fiber, mm-Wave, and space technologies are considered, as there are currently
no viable aerial communication networks.
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" Next-generation scenario (2-5 years): For this scenario, the cost (and thus
price) reductions that might be achieved in the next 2-5 years are considered.
In the space industry it is estimated that monthly cost per Mbps could drop
to the $70- $100 range (see Chapter 9). For aerial systems, it will be assumed
that the best performing LTA HAP network is used, with prices set at below
$50 Mbps/month for profitable settlements, as obtained from the analysis in
Chapter 8.

" Future scenario (8-10 years): For this scenario, advanced concepts for space
and aerial networks are considered. According to the results from Figure 7-11
in Chapter 7, MEO networks are the most cost-effective space architectures for
providing coverage to most of the uncovered and under-served populations. In
particular, a vHTS MEO network of 15 satellites in equatorial orbit operating
in Q/V-band is considered, which would allow for monthly prices to be set at
-$30 per Mbps/month. For aerial networks, a passive station-keeping, Ka-band
system with no crosslinks, a single beam, and direct-to-user links, which was
identified in Chapter 8 as the most cost-effective architecture that covers the
largest population, is considered. This architecture allows for prices in profitable
deployments to be set at below $50 per Mbps/month.

10.2 Results

10.2.1 Percentage of population that can afford connectivity
services by technology

This section presents the results of the first step of the comparative methodology,
namely, to determine the most affordable technology for each settlement. It is im-
portant to emphasize that the results in this section only evaluate affordability,
and do not take into account the number of people that would be brought online
by each of these technologies (which will be analyzed separately in Section 10.2.2).
In other words, the results presented in this section only consider the relationship
between price and demand (i.e., given the estimated price per Mbps/month for each
technology, what is the number of people that can afford it), but do not account for
factors like market uptake and the limited supply of capacity in some cases (e.g.,
space systems).

Figure 10-1 shows the distribution of the most affordable technology as a per-
centage of all settlements in each country. Results are shown for the current, next-
generation, and future scenarios. It can be observed that at current prices, space
technology is unaffordable in most of the countries considered, while mm-Wave and
fiber networks both have a limited impact in terms of the percentage of settlements af-
forded. In the next-generation scenario, however, there is a big jump in the percentage
of settlements where satellite networks have become the most affordable option, even
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though this only applies to countries with higher incomes. In particular, countries in
South America (Argentina, Mexico, Peru) and Southeast Asia (Myanmar, Thailand,
Indonesia) would benefit the most from cheaper satellite connectivity, whereas many
sub-Saharan countries would remain unconnected. Finally, in the future scenario,
there is a dramatic increase in the number of settlements in which space technology
has become affordable. However, even at prices -8 times lower than the current
scenario, there would be countries where bringing people online will remain a huge
challenge, due to their extremely low incomes per capita (below $500), (e.g., the
Democratic Republic of Congo, Malawi, and Mozambique).
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(a) Current scenario (b) Next-generation (2-5 years) (c) Future scenario (8-10 years)

Figure 10-1: Percentage of uncovered and under-served settlements for all countries con-
sidered, broken down by most affordable technology, under the a) current, b)
next-generation, and c) future scenarios. Countries are ordered by number
of settlements in descending order.

Although the number of settlements that can afford connectivity serviced per tech-
nology provides an initial sizing up of the problem at hand, a more insightful overview
is obtained when considering the population sizes of those settlements. Figure 10-2
is the counterpart to Figure 10-1, where percentages of the total population have
replaced percentages of total settlements. These values are computed after grouping
settlements by the most affordable technology, adding up their populations, and then
dividing that by the total uncovered and under-served population in each country.
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10.2. RESULTS

For the current scenario the graph shows how even though the number of settle-
ments in which mm-Wave and fiber are affordable is rather low (below 5% for most of
the countries), they amount to a much more significant percentage of the population
(more than 20% of the population in several countries). This is because being and
mm-Wave, being very CapEx intensive technologies, are only viable in very highly
populated settlements. Also, it can be observed that mm-Wave is generally preferred
over fiber (as one would expect, given the lower costs).
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Figure 10-2: Percentage of uncovered and under-served population for all countries con-
sidered, broken down by most affordable technology, under the a) current, b)
next-generation, and c) future scenarios. Countries are ordered by the total
uncovered and under-served population in descending order.

Looking at the next-generation scenario in Figure 10-2b, it is again evident that
mm-Wave and fiber deployments are only profitable in very high populated settle-
ments. Notably, while the percentage of settlements in which fiber and mm-Wave
deployments are most affordable for countries like India, Indonesia, or Turkey is tiny
(Figure 10-1), this figure shows that they account for more than 20% of the uncovered
and under-served population in these countries. Also, note that satellite-backhauled
networks would be able to provide affordable connectivity to almost all the population
of the high-income countries mentioned above.

Finally, for the future scenario (Figure 10-2c), the results show that satellite tech-
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CHAPTER 10. SPACE, AERIAL, AND TERRESTRIAL NETWORKS COMPARISON

nology would be the most affordable technology for most of the people in the majority
of the countries studied (more than 80% in multiple countries) in the majority of the
countries, again except for the lowest income countries like Malawi, Mozambique, and
the Democratic Republic of Congo. These results are highly promising for the space
industry, which could increase its market share if (as the analysis in this chapter
suggests) they are able to lower the price per Mbps/month substantially.
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Figure 10-3: Uncovered and under-served population for all countries considered, broken
down by most affordable technology, under the a) current, b) next-generation,
and c) future scenarios. Countries are ordered by the total uncovered and
under-served population in descending order.

Figure 10-3 shows the total uncovered and underserved population by most-affordable
technology for each one of the 37 countries studied. Note how there are large differ-
ences between countries in the number of uncovered and under-served. in particular,
the Democratic Republic of Congo, Ethiopia, and Nigeria account for 50% of the
uncovered and under-served in the 37 countries.

Finally, Figure 10-4 shows the most affordable technology by percentage of the
population, this time aggregated across all countries, under the three scenarios con-
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10.2. RESULTS

sidered. It can be observed that at current prices, only 8% of those uncovered and
under-served (approximately 13 million people in the 37 countries of interest) can
afford connectivity and that the most effective technology would be mm-Wave de-
ployments. The introduction of a new generation of satellites in the next 2-5 years
could bring that number up to slightly higher than 19%, but it is worth noting that
space networks will barely cannibalize any market share from other technologies such
as mm-Wave or fiber, at least not when considering only uncovered and under-served
populations. Finally, if space connectivity prices continue to drop, as is expected
to happen in the next 8-10 years, the number of people that could afford connec-
tivity through space networks will drastically increase to approximately 56% of the
uncovered and under-served population in the 37 countries studied.

(a) Current scenario

(b) Next generation (2-5 years)

(c) Future scenario (8-10 years)

Figure 10-4: Overall percentage of uncovere
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d and under-served population for all countries
considered, broken down by most affordable technology, under the a) current,
b) next-generation, and c) future scenarios.

Detailed results for selected countries

Figure 10-5 shows maps of the most affordable technology for Nigeria and Ethiopia.
These maps were constructed by dividing each country's area into a uniform grid
(0.1 deg x0.1 deg) and coloring each cell according to the technology that the most
number of people in the settlements contained within that cell can afford. Magenta
regions represent areas where broadband connectivity (3G or 4G) is currently avail-
able.

In Nigeria (top row), it can be observed that there is currently connectivity around
the large coastal cities, and also in large urban centers such as Abuja, Zaria, and Kano.
At current costs, fiber and mm-Wave deployments would be most affordable in some
regions in the north of the country (representing 20% of the uncovered and under-
served population), whereas satellite backhaul would not be affordable in any area.
The launch of new constellation systems in the next 2-5 years could afford Internet

connectivity to more spots in the country (adding up an extra 18% of the population);
in the future scenario, lower prices will result in practically all regions of the country
being able to afford satellite connectivity. This is in contrast with Ethiopia (lower
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row), where the only region currently with connectivity is the capital, Addis Ababa,
and the recently-proposed satellite systems would have minimal impact in terms of
connectivity. However, in the future scenario, most of the uncovered and under-served
regions of the country will benefit from lower satellite connectivity prices.

Figue 1-5: egins y most affordable technology for Nigeria (top row) and Ethiopia
(bottom row), under the current (left column), next-generation (middle col-
umn), and future (right column) scenarios. Each country's surface was di-
vided into a uniform grid (0.1 deg x0.1 deg) and each cell was assigned the
color of the technology that would be affordable to the most people living
within it.

10.2.2 Users brought online per technology

In the previous section, the population that could afford each of the technologies was
analyzed. However, the analysis ignored non-price factors such as the market uptake
rate or capacity saturation limits of space concepts. This section focuses on the
second step of the methodology described at the beginning of this chapter, namely,
to derive estimates of the potential number of users that would be brought online by
each technology. In this regard, two main aspects need to be taken into account:

1. First, while aerial and terrestrial networks allow for rapid, incremental, and

220



10.2. RESULTS

localized deployments (by targeting only those settlements where a positive re-
turn on investment is likely), space networks need to be fully launched before
becoming operational. This implies that unlike for aerial and terrestrial net-
works, where the cost per Mbps/month can be different for each settlement
(depending on the number of potential users, CapEx and OpEx costs of the
deployment), in space systems the cost per Mbps/month can be considered as
uniform across all settlements.

2. Second, satellite constellations are capacity-constrained systems, as there are
limits to the frequency reuse and a maximum bandwidth per beam (and thus
data rate), which in turn limits the total throughput that can be supplied to a
given area. In contrast, fiber optic deployments (given the low demands of the
deployments considered herein) can be assumed to have infinite capacity. Fi-
nally, a fraction of the aerial and mm-Wave deployments might also be capacity-
limited, for example, if the population of the settlements covered is very large;
however, the capacity constraints have already been taken into account when
defining the deployments and determining the price per Mbps/month for each
settlement (as explained in Chapters 8 and 9).

Taking these into future account, the process to estimate the number of users that
would be brought online is as follows:

1. Compute the maximum capacity that the space network can supply to a given
country. These values are approximated as the country land-area multiplied by
the throughput-density of the satellite network. For space networks, a maxi-
mum throughput density of 50 kbps/km 2, 100 kbps/km2, and 150 kbps/km 2 are
assumed to be achievable in the current, next-generation, and future scenarios,
respectively.

2. For each settlement order the different technologies (space, aerial, terrestrial,
and mm-Wave) from most affordable to least.

3. Sort settlements by descending order of income.

4. Iterate through the list of settlements to assign the most affordable technology
per settlement, so that wealthier settlements are assigned first. Every time
that satellite backhauling is identified as the most affordable technology for a
settlement, the capacity required by the settlement is subtracted from the total
capacity supplied to the country. If there is not enough remaining capacity
to satisfy the demand, then the second-most affordable technology (if any) is
assigned to the settlement.

5. Finally, the market uptake (or market adoption rate) is assumed to depend on
the price of the service as compared to ITU 2% threshold. In particular, the
adoption curve is defined using a sigmoid price-response function such that when
the price is exactly 2% of the average monthly income, the market adoption rate
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is 50% (note that most of the deployments considered herein are "greenfield" 1

deployments, and given the lack of competition it is therefore assumed that
the market uptake will be high)[294]. Specifically, the market uptake (a) is
computed as

1
a=1- ,exp(0.519x) -i) (10.1)

1+exp 0.51°5-

where x is the price of the service as a percentage of the monthly average income
of the settlement. This price-response function is depicted in Figure 10-6. The
parameters of this function were chosen manually so that they provide a good
fit to the macroeconomic curve "Internet penetration vs. the average cost of a
mobile broadband data-plan as a percentage of the GNI per capita".

ano
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Price of mobile broadband data-plan
as percentage of GNI per capita [%]

Figure 10-6: Market uptake as a function of the price of service.

Figure 10-7 shows the percentage of the population that is estimated to be brought
online under the three scenarios considered. Several key differences can be observed
between these results and those regarding affordability from the previous section
(Figure 10-4):

• For the current scenario, the difference between the population that can afford
connectivity services and the number of users brought online is very small. This
can be explained by the observation that most of the affordable deployments are
fiber and mm-Wave deployments, which are effective to cover large settlements,
not capacity limited, and capable of offering very low prices per user which
ensures high market uptake.

'A greenfield deployment is the installation of a network where none had existed before.
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" For the next-generation scenario, it was estimated that up to 19% of those
uncovered and under-served could afford connectivity services (Figure 10-4b);
however, given the capacity constraints and the market adoption model consid-
ered, only half of them are estimated to actually become Internet users, bringing
the aggregated potential impact of all the technologies considered in this dis-
sertation down to just over 11% of the total population of these countries.

" For the future scenario, the greatest differences can be observed. Given the
ever-lower satellite connectivity prices and the ubiquity of service, it was esti-
mated that over 56% of the population on the countries studied could afford
connectivity. However, after taking into account the market uptake estimates
and limited satellite capacity, this value decreases to 32%.

-4-~ 18 104 36(a) Current scenario

(b) Next generation (2-5 years)

(c) Future scenario (8-10 years)

84" USA 0* 39 13

90 36. 79to USA 1163

Figure 10-7: Overall percentage of uncovered and under-served population for all countries

considered, broken down by most affordable technology, under the a) current,
b) next-generation, and c) future scenarios.

Figure 10-8 shows detailed estimates for the number of users that would be brought
online at the country-level. This image is analogous to Figure 10-2 (in the same way
that Figure 10-7 was analogous to Figure 10-4), and by comparing both images,
several characteristic behaviors can be observed.

" Countries with relatively small uncovered and under-served populations and
relatively high incomes, such as Indonesia, Turkey, Ukraine, Argentina, Algiers,
and Thailand, present the smallest differences between the population that can
afford connectivity services and users brought online. This is because the high
incomes result in higher market uptake and the smaller populations do not
saturate the satellite capacity.

" Sub-Saharan countries with large uncovered and under-served populations, such
as Nigeria, Ethiopia, and Tanzania, suffer the largest losses in terms of users

actually brought online. The reasons for this are a combination of low GNI
(which translates into low market uptake) and saturation of the satellite capacity

(especially in Ethiopia and Nigeria).
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Figure 10-8: Uncovered and under-served users brought online for each country broken
down by most affordable technology, under the a) current, b) next-generation,
and c) future scenarios. Countries are ordered by the total uncovered and
under-served population, in descending order.

10.2.3 Influence of cost of customer premise equipment (CPE)

Another interesting factor to analyze is how the cost of the CPE2 might influence the
number of people brought online by space systems, given that advanced electronically-
steered phased-array antennas or mechanically-steered gimballed antennas will be
required to connect to NGSO constellations. Although current prices for such termi-
nals are within the $20,000 - $50,000 range, it is envisioned that prices could decrease
below the $1,000 threshold over the next few years.

For GEO networks the price of CPE terminals can be as low as $500, with the
fixed-pointing parabolic dish antenna accounting for 20%-30% of this value. Thus,
if the cheaper prices for the phased-array antennas required for MEO and LEO con-

2 This CPE is assumed to be comprised of an antenna, modem, wireless access point, and ad-
ditional electronics so that the mobile network operator can handle operational aspects (such as
authentication, subscriber consumption, logging). Moreover, it is assumed that a single CPE can
serve up to 5,000 subscribers. If the number of subscribers in a settlement is higher than this value,
multiple CPEs will be deployed.
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stellations do not materialize, GEO constellations will have an edge when trying to
connect uncovered and under-served populations.
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Figure 10-9: Users brought online by different technologies versus cost of satellite CPE. It
is assumed that a CPE can serve at most 5,000 subscribers.

Figure 10-9 shows the influence of the cost of the CPE on the number of people
connected. Note that if the CPE cost is $50,000, the total number of people connected
by satellite is slightly under 20%, but if CPE costs fall below $2,000, this percentage

increases to over 30%, showing that the total number of users brought online is very

sensitive to the CPE cost. This result highlights the importance of the user terminals
for NGSO constellations; if manufacturers can lower the prices of the antennas, LEO
and MEO constellations would have a larger impact in terms of bringing uncovered

and under-served populations online, as they would then be capable of providing

higher throughput densities than GEO networks. Otherwise, GEO networks would

be the best option given that their current CPE costs are significantly lower.

10.3 Chapter conclusions

This chapter conducted a comparative assessment of the potential impact of space,
aerial, and terrestrial networks, and in doing so answered the following research ques-

tion:

Research Question 10.1

Given capacity limits, market uptake, and achievable prices per Mbps/month,
what is the impact of space and aerial technologies to expand connectivity to

uncovered and under-served regions?

Under the current scenario, the impact of space and aerial systems in terms of

expanding connectivity would be rather modest; the current cost of satellite tech-
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nology (- $200 Mbps/month) are affordable for less than 1% of the uncovered and
under-served population in the countries of interest. In contrast, it is estimated that
fiber optic and mm-Wave deployments could bring online 7% of the uncovered and
under-served population. Looking at the next 2-5 years, after large LEO constella-
tions and vHTS GEO and MEO satellites are launched, the impact of space and aerial
systems might still be limited too; aerial concepts would remain too expensive, and
space systems would only have an impact in high-income countries in South Amer-
ica and Southeast Asia, where around 8 million people (--5% of the uncovered and
under-served population in the 37 countries studied) would connect to the Internet
by satellite backhauled services. Finally, in the future scenario (8-10 years), where
satellite connectivity prices are expected to drop to the $30-$50 per Mbps/month
range, satellite networks would be a viable technology for up to 38.4 million people
(24%) in these countries.

Finally, a critical piece of technology that has a substantial impact on the number
of people brought online by NGSO constellations is the cost per CPE. If this cost is
$50,000, the total number of people connected by satellite is slightly under 20% of
the uncovered and under-served population in the 37 countries, but if costs fall below
$2,000, this percentage increases to over 30%.
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Conclusion

Internet connectivity has radically transformed the way we live and work. The
progress in connectivity in the last two decades has brought about a whole new digi-
tal economy, and numerous advancements in healthcare, education, government, and
business. However, 46.4% of the world's population does not currently benefit from
these advancements, reason being that they remain unconnected. Due to the sparse
distribution of those uncovered, several space and aerial concepts have been proposed
in the last five years to help bring the remaining uncovered population online.

The main research objective of this dissertation was to analyze the potential im-
pact of these concepts from a techno-economic perspective. Given the scale of the
problem from the large tradespaces under consideration to the different spatial and
temporal scales in which these concepts operate, this evaluation would have required
the development of computationally-expensive simulation models. However, due to
limited computing resources, the number of design-configurations that can be evalu-
ated was heavily constrained; thus, a secondary research objective was to assess the
efficiency of Bayesian optimization as a method to conduct tradespace exploration.

This final chapter summarizes the key findings and contributions of this disser-
tation. Opportunities for future research are also outlined, and finally, I close with
some final remarks regarding the future of connectivity.

11.1 Thesis summary

Chapter 1 began by presenting the motivation for these two research objectives; first,
highlighting the importance of connecting the other half, as stated by international
bodies such as the International Telecommunications Union and the UN Broadband
Commission, and then analyzing the problem from a System Architecture perspective.
Within this context, Chapter 2 conducted a literature review on the three main topics
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of interest of this thesis: space and aerial systems for expanding Internet connectivity,
concept selection methods, and tradespace exploration for System Architecture prob-
lems. This review allowed for the identification of relevant research gaps, namely, the
need for comprehensive techno-economic analyses that compare the impact of space
and aerial concepts in terms of expanding connectivity, and the need for a method to
conduct tradespace exploration that can operate effectively in scenarios where there
exists a tight budget for function evaluations.

The rest of the dissertation was divided into two parts, each providing answers to
one of the two research objectives.

In the first part, the suitability of Bayesian optimization (BO) as a tradespace
exploration method for System Architecture problems (SAP) was studied. Chapter
3 presented the theory underlying Bayesian optimization using a Gaussian process-
based example to demonstrate how it is used in continuous one-dimensional problems.
With a firm understanding of the fundamentals of BO, three different ways to adapt
BO to SAPs were identified: a) use a model well suited for combinatorial problems,
b) change the covariance function, and c) use a tailored distance metric.

Chapters 4 and 5 analyzed the performance of the alternative various of Bayesian
optimization as compared to other state-of-the-art optimization algorithms for single-
and multi-objective problems, respectively. These chapters concluded with specific
recommendations on the scenarios where BO would yield time-saving gains, as well
as what was identified as the best BO method for each type of decision pattern based
on its asymptotic performance.

In the second part of the dissertation, the problem of how to extend global connec-
tivity to uncovered and under-served communities using space and aerial networks
was addressed. First, Chapter 6 provided a general overview of the current state
of connectivity, showing that among the unconnected, a large fraction lives in areas
where there is broadband connectivity (usage gap), whereas only a small fraction
lives in places with no or low-quality connectivity (coverage gap). This led to further
analysis of the barriers preventing wider adoption, concluding that the usage gap can
be attributed mainly to socio-cultural barriers (which are beyond the scope of this
thesis), whereas techno-economic obstacles mainly caused the coverage gap. Being
aware of how the complex interplay between infrastructure and affordability issues
gives rise to the coverage gap, I developed a five-step techno-economic methodology
to evaluate the technical performance and assess the economic viability of different
aerospace communications concepts which might help to expand global connectivity
to uncovered and under-served regions.

Chapters 7, 8, and 9 systematically applied this methodology to space, aerial, and
terrestrial systems, respectively. These three chapters followed a similar structure:
first, the specific technical and economic models used to assess the performance and
cost of different types of architectures were outlined; then, the models were exercised
to explore the tradespace of possible architectures and identify the best designs; fi-
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nally, main-effects analysis was conducted to identify the decisions that were major
performance and cost drivers, and sensitivity analysis was performed to identify the
model parameters that had the most influence on the results and assess the degree of
validity of the models.

Finally, the second part of this dissertation concluded by comparing the potential
impact of each concept in the context of a competitive market. This comparison was
made by conducting a study with 37 countries for which population and income data
was readily available and determining the most affordable technology for each set-
tlement under consideration. The study provided estimates for the total population
that would stand to be impacted by each of the concepts under three time-horizons:
current, next-generation (i.e., concepts in 2-5 years), and future (in 8-10 years) sce-
narios.

11.2 Executive summary of results

This section summarizes the results obtained in answering the two research questions
introduced in Chapter 1.

Research Question 1

What kind of novel space and aerial systems can complement existing infras-
tructure and contribute towards expanding global connectivity at an affordable
cost? What is the potential impact of such systems in terms of connecting
additional populations?

The analysis for satellite networks conducted in Chapter 7 identified that GEO
and MEO constellations are most cost-effective in providing connectivity to
uncovered and under-served regions. In particular, equatorial constellations of
3-10 satellites in GEO with high-capable payloads and constellations of 10-20 satellites
in MEO with moderate-capacity payloads are the preferred architectures. Reduced
costs will be achieved if higher frequency bands (Q/V and EHF) are used and with
further miniaturization and digitalization of payloads.

Regarding aerial systems, the high CapEx and OpEx costs render many of the
current proposals infeasible, including station-keeping high altitude platforms such
as blimps and UAVs. Similarly, low altitude platforms will also have a very small
impact, since their smaller coverage radii and the stringent LoS requirements, coupled
with relatively high costs (as compared to wireless backhaul-networks), limit the
ability of these systems to create networks that would extend great distances from
existing PoPs. Lighter-than-air HAP systems can be competitive in certain regions as
a result of their lower CapEx costs, although the required prices per Mbps/month for
profitability (~$50) are still higher than those obtained by satellite networks. In the
long run, the success of such systems will be greatly dependent on the development of
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technologies that would allow for some degree of station-keeping control, as otherwise,
the large number of additional platforms required just to provide continuous coverage
will offset the gains obtained from the reduced costs.

In terms of the potential impact that these systems might have, the following
results were obtained:

• Space concepts: Prices per Mbps/month of -$100 are expected to be achieved
by the next generation (i.e., 2-5 years) of constellations (including 03b mPower,
Viasat-3). At these prices, satellite networks would be affordable for up to
120 million of currently uncovered and under-served people worldwide, with
40 million of them adopting the service. However, further reductions in price
may be achievable for the future generations of satellites (8-10 years); if prices
drop below the $35/Mbps/month threshold, the number of additional people
currently uncovered and under-served for whom satellite backhaul could be af-
fordable would rise to 300 million worldwide, with 81 million adopting the ser-
vice. These price reductions will be enabled by transitioning to higher-frequency
bands (Q/V-band), and further miniaturization and integration of components.

" Aerial concepts: Aerial systems will have a limited impact on their ability to
extend connectivity to uncovered and under-served regions. Considering the 37
countries studied, balloon-based networks will be able to offer affordable cov-
erage to at most 17 million (representing 11% of the total combined uncovered
and under-served population of those countries), whereas UAV networks will
have a minimal impact, reaching at most 11 million people.

For comparative purposes, terrestrial networks were also analyzed, with the fol-
lowing results

• Terrestrial concepts: At current CapEx costs, both fiber and mm-Wave net-
works will have limited impact in providing additional coverage (7% of the
uncovered and under-served might be connected by fiber, while -17% might be
served by mm-Wave backhaul networks). Because fiber costs are fairly fixed,
equipment costs will continue to prevent a large fraction of the uncovered and
under-served population from affording fiber service in the mid-to-long term.
mm-Wave backhaul networks, on the other hand, may have a more signifi-
cant impact (further expanding coverage to 40% of the currently uncovered and
under-served) if: a) taller towers (60-80 m) can be deployed economically, and
b) further CapEx reductions can be achieved (by a factor of 5x).
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Research Question 2

In the context of System Architecture, how should Bayesian optimization be
used to conduct tradespace exploration when computationally expensive models
are required and the number of point evaluations is limited?

Bayesian optimization can be adapted to combinatorial problems (both single-
and multi-objective) by using different models (e.g., random forest, tree Parzen esti-
mator), different kernels (e.g., Mat6rn, Kendall, Mallows), and/or different distance
functions (e.g., Hamming distance, Damerau-Levenshtein distance). The appropriate
technique(s) would depend on the type of combinatorial pattern involved, as summa-
rized in Tables 11.1 and 11.2.

Finally, it should be noted that Bayesian optimization is only applicable for prob-
lems with a low-to-moderate input dimension (d < 20) and for cases where the func-
tion evaluation takes more than 5 seconds (for single-objective problems) or 30 seconds
(for multi-objective problems). Overall, the speedups attainable when compared to
traditional optimization methods range from a factor of 3 to 15.

Table 11.1: Summary of recommendations for single-objective combinatorial patterns.

Method Distance function Speedup

Assigning BO-RBF Hamming >lox
Combining BO-RBFN Hamming 4.3x
Downselecting BO-RBF Hamming 15.3x
Partitioning BO-RBF Damerau-Levenshtein 4.9x
Permuting BO-RBFN Hamming 14.lx

Table 11.2: Summary of recommendations for multi-objective combinatorial patterns.

Method Distance function Speedup

Assigning BO-RBF Hamming 8.lx
Combining BO-TREE, BO-RBF, RS Hamming 5x
Downselecting BO-RBF Hamming 6.6x
Partitioning SPEA2, GA-EAS - 2.8x
Permuting BO-RBF, BO-MT3/2 Hamming 3.2x

11.3 Thesis contributions

This thesis has made several contributions and findings that expand the current un-
derstanding of how space and aerial concepts can help expand global connectivity,
as well as learnings concerning tradespace exploration methodologies when computa-
tionally expensive functions are involved. Broadly, these contributions can be divided
into two groups: methodological and domain-specific contributions.
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11.3.1 Methodological contributions

The methodological contributions include:

* The development of an adapted Bayesian optimization formulation to
aid tradespace exploration in System Architecture problems where
computationally-expensive models are required. The work conducted in Chap-
ters 3, 4, and 5 analyzed the performance of different Bayesian optimization
techniques for decision patterns common in System Architecture problems.
Time savings were quantified in terms of the reduction in the number of func-
tion evaluations needed and the actual time required to conduct the tradespace
exploration. Overall, in single-objective problems, the method presented herein
is beneficial only when function calls take more than 5 seconds, whereas for the
multi-objective case, BO should be applied for function calls with run times
greater than 30 seconds.

In particular, for single-objective problems, the analysis concluded that Bayesian
optimization using a Gaussian process together with the RBF kernel and the
Hamming distance is the best option for the assigning, downselecting, and par-
titioning patterns, whereas a Bayesian optimization approach using an RBFN
as the surrogate model is the best option for the combining and permuting pat-
terns. In a multi-objective settings, a Gaussian process with the RBF kernel and
the Hamming distance is the best option for the assigning and downselecting,
and permuting patterns; the genetic algorithm-based methods are preferred for
the partitioning pattern; and for the combining pattern, the BO methods and
RS were superior to GA-based methods, but there was no clear winner among
them.

" The development of a techno-economic methodology to assess the po-
tential impact of space and aerial concepts in expanding connectivity to
uncovered and under-served regions. This five-step methodology, combined with
performance and cost models tailored to the different aerospace concepts, can
be applied at a global scale as long as the relevant population and income data
is available. Furthermore, the methodology provides a systematic procedure to
evaluate, analyze, and compare concepts that operate at different spatial and
temporal scales (e.g., a GEO satellite with a 15-year lifetime vs. a network of
stratospheric LTA balloons with an endurance of a few months), a problem not
addressed before within the literature.

" The development of statistical performance models for space and aerial
concepts: this dissertation has developed two types of statistical models to
evaluate the performance of space and aerial concepts. First, to evaluate the
total sellable capacity of space networks, a Monte Carlo simulation model which
takes into account the intrinsic stochastic behavior of NGSO constellations was
developed. This model generates random samples for both orbital positions
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and atmospheric attenuation and is capable of quickly evaluating system per-
formance to a high degree of accuracy, which allowed for the detailed evaluation
of novel and currently proposed satellite constellations (such as OneWeb, Tele-
sat, SpaceX, 03b mPower, or Viasat-3 systems). Second, for aerial systems, a
Gaussian random walk model was developed to evaluate the number of addi-
tional platforms required to maintain continuous coverage. These models were
then used to evaluate HAP and LAP networks, operating at different altitudes
and frequency bands.

11.3.2 Domain-specific contributions

The principal research question of this dissertation evaluated space, aerial, and ter-
restrial networks first individually as isolated systems, and then within a competitive
framework. The main contributions within this area include:

e The assessment of the potential impact of space, aerial, and terrestrial
technologies in bringing uncovered and under-served populations online through
a comparative analysis in 37 countries. With regard to the comparative
analysis, the results showed that space systems represented the concept with
the highest potential to bring uncovered and under-served populations online.

For the next generation of satellites, the countries that would benefit the most
are those with mid-income levels, mainly in South America and Southeast Asia

(e.g., Argentina, Peru, Mexico, Thailand, and Myanmar). In particular, the
analysis shows that more than 70% of the uncovered and under-served popula-
tion in those countries will be able to afford satellite-backhauled connectivity.
When considering the 37 countries, however, only 12% will be able to afford
satellite connectivity. Overall, once market adoption rates and capacity limits
are taken into account, the number of users brought online by satellite technol-
ogy may be further reduced to just 8 million users (5%).

The future generation of satellite networks (with prices per Mbps/month as low
as $30 Mbps/month) would have a greater potential, as approximately 55% of
the uncovered and under-served population of the 37 countries would be able
to afford Internet plans through space-backhauled networks. However, once
the market uptake and the limited capacity density (i.e., data rate that can be
supplied to a given area) are accounted for, the final number of new users to
the Internet would be -38 million (24%) for satellite networks, as these systems
might be unable to provide the full throughput required in some countries like
Nigeria or Ethiopia).

* The identification of most important technical decisions through anal-
yses of the characteristics of the most cost-effective architectures for space and
aerial networks. In that sense, for space systems the analysis showed that the
orbital altitude, number of satellites, and number of beams played the most
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important role; whereas, for aerial systems, the altitude, station-keeping capa-
bilities, and payload capacity were the most relevant decisions.

11.4 Future work

Several areas of future work were identified in the completion of this dissertation,
regarding both Bayesian optimization methods for System Architecture problems and
the study of the impact of space and aerial concepts to expand global connectivity.

Bayesian optimization for System Architecture problems

There are several open problems in the area of Bayesian optimization for SAPs that
are worth further study.

" Fragment architectures: The discussion presented herein has focused on
SAPs where an architecture is composed of a single decision pattern. However,
there are multiple scenarios where this is not the case, and an architecture
is composed of different fragments, each corresponding to a different decision
pattern (as was the case in [295, 2961). Thus, research must be conducted to
explore how Bayesian optimization methods can be adapted for mixed problems.
Possible approaches might include defining distance functions that incorporate
the different decision patterns, using a linear combination of kernels (each suited
to one of the decision fragments) instead of a single kernel, or developing new
models that can handle simultaneously multiple kinds of decision patterns.

• Consider additional surrogate models: In addition to Gaussian processes,
random forest, and tree-structured Parzen density estimator, graph-based mod-
els are a popular topic within the combinatorial Bayesian optimization commu-
nity. Example applications have been studied for combining patterns [218], but
their applicability to other types of decision patterns remains an open question.

" Benchmark test problems: The analysis presented here used a library of
test problems (mostly synthetic) that capture the essence of each of the decision
patterns, and allowed for variables such as the input dimensions and the degree
of interaction between input variables to be modified arbitrarily. The results
obtained, are therefore conditioned and must be interpreted within the context
of the test problems in the library. It would be desirable to have a larger
collection of real-world problems available for each of the decision patterns,
which could be used to further analyze and validate the performance of Bayesian
optimization.

" Effects of dimensionality and degree of interaction: The study presented
herein analyzed visually the effects of higher dimensionality and degree of in-
teraction for the downselecting and partitioning problems. Even though it was
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observed that the larger the dimensionality of the problem and the degree of
interaction among variables, the worse Bayesian optimization tends to perform,
the limited number and diversity of the test problems prevented us from provid-
ing clear guidelines with regard to these variables. A deeper study taking into
account a larger number of problems would allow for clear recommendations to
be prescribed, to help practitioners assess whether Bayesian optimization is the
appropriate method for the problem at hand.

Space and aerial concepts to expand global connectivity

Concerning space and aerial concepts, there are also several avenues of further research
worth exploring:

e A larger study including more countries would extend the results from
this dissertation, which focused only on a subset of 37 countries in sub-Saharan
Africa, Southeast Asia, and South America (for which data was readily avail-
able). All these countries have in common the fact that they are currently
classified as underdeveloped or developing countries with low to mid incomes;
this played an important role in the results since the low average revenues per
user attainable (between $0.50 and $4 per month) heavily conditioned the eco-
nomic viabilities of the architectures. Thus, it would be interesting to expand
the analysis to a larger group of countries, including developed nations, and
study whether the conclusions would hold. To that, the data tonnage and av-
erage data rate used to characterize the user consumption would have to be
adapted accordingly.

• Analyze the potential impact of space and aerial concepts in reducing
the usage gap: The analysis in this document has focused on studying the
impact of space and aerial concepts in reducing the coverage gap (i.e., providing
connectivity in areas where it is currently not available). However, the majority
of the offline population (72%) resides in places where broadband is currently
available (the usage gap), and thus it can be concluded that readiness, rele-
vance, and (perhaps most importantly) affordability barriers are preventing a
significant portion of the population from becoming active Internet users. Be-
yond looking to socio-political measures, a study to understand how space and
aerial concepts might benefit these communities could prove to be an important
area for future research.

Conducting this kind of analysis would require not only a techno-economic
methodology similar to the one presented in this dissertation but also market
models that include the effects of competition from existing ISPs and MNOs.
The analysis conducted in this dissertation has shown that satellites, while lim-
ited in capacity, can achieve lower monthly costs per Mbps than terrestrial
systems in low- and medium-density regions if new infrastructure has to be
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built. However, it is unclear if this result would hold in regions where exist-
ing infrastructure is already in place, and if so, what potential impact these
architectures might have in high-density areas.

• Model fidelity: Finally, this body of research and the results presented would
also benefit from increased model fidelity and reduced uncertainties with regard
to some of the parameter values. In particular, it would be interesting to develop
more advanced sizing and cost parametric models for aerial networks, since the
ones presented in this study are rather simple due to the lack of historical data.
Furthermore, the viabilities of the LEO constellations should be revisited if
larger-than-expected cost reductions are achieved through massive-scale satellite
manufacturing, if the launch costs are further reduced through rocket-reuse, or
if market uptake is significantly higher than the values assumed here.
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Appendix A

Cost of a mobile- and
fixed-broadband data plans in
different countries

Table A.1: Cost of mobile broadband (1 GB/month) and fixed broadband data plans

IS02 Name Popul. GNIpc Mobile broadband Fixed broadband
[million] [$'FY19] [$'FY19] %GNIpc [$'FY19] %GNIpc

AF Afghanistan 35.53 $550 $1.79 3.9% $52.78 115.2%
AL Albania 2.87 $4,860 $3.89 1.0% $33.17 8.2%
DZ Algeria 41.32 $4,060 $5.15 1.5% $33.51 9.9%
AO Angola 29.78 $3,370 $11.33 4.0% $82.43 29.4%
AG Antigua and 0.10 $15,810 $23.90 1.8% $177.15 13.4%

Barbuda
AR Argentina 44.27 $12,370 $7.60 0.7% $15.51 1.5%
AM Armenia 2.93 $4,230 $2.36 0.7% $46.79 13.3%
AW Aruba 0.11 $23,630 $12.70 0.6% N/A N/A
AU Australia 24.60 $53,190 $4.57 0.1% $52.77 1.2%
AT Austria 8.80 $49,260 $3.31 0.1% $50.70 1.2%
AZ Azerbaijan 9.85 $4,050 $3.04 0.9% $36.97 11.0%
BS Bahamas 0.40 $30,210 $6.89 0.3% $72.77 2.9%
BH Bahrain 1.49 $21,890 $2.75 0.2% $96.29 5.3%
BD Bangladesh 164.67 $1,750 $2.49 1.7% $36.33 24.9%
BB Barbados 0.29 $15,240 $11.11 0.9% $111.86 8.8%
BY Belarus 9.50 $5,670 $5.18 1.1% $10.46 2.2%
BE Belgium 11.38 $45,340 $11.61 0.3% $45.68 1.2%
BZ Belize 0.37 $4,720 $10.84 2.8% $58.58 14.9%
BJ Benin 11.18 $870 $5.22 7.2% $83.94 115.8%
BT Bhutan 0.81 $3,080 $1.25 0.5% N/A N/A
BO Bolivia 11.05 $3,370 $6.88 2.4% $47.83 17.0%
BA Bosnia and 3.51 $5,690 $4.93 1.0% $35.47 7.5%

Herzegovina
BW Botswana 2.29 $7,750 $12.08 1.9% $91.64 14.2%
BR Brazil 209.29 $9,140 $5.25 0.7% $48.00 6.3%

Continued on next page
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APPENDIX A. COST OF A MOBILE- AND FIXED-BROADBAND DATA PLANS IN
DIFFERENT COUNTRIES

Table A.1 Cost of mobile and fixed broadband data plans - cont. from previous page
IS02 Name Popul. GNIpc Mobile broadband Dixed broadband

[million] [$'FY19] [$'FY19] %GNIpc [$'FY19] %GNIpc
BN Brunei 0.43 $31,020 $6.34 0.2% $123.29 4.8%

Darussalam
BG Bulgaria 7.08 $8,860 $6.49 0.9% $30.27 4.1%
BF Burkina 19.19 $660 $6.11 11.1% $201.94 367.2%

Faso
BI Burundi 10.86 $280 $2.00 8.6% N/A N/A
KH Cambodia 16.01 $1,380 $1.49 1.3% $62.29 54.2%
CM Cameroon 24.05 $1,440 $3.48 2.9% $58.75 49.0%
CA Canada 36.71 $44,860 $13.16 0.4% $57.66 1.5%
CV Cape Verde 0.55 $3,450 $5.17 1.8% N/A N/A
CF Central 4.66 $480 $7.61 19.0% N/A N/A

African
Republic

TD Chad 14.90 $670 $16.50 29.6% N/A N/A
CL Chile 18.05 $14,670 $4.79 0.4% $45.50 3.7%
CN China 1386.40 $9,470 $9.89 1.3% $41.29 5.2%
CO Colombia 49.07 $6,190 $8.23 1.6% $44.81 8.7%
KM Comoros 0.81 $1,320 $9.32 8.5% $114.34 103.9%
CD Democratic 81.34 $490 $6.73 16.5% N/A N/A

Republic of
Congo

CG Congo 5.26 $1,640 $7.25 5.3% N/A N/A
CR Costa Rica 4.91 $11,510 $5.81 0.6% $73.51 7.7%
HR Croatia 4.12 $13,830 $4.59 0.4% $26.74 2.3%
CY Cyprus 1.18 $26,300 $18.67 0.9% $53.01 2.4%
CZ Czech Re- 10.59 $20,260 $7.65 0.5% $25.94 1.5%

public
DK Denmark 5.76 $60,190 $3.35 0.1% $51.11 1.0%
DJ Djibouti 0.96 $2,180 $37.92 20.9% $97.41 53.6%
DM Dominica 0.07 $7,210 $16.64 2.8% $71.43 11.9%
DO Dominican 10.77 $7,370 $7.90 1.3% $29.66 4.8%

Republic
EC Ecuador 16.62 $6,120 $10.00 2.0% $62.45 12.2%
EG Egypt 97.55 $2,800 $1.47 0.6% $13.58 5.8%
SV El Salvador 6.38 $3,820 $10.00 3.1% $39.32 12.4%
GQ Equatorial 1.27 $7,050 $50.31 8.6% N/A N/A

Guinea
EE Estonia 1.32 $20,940 $5.25 0.3% $27.63 1.6%
SZ Eswatini 1.37 $3,850 $12.14 3.8% $68.78 21.4%
ET Ethiopia 104.96 $790 $3.23 4.9% $125.19 190.2%
FJ Fiji 0.91 $5,860 $7.79 1.6% $64.49 13.2%
FI Finland 5.51 $47,750 $6.22 0.2% $52.23 1.3%
FR France 67.11 $41,080 $6.79 0.2% $31.14 0.9%
GA Gabon 2.03 $6,800 $5.86 1.0% $103.59 18.3%
GM Gambia 2.10 $700 $5.29 9.1% N/A N/A
GE Georgia 3.73 $4,130 $3.33 1.0% $18.70 5.4%
DE Germany 82.69 $47,180 $8.88 0.2% $36.68 0.9%
GH Ghana 28.83 $2,130 $3.69 2.1% N/A N/A
GR Greece 10.75 $19,600 $19.74 1.2% $58.22 3.6%
GD Grenada 0.11 $9,780 $14.11 1.7% $60.37 7.4%

Continued on next page
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Table A.1 Cost of mobile and fixed broadband data plans - cont. from previous page
IS02 Name Popul. GNIpc Mobile broadband Dixed broadband

[million] [$'FY19] [$'FY19] %GNIpc [$'FY19] %GNIpc
GT Guatemala
GN Guinea
GW Guinea-

Bissau
GY Guyana
HT Haiti
HN Honduras
HK Hong Kong
HU Hungary
IS Iceland
IN India
ID Indonesia
IR Iran
IQ Iraq
IE Ireland
IL Israel
IT Italy
CI Ivory Coast
JM Jamaica
JP Japan
JO Jordan
KZ Kazakhstan
KE Kenya
KI Kiribati
KR Korea
KW Kuwait
KG Kyrgyzstan
LA Laos
LV Latvia
LB Lebanon
LS Lesotho
LR Liberia
LY Libya
LT Lithuania
LU Luxembourg
MO Macao
MK Macedonia
MG Madagascar
MW Malawi
MY Malaysia
MV Maldives
ML Mali
MT Malta
MR Mauritania
MU Mauritius
MX Mexico
FM Micronesia
MD Moldova
MN Mongolia
ME Montenegro

16.91
12.72

1.86

0.78
10.98

9.27
7.39
9.79
0.34

1339.18
263.99

81.16
38.27

4.81
8.71

60.54
24.29

2.89
126.79

9.70
18.04
49.70

0.12
51.47

4.14
6.20
6.86
1.94
6.08
2.23
4.73
6.37
2.83
0.60
0.62
2.08

25.57
18.62
31.62

0.44
18.54

0.47
4.42
1.26

129.16
0.11
3.55
3.08
0.62

$4,410
$830
$750

$4,760
$800

$2,330
$50,310
$14,590
$67,950

$2,020
$3,840
$5,470
$5,030

$59,770
$40,850
$33,540

$1,610
$4,990

$41,340
$4,210
$7,830
$1,620
$3,140

$30,600
$33,690

$1,220
$2,460

$16,740
$7,690
$1,380

$600
$6,330

$17,350
$69,420
$78,320

$5,450
$440
$360

$10,460
$9,310

$830
$26,220
$1,190

$12,050
$9,180
$3,580
$2,990
$3,580
$8,400

$6.48
$3.34
$8.82

$7.89
$5.18

$11.94
$11.96

$6.81
$8.57
$0.73
$2.30
$1.47
$8.00
$8.14
$5.01
$2.77
$7.02
$5.90

$15.36
$3.28
$2.13
$3.16
$6.25

$14.10
$2.01
$1.67
$4.71
$7.12

$17.00
$3.62
$5.00
$8.05
$4.94

$11.45
$4.84
$2.73
$6.24
$4.86
$5.90
$7.46
$9.22

$16.23
$3.12
$5.94
$8.11

$12.87
$2.91
$6.42
$4.67

1.8%
4.8%

14.1%

2.0%
7.8%
6.1%
0.3%
0.6%
0.2%
0.4%
0.7%
0.3%
1.9%
0.2%
0.1%
0.1%
5.2%
1.4%
0.4%
0.9%
0.3%
2.3%
2.4%
0.6%
0.1%
1.6%
2.3%
0.5%
2.7%
3.1%

10.0%
1.5%
0.3%
0.2%
0.1%
0.6%

17.0%
16.2%

0.7%
1.0%

13.3%
0.7%
3.1%
0.6%
1.1%
4.3%
1.2%
2.2%
0.7%

$41.27 11.2%
N/A N/A
N/A N/A

$123.11
$207.39

$68.50
$72.68
$18.37
$76.66
$28.23
$54.85

$8.20
$51.95
$65.12
$13.02
$29.48
$73.87
$62.57
$37.15
$77.45
$16.14
$75.18

N/A
$32.29
$54.60

$108.22
$239.25

$18.68
$37.60

$108.49
N/A
N/A

$16.84
$71.15
$43.72
$29.50
$66.64

N/A
$47.92
$81.55

$160.53
$53.70

$768.16
$64.06
$33.32

$103.60
$11.28
$17.97
$33.87

31.0%
311.1%

35.3%
1.7%
1.5%
1.4%

16.8%
17.1%

1.8%
12.4%

1.3%
0.4%
1.1%

55.1%
15.0%

1.1%
22.1%

2.5%
55.7%

N/A
1.3%
1.9%

106.4%
116.7%

1.3%
5.9%

94.3%
N/A
N/A
1.2%
1.2%
0.7%
6.5%

181.7%
N/A
5.5%

10.5%
232.1%

2.5%
774.6%

6.4%
4.4%

34.7%
4.5%
6.0%
4.8%
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APPENDIX A. COST OF A MOBILE- AND FIXED-BROADBAND DATA PLANS IN
DIFFERENT COUNTRIES

Table A.1 Cost of mobile and fixed broadband data plans - cont. from previous page
IS02 Name Popul. GNIpc Mobile broadband Dixed broadband

[million] [$'FY19] [$'FY19] %GNIpc [$'FY19] %GNIpc
MA Morocco 35.74 $3 0.8
MZ
MM
NA
NR
NP
NL
NZ

NI
NE
NG
NO
OM
PK
PW
PS
PA
PG

Mozambique
Myanmar
Namibia
Nauru
Nepal
Netherlands
New
Zealand
Nicaragua
Niger
Nigeria
Norway
Oman
Pakistan
Palau
Palestine
Panama
Papua New
Guinea

PY Paraguay
PE Peru
PH Philippines
PL Poland
PT Portugal
PR Puerto Rico
QA Qatar
RO Romania
RU Russia
RW Rwanda
KN Saint Kitts

and Nevis
LC Saint Lucia
WS Samoa
ST Sao Tome

and
Principe

SA Saudi Ara-
bia

SN Senegal
RS Serbia
SC Seychelles
SL Sierra Leone
SG Singapore
SK Slovakia
SI Slovenia
SB Solomon Is-

lands
ZA South

Africa

29.67
53.37

2.53
0.01

29.30
17.13

4.79

6.22
21.48

190.89
5.28
4.64

197.02
0.02
4.68
4.10
8.25

6.81
32.17

104.92
37.97
10.30

3.33
2.64

19.58
144.50

12.21
0.06

0.18
0.20
0.20

$440
$1,310
$5,250

$11,240
$960

$51,260
$40,820

$2,030
$380

$1,960
$80,790
$15,110

$1,580
$16,910

$3,710
$14,370

$2,530

$5,680
$6,530
$3,830

$14,150
$21,680
$21,100
$61,190
$11,290
$10,230

$780
$18,640

$9,460
$4,190
$1,890

32.94 $21,540

15.85
7.02
0.10
7.56
5.61
5.44
2.07
0.61

56.72

$1,410
$6,390

$15,600
$500

$58,770
$18,330
$24,840

$2,000

$5,750

$2.52
$0.66

$11.02
$28.13

$2.25
$10.97
$11.54

$9.20
$3.20
$2.74
$14.53
$13.44

$1.79
$8.34
$2.06
$7.78

$15.60

$8.06
$5.04
$5.62
$2.05

$12.02
$14.93
$4.62
$3.80
$1.53
$2.80

$15.05

$9.78
$19.65

$5.33

$6.08

$3.48
$4.33

$19.55
$9.31
$4.93
$6.10
$5.26

$15.48

$7.83

6.9%
0.6%
2.5%
3.0%
2.8%
0.3%
0.3%

5.4%
10.1%

1.7%
0.2%
1.1%
1.4%
0.6%
0.7%
0.6%
7.4%

1.7%
0.9%
1.8%
0.2%
0.7%
0.8%
0.1%
0.4%
0.2%
4.3%
1.0%

1.2%
5.6%
3.4%

0.3%

3.0%
0.8%
1.5%

22.3%
0.1%
0.4%
0.3%
9.3%

1.6%

$69.11 188.5%
$37.56 34.4%

$383.83 87.7%
N/A N/A

$16.47 20.6%
$59.23 1.4%
$58.77 1.7%

$63.84
$118.80

$84.16
$73.92

$150.63
$24.87

N/A
$31.79

$108.38
$571.67

$210.83
$45.94
$53.14
$18.27
$61.15
$63.45

$140.58
$14.42

$9.77
N/A

$74.71

$71.02
N/A
N/A

$95.72

N/A
$19.24

$122.63
$135.62

$50.43
$21.62
$31.72

N/A

$55.25

37.7%
375.2%

51.5%
1.1%

12.0%
18.9%

N/A
10.3%
9.1%

271.1%

44.5%
8.4%

16.6%
1.5%
3.4%
3.6%
2.8%
1.5%
1.1%
N/A
4.8%

9.0%
N/A
N/A

5.3%

N/A
3.6%
9.4%

325.5%
1.0%
1.4%
1.5%
N/A

11.5%
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Table A.1 Cost of mobile and fixed broadband data plans - cont. from previous page
IS02 Name Popul. GNIpc Mobile broadband Dixed broadband

[million] [$'FY19] [$'FY19] %GNIpc [$'FY19] %GNIpc
SS South Su- 12.58 $460 $5.53 14.4% N/A N/A

dan
ES Spain
LK Sri Lanka
VC St. Vincent
SD Sudan
SR Suriname
SE Sweden
CH Switzerland
TJ Tajikistan
TZ Tanzania
TH Thailand
TL Timor-Leste
TG Togo
TO Tonga
TT Trinidad

and Tobago
TN Tunisia
TR Turkey
TM Turkmenistan
TV Tuvalu
UG Uganda
UA Ukraine
AE United Arab

Emirates
GB United

Kingdom
US USA
UY Uruguay
UZ Uzbekistan
VU
VN
YE
ZM
Zw

Vanuatu
Vietnam
Yemen
Zambia
Zimbabwe

46.59
21.44

0.11
40.53

0.56
10.06
8.45
8.92

57.31
69.04

1.30
7.80
0.11
1.37

11.53
80.75

5.76
0.01

42.86
44.83

9.40

$29,450
$4,060
$7,940
$1,560
$4,990

$55,040
$83,580

$1,010
$1,020
$6,610
$1,820

$650
$4,300

$16,240

$3,500
$10,380

$6,740
$5,430

$620
$2,660

$41,010

66.02 $41,340

325.15
3.46

32.39
0.28

95.54
28.25
17.09
16.53

$62,850
$15,650

$2,020
$2,970
$2,400

$960
$1,430
$1,790

241

$5.95
$0.78

$11.09
$0.68

$16.52
$6.22

$21.56
$3.68
$4.37
$6.01
$5.29
$9.80

$25.52
$29.23

$2.87
$3.95

$17.76
$14.37

$4.36
$2.70

$15.96

$9.65

$18.46
$3.93
$3.27
$6.88
$2.15

$15.73
$4.20

$19.40

0.2%
0.2%
1.7%
0.5%
4.0%
0.1%
0.3%
4.4%
5.1%
1.1%
3.5%

18.1%
7.1%
2.2%

1.0%
0.5%
3.2%
3.2%
8.4%
1.2%
0.5%

0.3%

0.4%
0.3%
1.9%
2.8%
1.1%

19.7%
3.5%

13.0%

$42.38
$5.65
N/A

$35.86
N/A

$55.99
$80.00
$29.16

$181.80
$25.58

N/A
N/A
N/A

$60.77

$24.28
$15.96
$76.15

N/A
N/A

$5.00
$157.10

$39.58

$67.69
$46.50
$21.26

$138.54
$69.63
$22.17

N/A
$128.71

1.7%
1.7%
N/A

27.6%
N/A
1.2%
1.1%

34.6%
213.9%

4.6%
N/A
N/A
N/A
4.5%

8.3%
1.8%

13.6%
N/A
N/A
2.3%
4.6%

1.1%

1.3%
3.6%

12.6%
56.0%
34.8%
27.7%

N/A
86.3%
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AppendixB

Summary of results for experiments
using Bayesian Optimization in
single- and multi-objective problems

This section presents tables with numerical values of the results of the experiments
to assess the feasibility of Bayesian optimization as a method to conduct tradespace
exploration for single- and multi-objective problems. For each problem and optimiza-
tion method, the minimum function value attained (or maximum hypervolume for
multi-objective problems), the median value across the (med.), the standard devia-
tion (std.) across all 20 runs are reported, as well as the relative error between the
median value and the optimal (Aopt.) value:

Aopt. = med. - opt. -100 [%] (B.1)
opt.

B.1 Single-objective problems
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Table B.1: Summary of results for the single-objective combining problem.

RS SMAC HyperOpt BOCS GA-EAS GA-p + A GA-p, A BO-TREE BO-TREE-RT BO-ARBF BO-RBF BO-MT 5/2 BO-MT 3/2 BO-RBFNProblem Metric

min. -16.2 -16.2 -16.2 -16.2 -16.2 -16.2 -16.1 -16.2 -16.2 -16.2 -16.2 -16.2 -10.2 -16.2med. -15.4 -15.6 -16.1 -15.5 -14.9 -14.7 -14.5 -15.5 -15.6 -15.8 -15.1 -15;4
1.00 1.10 00

-110.5
0.$00

-14.8
100

SNW-area

I,C 1

CI)

,z)

Cn
. 0

C L, CLI
,! 0

std. 0.700 0.500 0.700 0.800 1.20 1.00 1.40 0.400 0.600 1.00 1.10 0.900.0 1.0Aopt. [] 4.90 3.70 0.600 4.30 8.00 9.30 10.5 4.30 3.70 2.50 6.80 4.90 4 0 8.60min. -14.7 -14.7 -14.7 -14.7 -14.7 -14.7 -14.7 -14.7 -14.7 -14.7 -14.7 -14. -14.7 -14.7SNW thorughput med. -12.6 -13.1 -13.2 -14.7 -11.8 -11.5 -11.4 -13.4 -13.2 -12.3 -13.7 -13.1 -12.9 -13.7std. 1.20 0.900 1.20 0.000 1.20 1.30 1.50 1.40 1.10 1.20 1.00 1.40 1.60 1.00Aopt. [%] 14.3 10.9 10.2 0.000 19.7 21.8 22.4 8.80 10.2 16.3 6.80 10.9 1 .2 6.80min. -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.97 -9.-97med. -9.86 -9.97 -9.97 -9.97 -9.84 -9.80 -9.82 -9.97 -9.97 -9.97 -9.97 -9.97 -9,.97 -9.97
NoC-energy std. 0.070 0.070 0.050 0.050 0.230 0.420 0.290 0.000 0.000 0.000 0.000 0.160 0. 60 0.290Aopt. [%] 1.10 0.000 0.000 0.000 1.30 1.70 1.50 0.000 0.000 0.000 0.000 0.000 0.000 0.000min. -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.112 -5.12NoC-runtime med. -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5.12 -5m12 -5.12std. 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.400 0.000dopt. [%] 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.(00 0.000min. -269 -269 -270 -270 -270 -269 -269 -270 -270 -270 -270 -27 -270 -270SW-SW-LLVM-perf med. -267 -267 -267 -270 -268 -262 -259 -268 -267 -270 -270 -269 -269 -270std. 2.70 2.50 4.30 1.00 5.40 5.90 6.10 1.10 1.90 1.20 0.800 3.00 3.60 0.800Aopt. [%] 1.20 1.20 1.10 0.000 0.700 3.10 3.90 0.700 1.10 0.000 0.000 0.300 0.300 0.000min. -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0SW-SW-LLVM-mem med. -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -29.0 -2R.0 -29.0std. 0.000 0.000 0.000 0.000 0.200 0.000 0.300 0.000 0.000 0.200 0.000 0.000 0.000 0.000Aopt. [%] 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000min. -222000 -232000 -223000 -222000 -232000 -222000 -222000 -222000 -232000 -232000 -232000 -232000 -232000 -232000med. -214000 -217500 -216000 -219000 -215000 -205500 -199500 -219000 -219000 -217500 -219000 -220000 -220000 -220000
rs-6d-c3-thr std. 7687 5132 12110 4260 43365 47711 41180 2765 29682 42985 40661 38658 33420 32530Aopt. [%] 7.80 6.20 6.90 5.60 7.30 11.4 14.0 5.60 5.60 6.20 5.60 5.20 5.20 5.20min. -34733 -34733 -33989 -32738 -34733 -34733 -34733 -34733 -34733 -34733 -34733 -34733 -34733 -34733rs-6d-c3-lat med. -30856 -32430 -30843 -32507 -31396 -27074 -21488 -33486 -32773 -32773 -32658 -32658 -33147 -33486std. 2730 1988 3019 895 11547 11298 11397 1558 5045 5290 8237 9071 3927 7211Aopt. [%] 11.2 6.60 11.2 6.40 9.60 22.1 38.1 3.60 5.60 5.60 6.00 6.00 4 60 3.60min. -114000 -115000 -115000 -115000 -115000 -104000 -113000 -115000 -115000 -115000 -115000 -115000 -115000 -115000sol-6d-c2 0 med. -81163 -98084 -99278 -107000 -76306 -68430 -69996 -114000 -111500 -112000 -114000 -108500 -114500 -115000- std. 13094 14729 15393 21257 19809 20066 19844 3554 13527 19040 6008 17628 11970 15889Aopt. [%] 29.4 14.7 13.7 7.00 33.6 40.5 39.1 0.900 3.00 2.60 0.900 5.70 0.400 0.000min. -40328 N/A -36025 -34303 -40328 -40328 -34395 N/A N/A N/A N/A N/A N/A N/Asol-6d-c2-1 med. -29394 N/A -26865 -25933 -30406 -22172 -14833 N/A N/A N/A N/A N/A N/A N/A

- std. 6379 N/A 4424 7947 9253 10393 8958 N/A N/A N/A N/A N/A N/A N/AAopt. [%] N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/Amin. -63734 -63734 -63734 -63113 -63734 -63734 -63734 -63734 -63734 -63734 -63734 -63734 -63734 -63734med. -61058 -63424 -63113 -46272 -60713 -37968 -37968 -63734 -63734 -63734 -63734 -63734 -63734 -63734
wc+sol-3d-c4-thr std. 8815 4786 7675 5147 12894 12360 14249 3220 3225 0.000 0.000 0.000 0.000 0.000Aopt. [%] 4.20 0.500 1.00 27.4 4.70 40.4 40.4 0.000 0.000 0.000 0.000 0.000 0.000 0.000min. -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904 -93904med. -85576 -93904 -90593 -93904 -84021 -75359 -77432 -93904 -93904 -93904 -93904 -93904 -93904 -93904
wc+sol-3d-c4-Iat std. 4015 4148 4565 17816 29862 30558 33217 0.000 4413 3682 3311 3652 4283 0.000Aopt. [%] 8.90 0.000 3.50 0.000 10.5 19.7 17.5 0.000 0.000 0.000 0.000 0.000 0.000 0.000min. -20536 -20591 -20536 -20415 -20591 -20534 -20534 -20591 -20591 -20591 -20591 -20591 -20591 -20591wc-5d-c5-thr med. -19080 -19322 -20084 -18972 -18646 -16726 -16825 -18972 -18972 -20536 -18972 -20564 -20543 -19753std. 1112 832 1159 449 2051 1788 1696 773 912 800 1136 940 941 1345Aopt. [%] 7.30 6.20 2.50 7.90 9.40 18.8 18.3 7.90 7.90 0.300 7.90 0.100 0.R00 4.10min. -405 -405 -405 -405 -405 -401 -390 -405 -405 -405 -405 -405 -405 -405wc-5d-c5-lat med. -380 -405 -385 -405 -384 -375 -355 -405 -405 -405 -405 -385 -388 -405std. 9.20 9.30 11.4 1.90 55.4 57.1 62.8 1.40 28.2 6.20 0.800 10.2 10.9 27.6Aopt. [%] 6.10 0.000 5.00 0.000 5.10 7.40 12.4 0.000 0.000 0.000 0.000 5.00 4.10 0.000min. -23075 -22887 -23075 -22124 -23075 -22799 -23075 -23075 -23075 -23075 -23075 -23075 -23075 -23075wc-c1-3d-c1-thr med. -22119 -22213 -22255 -20391 -22213 -21504 -21677 -22887 -21784 -22799 -22981 -23075 -22*81 -22323std. 624 484 620 810 795 861 990 362 759 689 588 566 662 812Aopt. [%] 4.10 3.70 3.60 11.6 3.70 6.80 6.10 0.800 5.60 1.20 0.400 0.000 0.400 3.30min. -9421 -9421 -9421 -9421 -9421 -9421 -8358 -9421 -9421 -9421 -9421 -9421 -9421 -9421wc-c1-3d-c1-lat med. -7769 -7754 -7825 -9421 -952 -951 -852 -9421 -8029 -8112 -8126 -8194 -8358 -9260std. 2677 2677 2630 297 3748 3470 3322 325 3338 3491 4105 3643 3659 4090Aopt. [%] 17.5 17.7 16.9 0.000 89.9 89.9 91.0 0.000 14.8 13.9 13.7 13.0 11.3 1.70min. -11930 -11930 -11930 -10985 -11224 -11048 -11014 -11930 -11224 -11930 -11930 -11930 -11930 -11930wc-c3-3d-c1-thr med. -10884 -11076 -11030 -10818 -10847 -10612 -10589 -11047 -10934 -11074 -11160 -11107 -11107 -11141std. 376 349 345 108 378 277 256 405 234 451 382 278 329 322Aopt. [%] 8.80 7.20 7.50 9.30 9.10 11.0 11.2 7.40 8.30 7.20 6.50 6.90 6,90 6.60min. -53482 -57645 -55522 -53482 -55522 -55522 -53482 -57645 -57645 -57645 -57645 -57645 -57645 -57645wc-c3-3d-c1-lat med. -47772 -52823 -50570 -52823 -48962 -46120 -40744 -54559 -52776 -53596 -55522 -53596 -53596 -55522std. 6675 2954 2861 3974 20689 19737 17534 1982 14052 16430 23031 20829 20111 23020Aopt. [%] 17.1 8.40 12.3 8.40 15.1 20.0 29.3 5.40 8.40 7.00 3.70 7.00 7.00 3.70



Table B.2: Summary of results for the single-objective downselecting problem.

RS SMAC BOCS HyperOpt GA-EAS GA-1 i +,\ GA-Li, ,X BO-TREE BO-ARBF BO-RBF BO-MT 5/2 BO-MT 3/2 BO-RBFN
Problem Metric

0.332 0.332 0.332
0.389 0.398 0.332
0.036 0.030 0.000
17.2 19.9 0.000 ______________________________________________

0.356 0.356 0.356
0.387 0.408 0.368
0.023 0.032 0.011

mm. 0.356 0.332 0.332 0.332
med. 0.390 0.332 0.332 0.366

NK(N=10, K=1) std. 0.020 0.023 0.000 0.024
~opt. [%J 17.5 0.000 0.000 10.2

mm. 0.356 0.356 0.356 0.368
med. 0.396 0.368 0.356 0.387

NK(N~10, K=2) std. 0.021 0.016 0.006 0.021
8.70 14.6 3.40

0.332
0.344
0.020
3.60

0.356
0.380

0.029
~opt. [%J 11.2 3.40 0.000 8.70

0.332
0.332
0.000
0.000

0.356
0.356
0.010

6.70

0.332
0.332
0.000
0.000
0.356
0.356
0.014

0.000

0.332
0.363
0.032
9.30

0.356
0.391
0.019

0.000

0.332
0.356
0.035
7.20

0.356
0.395
0.022

9.80

0.332
0.332
0.000
0.000
0.356
0.356
0.000

11.0 0.000
min. 0.242 0.242 0.277 0.242

NK(N=10 K=5) med. 0.280 0.279 0.281 0.281
std. 0.024 0.018 0.012 0.027

Aopt. [%] 15.7 15.3 16.1 16.1
min. 0.278 0.266 0.266 0.278

NK(N=15 K=1) med. 0.311 0.291 0.266 0.304
std. 0.015 0.016 0.002 0.018

Aopt. [%] 17.0 9.40 0.000 14.3
min. 0.261 0.256 0.225 0.255

NK(N=15 K=2) med. 0.305 0.290 0.255 0.298
std. 0.022 0.019 0.023 0.020

Aopt. [%] 35.4 28.7 13.2 32.3
min. 0.277 0.219 0.272 0.272

NK(N=15 K=5) med. 0.344 0.315 0.319 0.316
std. 0.027 0.028 0.017 0.026

Aopt. [%] 57.4 44.1 45.9 44.5
min. 0.318 0.314 0.284 0.305

NK(N=20 K=1) med. 0.368 0.336 0.284 0.347
std. 0.021 0.020 0.006 0.022

Aopt. [%1 25.4 14.5 -3.20 18.3
min. 0.299 0.276 0.247 0.261

NK(N=20 K=2\ med. 0.364 0.329 0.265 0.338
std. 0.027 0.025 0.024 0.030

Aopt. [%] 31.1 18.5 -4.50 21.7
min. 0.278 0.245 0.218 0.246

NKN=20 K=5) med. 0.340 0.319 0.313 0.332
std. 0.030 0.029 0.035 0.039

Aopt. [%] 44.3 35.4 32.9 40.9
min. 0.300 0.264 0.241 0.279

NK(N=25 K=1 med. 0.349 0.314 0.256 0.317
std. 0.024 0.022 0.009 0.019

Aopt. [%] 29.3 16.3 -5.20 17.4
min. 0.311 0.286 0.273 0.295

NK(N=25, K=2) med. 0.366 0.333 0.295 0.328
std. 0.019 0.019 0.020 0.018

Aopt. [%1 27.9 16.4 3.10 14.6
min. 0.309 0.306 0.306 0.278

NK(N=25 K=5) med. 0.359 0.329 0.342 0.325
std. 0.020 0.022 0.022 0.028

Aopt. [%] 34.4 23.1 28.0 21.6

0.242
0.279

0.018
15.3

0.267
0.292

0.018
9.80

0.225
0.296
0.025
31.4

0.219
0.331
0.035
51.4

0.291
0.330
0.019

12.5
0.267
0.325
0.029

17.1
0.269
0.331
0.036
40.5

0.255
0.301
0.024

11.5
0.289
0.325
0.020
13.6

0.277
0.351
0.030
31.4

0.242 0.242
0.308 0.311
0.028 0.027
27.3 28.5

0.266 0.281
0.304 0.313
0.021 0.019
14.3 17.7

0.225 0.273
0.310 0.323
0.028 0.022
37.6 43.4

0.272 0.264
0.342 0.346
0.034 0.048
56.4 58.3

0.320 0.326
0.359 0.369
0.019 0.023
22.4 25.8

0.326 0.315
0.372 0.378
0.029 0.025
34.0 36.2

0.286 0.278
0.358 0.358
0.034 0.033
52.0 52.0

0.292 0.282
0.339 0.339
0.034 0.036
25.6 25.6

0.308 0.284
0.360 0.360
0.026 0.034
25.8 25.8

0.277 0.277
0.359 0.372
0.042 0.046
34.4 39.2

0.242
0.277
0.011

14.5
0.266
0.276
0.013
3.80

0.225
0.256
0.024

13.6
0.2 19
0.299
0.029
36.8

0.288
0.326
0.026
11.1

0.255
0.303
0.025
9.10

0.201
0.299
0.036
26.9

0.260
0.294
0.019
8.90

0.270
0.311
0.023
8.70

0.288
0.344
0.026
28.7

0.242
0.269
0.014
11.2

0.266
0.266
0.011
0.000

0.225
0.280
0.023
24.3

0.219
0.296
0.028
35.4

0.284
0.311

0.021
6.00

0.255
0.273
0.023
-1.70

0.247
0.292

0.035
24.0

0.241
0.262
0.022
-2.90

0.262
0.285

0.020
-0.400
0.230
0.311

0.036
16.4

0.242
0.277
0.014
14.5

0.266
0.266
0.006
0.000

0.225
0.248
0.025

10.1
0.219
0.296
0.034
35.4

0.284
0.288

0.013
-1.80

0.247
0.247
0.019
-11.0

0.201
0.269
0.046

14.2
0.241
0.242
0.008
-10.3

0.258
0.270
0.007
-5.60

0.219
0.278
0.033
4.00

0.242
0.277
0.016

14.5
0.276
0.299
0.021

12.4
0.225
0.298
0.034
32.3

0.260
0.320
0.035
46.4

0.290
0.383
0.029
30.5

0.306
0.376
0.027
35.4

0.247
0.332
0.034
40.9

0.300
0.345
0.035
27.8

0.295
0.363
0.036
26.9

0.276
0.360
0.042
34.7

0.242
0.277
0.027
14.5

0.272
0.305
0.023
14.7

0.225
0.285
0.030
26.5

0.260
0,316
0.034
44.5

0.290
0.374
0.026
27.5

0.306
0.375
0.026
35.1

0.247
0.329
0.034
39.7

0.297
0.347
0.034
28.6

0.311
0.367
0.025
28.3

0.276
0.368
0.043
37.7

0.242
0.257
0.016
6.20

0.266
0.266
0.012
0.000
0.225
0.248
0.020

10.1
0.219
0.313
0.040
43.2

0.284
0.312
0.016
6.30

0.247
0.255
0.015
-8.20

0.201
0.308
0.047
30.8

0.241
0.254
0.007
-5.90

0.259
0.269
0.008
-6.00

0.228
0.273
0.034
2.20

L

0n



Table B.3: Summary of results for the single-objective assigning problem.

I-z0

CjL

RS SMAC HyperOpt GA-EAS GA-p + A GA-y, A BO-TREE BO-TREE-FT BO-ARBF BO-RBF BO-MT 5/2 BO-MT 3/2 BO-RBFN
Problem Metric

min. 256 245 249 244 258 256 251 247 240 240 250 N/A 240GAP(par515-1) med. 267 251 257 252 264 267 253 252 240 240 257 N/A 242std. 4.70 3.10 3.20 4.40 5.70 7.20 2.80 3.00 0.000 0.000 6.20 N/A 3.10Lopt. 1%] 11.5 4.60 7.30 5.00 10.2 11.5 5.60 5.20 0.000 0.000 7.30 N/A 0.800min. 272 253 263 252 262 267 254 256 251 251 259 N/A 251GAP par515-4 med. 277 263 270 261 277 280 262 261 251 251 268 N/A 255std. 2.90 4.20 4.00 5.80 6.80 7.10 4.50 2.60 0.000 0.000 7.80 N/A 3.30Aopt. [%] 10.6 4.80 7.80 4.00 10.6 11.8 4.40 4.00 0.000 0.000 6.80 N/A 1.60min. 292 256 277 259 282 283 268 265 248 248 275 N/A 248GAP(par520-2) med. 306 280 290 273 302 303 282 280 248 248 295 N/A 255std. 6.90 10.1 9.40 7.50 11.4 12.3 7.20 9.20 2.40 0.000 11.2 N/A 7.80Aopt. [%] 23.6 12.9 16.9 10.1 22.0 22.2 13.7 13.1 0.000 0.000 19.2 N/A 2.80min. 418 402 402 387 403 390 401 397 372 372 402 N/A 379GAP(par824-3 med. 429 412 414 398 419 426 413 411 372 372 417 N/A 391std. 4.20 4.70 5.70 7.30 9.00 11.4 4.70 5.40 0.200 0.000 9.40 N/A 7.00Aopt. [%] 15.3 10.9 11.3 7.00 12.8 14.5 11.2 10.5 0.000 0.000 12.2 N/A 5.10min. 0.279 0.182 0.196 0.144 0.202 0.202 0.195 0.158 0.137 0.137 0.234 N/A 0.137NK(N=15 K=1 L=4) med. 0.339 0.230 0.272 0.241 0.330 0.321 0.231 0.232 0.175 0.151 0.311 N/A 0.149std. 0.028 0.027 0.036 0.054 0.052 0.039 0.021 0.038 0.035 0.019 0.034 N/A 0.017Aopt. [%] 50.9 2.40 21.1 7.30 46.9 42.9 2.90 3.30 -22.1 -32.8 38.5 N/A -33.7min. 0.250 0.170 0.228 0.193 0.240 0.247 0.211 0.151 0.154 0.150 0.204 N/A 0.143NK(N=15 K=2 L=4) med. 0.317 0.250 0.285 0.265 0.306 0.322 0.256 0.255 0.216 0.165 0.286 N/A 0.186std. 0.022 0.029 0.021 0.040 0.034 0.037 0.025 0.040 0.037 0.015 0.045 N/A 0.030Aopt. [%] 44.0 13.6 29.5 20.4 39.0 46.3 16.3 15.9 -1.90 -25.0 29.9 N/A -15.5min. 0.246 0.186 0.224 0.231 0.242 0.280 0.227 0.203 0.170 0.160 0.177 N/A 0.159NK(N=15 K=4 L=4) med. 0.316 0.259 0.282 0.276 0.309 0.327 0.283 0.282 0.241 0.214 0.277 N/A 0.209std. 0.028 0.038 0.023 0.026 0.031 0.031 0.032 0.032 0.035 0.026 0.041 N/A 0.043Aopt. [%] 63.8 34.2 46.2 43.0 60.2 69.5 46.7 46.2 24.9 10.9 43.6 N/A 8.30min. 0.212 0.104 0.144 0.141 0.204 0.149 0.133 0.154 0.108 0.104 0.133 N/A 0.104NK(N=15 K=1 L=5) med. 0.259 0.178 0.200 0.217 0.269 0.266 0.172 0.183 0.133 0.108 0.222 N/A 0.117std. 0.027 0.031 0.034 0.045 0.047 0.053 0.026 0.024 0.027 0.004 0.050 N/A 0.020Aopt. [%] 95.7 34.5 51.1 64.0 103 101 30.0 38.3 0.500 -18.4 67.7 N/A -11.6min. 0.183 0.146 0.168 0.128 0.162 0.162 0.137 0.118 0.106 0.118 0.156 N/A 0.106NK(N=15 K=2 L=5) med. 0.275 0.204 0.232 0.240 0.267 0.278 0.204 0.207 0.161 0.150 0.214 N/A 0.147std. 0.031 0.036 0.035 0.041 0.058 0.052 0.042 0.033 0.039 0.021 0.042 N/A 0.027Lopt. [%] 112 57.5 79.1 85.3 106 114 57.5 59.8 24.3 15.8 65.2 N/A 13.5min. 0.211 0.158 0.166 0.177 0.214 0.214 0.194 0.190 0.162 0.110 0.130 N/A 0.199NK(N=15 K=5 L=5) med. 0.265 0.255 0.258 0.257 0.274 0.286 0.244 0.241 0.211 0.202 0.209 N/A 0.253std. 0.025 0.039 0.032 0.038 0.035 0.037 0.029 0.021 0.031 0.040 0.043 N/A 0.023Zopt. [%] 79.9 73.1 75.2 74.5 86.0 94.2 65.7 63.6 43.3 37.1 41.9 N/A 71.8



Table B.4: Summary of results for the single-objective partitioning problem.

RS SMAC HyperOpt GA-EAS GA-Si +,\ GA-N, ~ BO-TREE BO-TREE-FT BO-RBF BO-ARBF BO-MT 5/2 BO-MT 3/2 BO-RBFN
Problem Metric

mm. -1.26 -1.26 -1.26
med -1.26 -1.26 -1.26

PAR(N=7, K=1) std. 0.080 0.000 0.000
~opt. [%J 0.000 0.000 0.000

mm. -2.29 -2.29 -2.29
med. -2.29 -2.29 -2.22

PAR(N=7, K=1) std. 0.020 0.020 0.030

-1.26
-1.26
0.2 10
0.000
-2.29
-2.29
0.180

~opt. II 0.000 0.000 3.10

-1.26 -1.26
-0.900 -0.900
0.210 0.280
28.6 28.6

-2.29 -2.29
-2.29 -2.29
0.160 0.240

0.000

-1.26
-1.26
0.000
0.000
-2.29
-2.29
0.000

0.000 0.000

-1.26
-1.26
0.000
0.000
-2.29
-2.29
0.000

0.000

-1.26
-1.26
0.000
0.000
-2.29
-2.29
0.020

0.000

-1.26
-1.26
0.000
0.000
-2.29
-2.29
0.020

0.000

-1.26
-1.26
0.110
0.000
-2.29
-2.29
0.020

0.000

-1.26
-1.26
0.080
0.000
-2.29
-2.29
0.020

0.000
min. -1.70 -2.17 -2.17

PAR(N=10, K=1 med. -1.67 -2.17 -2.17
std. 0.034 0.000 0.264

aopt. [%] 2.00 -27.4 -27.4
min. -2.39 -2.51 -2.51

PAR(N=10 K=2 med. -1.74 -2.08 -2.08
std. 0.249 0.216 0.300

Aopt. [%] 27.2 12.9 12.9
min. -3.71 -4.42 -4.42

PARN=10, K=4) med. -2.83 -3.98 -3.53
std. 0.278 0.170 0.385

aopt. [%] 29.5 0.800 12.0
min. -3.83 -6.51 -5.47

PAR(N=15, K=2) med. -3.24 -4.87 -4.09
std. 0.233 0.650 0.525

Aopt. [%] 38.9 8.20 22.9
min. -4.18 -6.96 -6.09

PAR(N=15, K=4) med. -3.31 -5.95 -4.49
std. 0.357 0.703 0.571

aopt. [%] 38.8 -10.1 16.8

-1.70
-1.70
0.162
0.000
-2.39
-1.92
0.343
19.8

-3.75
-3.30
0.260
17.8

-6.23
-4.64
0.683
12.6

-6.70
-5.04
0.786
6.70

-1.70 -1.70
-1.70 -1.67

0.329 0.352
0.000 2.00
-2.39 -2.06
-1.20 -1.31

0.406 0.323
49.7 45.0

-4.01 -4.01
-2.92 -2.66

0.433 0.557
27.2 33.7

-4.20 -4.49
-3.20 -3.09

0.571 0.514
39.7 41.7

-6.00 -4.29
-3.91 -2.99

0.884 0.799
27.6 44.6

-1.70
-1.70

0.000
0.000
-2.39
-2.08
0.220

13.0
-4.01
-3.23

0.430
19.5

-4.83
-3.94

0.479
25.7

-6.68
-4.82

0.836
10.7

-1.70
-1.70

0.000
0.000
-2.39
-2.08
0.166
12.9

-4.01
-3.62

0.345
9.90

-5.48
-4.30

0.585
18.9

-6.56
-5.03

0.693
6.90

-1.70
-1.70
0.027
0.000
-2.39
-2.08
0.248
12.9

-4.01
-3.73
0.288
7.10

-6.69
-5.92
0.560
-11.7
-8.24
-6.64
1.04
-23.0

-1.70
-1.70

0.024
0.000
-2.39
-2.08
0.274

12.9
-4.01
-3.44

0.423
14.4

-6.23
-4.89

0.777
7.70

-7.72
-5.65
1.12
-4.60

-1.70
-1.70

0.298
0.000
-2.39
-1.81

0.383
24.1

-4.01
-2.97

0.399
26.0

-5.84
-4.52

0.785
14.8

-6.54
-4.71

0.746
12.8

-1.70
-1.70

0.152
0.000
-2.39
-1.74

0.405
27.2

-4.01
-3.08

0.322
23.3

-6.07
-4.55

0.777
14.2

-5.93
-4.09

0.619
24.2

-1.70
-1.70

0.000
0.000
-2.39
-2.39

0.148
0.000
-4.01
-4.01

0.258
0.000
-6.69
-5.92
0.407
-11.7
-8.24
-6.92

0.893
-28.2

0

0T



Table B.5: Summary of results for the single-objective permuting problem.

UO

Cn

UJ

Cn

UO

CI

RS GA-EAS GA-p + A GA-y, A BO-TREE BO-TREE-RT BO-RBF BO-ARBF BO-MT 5/2 BO-MT 3/2 BO-RBFNProblem Metric

min. 4.00 0.000 4.00 2.00 0.000 3.00 0.000 0.000 0.000 0.000 0.000med. 5.00 2.00 5.00 5.00 2.50 4.00 0.000 0.000 0.000 0.000 0.000UNI(10) std. 0.750 1.37 0.940 1.51 1.07 0.700 0.000 0.000 0.000 0.000 0.000Aopt. [%] N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/Amin. 9.00 2.00 5.00 8.00 7.00 7.00 0.000 0.000 N/A N/A 0.000med. 10.0 5.50 10.0 9.50 9.00 9.00 0.000 0.000 N/A N/A 0.000UNI(15) std. 0.560 2.09 1.35 1.11 0.640 0.840 0.000 0.000 N/A N/A 0.000Aopt. [%] N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/Amin. 14.0 8.00 13.0 13.0 12.0 12.0 0.000 0.000 N/A 0.000 0.000med. 15.0 11.0 15.0 15.0 14.0 15.0 0.000 0.000 N/A 0.000 0.000UNI(20) std. 0.700 1.61 1.20 1.10 0.900 0.700 0.000 2.29 N/A 0.000 4.41Aopt. [%J N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/Amin. 23.0 17.0 22.0 23.0 22.0 21.0 0.000 0.000 N/A N/A 11.0
UNI(30) med. 25.0 20.0 25.0 26.0 24.0 25.0 0.000 15.0 N/A N/A 22.5std. 1.00 1.90 1.30 1.20 0.800 1.20 6.02 3.56 N/A N/A 3.20Aopt. [%] N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/Amin. 9055 8119 8648 8228 8694 8713 7324 7698 N/A N/A 7039
TSP(ulysses16) med. 9606 8714 9649 9818 9570 9424 8390 8586 N/A N/A 7566std. 333 500 502 678 323 403 556 615 N/A N/A 337Aopt. [%] 40.0 27.0 40.7 43.1 39.5 37.4 22.3 25.2 N/A N/A 10.3min. 1802 1646 1783 1783 1831 1865 1580 1682 N/A N/A 1126TSP(ulyssesl6) med. 2076 1860 2034 1988 2030 2032 1772 1834 N/A N/A 1467std. 106 140 137 114 83.0 75.0 114 92.0 N/A N/A 149Aopt. [%] 121 98.5 117 112 116 116 89.1 95.7 N/A N/A 56.6min. 4881 4399 4848 4774 4811 5106 4162 4395 N/A N/A 3623TSP(gr21) med. 5656 5143 5694 5732 5526 5756 4742 4926 N/A N/A 4412std. 332 295 316 331 326 231 238 256 N/A N/A 434Aopt. [%] 13.2 2.90 14.0 14.7 10.6 15.2 -5.10 -1.40 N/A N/A -11.7min. 3042 2533 2855 2789 3017 3064 2098 2610 2563 2551 2222
TSP(gr17) med. 3319 2989 3315 3498 3424 3278 3034 2920 3016 2888 3028std. 185 235 196 300 153 132 323 441 285 216 441Aopt. [%] 23.3 11.1 23.2 30.0 27.2 21.8 12.7 8.50 12.1 7.30 12.5min. 4502 3721 3835 4330 4230 4014 3881 3812 N/A N/A 2949
TSP(bays29) med. 4722 4279 4633 4842 4647 4688 4204 4175 N/A N/A 3294std. 151 286 315 250 161 218 201 214 N/A N/A 238Aopt. [%] 133 111 129 139 130 132 108 106 N/A N/A 63.1min. 2677 2643 2682 2716 2700 2725 2623 2637 N/A N/A 2527
FSP(reC27_30_15) med. 2796 2724 2779 2835 2776 2772 2658 2693 N/A N/A 25803 1) std. 44.0 44.0 61.0 51.0 29.0 26.0 24.0 30.0 N/A N/A 41.0Aopt. [%] 4.70 2.00 4.10 6.20 4.00 3.80 -0.400 0.900 N/A N/A -3.40min. 151 141 149 150 150 147 142 143 146 N/A 140
FSP(hel2_ 20 10) med. 153 149 154 155 152 153 146 146 150 N/A 146std. 1.60 3.70 2.50 2.40 1.00 2.10 1.90 1.50 2.50 N/A 2.50Aopt. [%] 5.90 2.80 6.20 6.90 5.20 5.50 0.700 0.700 3.40 N/A 0.700min. 7520 7376 7617 7596 7376 7376 7305 7376 7365 7273 7166
FSP(car2 13 4) med. 7888 7586 7940 7973 7638 7794 7712 7940 7505 7617 7402std. 123 220 185 160 147 136 212 279 219 229 236Aopt. [%] 6.90 2.80 7.60 8.10 3.60 5.70 4.60 7.60 1.70 3.30 0.400mn. 6643 6643 6590 6681 6590 6590 6590 6590 6590 6590 6590
FSP(car7 7 7) med. 6760 6776 6887 6978 6590 6681 6590 6616 6590 6590 6590- - std. 87.0 115 202 195 19.0 109 23.0 60.0 41.0 52.0 0.000Aopt. [%] 2.60 2.80 4.50 5.90 0.000 1.40 0.000 0.400 0.000 0.000 0.000min. 1802 1736 1778 1792 1834 1834 1632 1696 1678 1754 1660med. 1904 1846 1901 1892 1886 1884 1695 1767 1814 1818 1709QAP(nug16a) std. 32.0 44.0 46.0 48.0 26.0 16.0 39.0 36.0 44.0 44.0 32.0Aopt. [%] 18.3 14.7 18.1 17.5 17.1 17.0 5.30 9.80 12.7 12.9 6.10min. 2856 2724 2834 2904 2934 2878 2536 2672 2848 2856 2540
QAP(nug21) med. 3031 2897 3030 3023 3036 3003 2786 2827 2871 2866 2651std. 67.0 84.0 91.0 70.0 50.0 55.0 112 68.0 39.0 32.0 70.0Aopt. [%I 24.3 18.8 24.3 24.0 24.5 23.2 14.3 16.0 17.8 17.6 8.70min. 6346 6120 6106 6268 6232 N/A 5948 6020 N/A N/A 5578med. 6496 6235 6458 6485 6388 N/A 6247 6255 N/A N/A 5816QAP(nug27) std. 73.0 112 125 113 73.0 N/A 114 124 N/A N/A 124Aopt. [%] 24.1 19.1 23.4 23.9 22.0 N/A 19.4 19.5 N/A N/A 11.1min. 186194 177930 181196 183994 184468 N/A 177768 178890 N/A N/A 163904
QAP(tho30) med. 193839 188318 193382 193274 193029 N/A 181014 186957 N/A N/A 170729std. 3506 4239 4747 4137 2937 N/A 3234 4815 N/A N/A 2908Aopt. [%] 29.3 25.6 29.0 28.9 28.7 N/A 20.7 24.7 N/A N/A 13.9min. 2778066 2718748 2739172 2763250 2795622 N/A 2725608 2721784 N/A 2657670 2572362
QAP(tai35a) med. 2824711 2771789 2818025 2811133 2818290 N/A 2758379 2801022 N/A 2723840 2609397std. 18147 25653 26895 21075 12339 N/A 21012 27767 N/A 29812 28392Aopt. [%I 16.6 14.4 16.4 16.1 16.4 N/A 13.9 15.6 N/A 12.5 7.70
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B.2 Multi-objective problems

249



Table B.6: Summary of results for the single-objective combining problem.

C

C

C-4

0'

C

RS GA-EAS NSGA-II SPEA-2 BO-TREE BO-TREE-RT BO-RBF BO-MT 3/2 BO-MT 5/2 BO-ARBF

Problem Metric

max. 165 157 158 157 165 165 165 166 166 165
med. 151 122 140 131 145 145 152 148 146 152

SNW std. 7.00 17.6 17.5 15.4 11.3 11.3 11.0 10.5 11.0 11.0
Aopt. [%] 9.10 26.5 16.1 21.4 13.0 13.0 9.00 11.3 12.4 9.00

max. 20.5 20.5 20.5 20.5 20.5 20.5 20.5 20.5 20.5 20.5
NoC med. 20.4 20.4 20.0 20.0 20.5 20.5 20.5 20.5 20.5 20.5

std. 0.200 0.500 0.600 0.600 0.100 0.100 0.100 0.100 0.100 0.100
Aopt. [%] 0.300 0.300 2.20 2.20 -0.200 -0.200 -0.200 -0.200 -0.200 -0.200

max. 3848 3863 3835 3854 3841 3841 3832 3828 3825 3832
med. 3804 3814 3806 3811 3800 3800 3791 3798 3798 3791

SW-LLVM std. 28.0 60.0 66.0 43.0 23.0 23.0 43.0 35.0 31.0 43.0
Aopt. [%] 1.50 1.30 1.50 1.40 1.60 1.60 1.90 1.70 1.70 1.90

max. 8.507E+08 8.187E+08 8.756E+08 9.454E+08 8.852E+08 8.852E+08 8.712E+08 8.864E+08 8.506E+08 8.712E+08
med. 7.293E+08 3.980E+08 6.501E+08 6.730E+08 6.983E+08 6.983E+08 6.744E+08 6.368E+08 7.248E+08 6.744E+08

rs-6d-c3 std. 1.186E+08 1.685E+08 1.717E+08 1.898E+08 1.308E+08 1.308E+08 1.084E+08 1.353E+08 1.125E+08 1.084E+08
Aopt. [%] 42.1 68.4 48.4 46.6 44.6 44.6 46.5 49.5 42.5 46.5

max. N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
sol-6d-c2 std. N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A

Aopt. [%] N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
max. 5.531E+09 5.555E+09 5.511E+09 5.511E+09 5.531E+09 5.531E+09 5.555E+09 5.555E+09 5.555E+09 5.555E+09
med. 5.158E+09 5.131E+09 4.711E+09 4.805E+09 5.327E+09 5.327E+09 5.082E+09 5.323E+09 5.296E+09 5.082E+09

wetsol-3d-c4 std. 4.758E+08 6.758E+08 1.081E+09 9.659E+08 2.768E+08 2.768E+08 4.205E+08 3.552E+08 3.206E+08 4.205E+08
Aopt. [%] 7.20 7.60 15.2 13.5 4.10 4.10 8.50 4.20 4.70 8.50

max. 4910895 4781693 4916508 4880276 4928457 4928457 4878828 4960184 4949131 4878828
med. 4727141 4598116 4607532 4629590 4750790 4750790 4766579 4714689 4738659 4766579

wc-5d-c5 std. 83980 389630 369936 341764 76098 76098 65080 77053 82546 66693
Aopt. [%] 6.00 8.50 8.30 7.90 5.50 5.50 5.20 6.20 5.70 5.20

max. 1.017E+07 8636724 9564906 9489882 1.050E+07 1.050E+07 1.054E+07 1.054E+07 1.047E+07 1.054E+07
med. 9317042 6194995 7373332 8139126 9316117 9316117 9727979 9751330 9869961 9757031

wc-c1-3d-c1 std. 879759 919160 1346215 1286067 860983 860983 403022 385357 459016 397074
Aopt. [%] 17.4 45.1 34.6 27.8 17.4 17.4 13.7 13.5 12.5 13.5

max. 2.143E+07 1.676E+07 2.186E+07 2.144E+07 2.011E+07 2.011E+07 2.088E+07 2.091E+07 2.082E+07 2.088E+07
med. 1.764E+07 1.024E+07 1.366E+07 1.369E+07 1.782E+07 1.782E+07 1.775E+07 1.810E+07 1.827E+07 1.775E+07

wc-c3-3d-c1 std. 2763579 3734067 4725102 4617100 2158320 2158320 1995976 1897032 1970420 1995976
Aopt. [%] 25.6 56.8 42.4 42.3 24.8 24.8 25.2 23.7 22.9 25.2

w



Table B.7: Summary of results for the single-objective downselecting problem.

RS GA-EAS NSGA-II SPEA-2 BO-TREE BO-TREE-FT BO-RBF BO-MT 3/2 BO-MT 5/2 BO-ARBF
Problem Metric

max. 0.401 0.414 0.415 0.410 0.420 0.420 0.420 0.415 0.415 0.420

SYN-DWN-01 med. 0.377 0.390 0.377 0.384 0.415 0.415 0.420 0.397 0.395 0.420
std. 0.011 0.017 0.013 0.013 0.010 0.010 0.006 0.013 0.012 0.006

Aopt. [%] 10.2 7.10 10.2 8.60 1.20 1.20 0.000 5.50 6.00 0.000
max. 0.405 0.414 0.416 0.415 0.419 0.419 0.419 0.420 0.416 0.419

SYN-DWN-02 med. 0.390 0.391 0.383 0.389 0.407 0.407 0.403 0.393 0.392 0.404
std. 0.009 0.019 0.016 0.014 0.010 0.010 0.013 0.016 0.015 0.013

Aopt. [%I 8.80 8.50 10.4 9.00 4.80 4.80 5.70 8.10 8.30 5.50
max. 0.378 0.390 0.386 0.371 0.401 0.401 0.411 0.375 0.384 0.412

SYN-DWN-03 med. 0.347 0.363 0.351 0.349 0.374 0.374 0.400 0.354 0.359 0.400
std. 0.014 0.016 0.015 0.012 0.012 0.012 0.011 0.013 0.016 0.013

Aopt. [%] 15.0 11.1 14.0 14.5 8.40 8.40 2.00 13.3 12.1 2.00
max. 0.435 0.440 0.422 0.442 0.465 0.465 0.455 0.436 0.437 0.452

SYN-DWN-04 med. 0.386 0.401 0.395 0.394 0.428 0.428 0.432 0.380 0.379 0.432
std. 0.017 0.016 0.015 0.020 0.023 0.023 0.018 0.025 0.028 0.020

Aopt. [%] 24.4 21.5 22.7 22.9 16.2 16.2 15.4 25.6 25.8 15.4
max. 0.488 0.474 0.477 0.477 0.533 0.533 0.539 0.489 0.500 0.542

SYN-DWN-05 med. 0.436 0.441 0.439 0.429 0.465 0.465 0.437 0.446 0.449 0.450
std. 0.023 0.020 0.016 0.020 0.024 0.024 0.037 0.023 0.028 0.036

Aopt. [%] 21.4 20.5 20.8 22.6 16.2 16.2 21.2 19.6 19.0 18.9
max. 0.396 0.425 0.449 0.414 0.423 0.423 0.462 0.404 0.411 0.464

SYN-DWN-06 med. 0.377 0.392 0.381 0.378 0.398 0.398 0.423 0.378 0.363 0.439
std. 0.013 0.019 0.026 0.016 0.016 0.016 0.023 0.024 0.021 0.022

Aopt. [%] 19.5 16.3 18.7 19.3 15.0 15.0 9.70 19.3 22.5 6.30
max. 0.421 0.400 0.418 0.418 0.417 0.417 0.453 0.405 0.403 0.454

SYN-DWN-07 med. 0.378 0.376 0.372 0.375 0.393 0.393 0.434 0.378 0.380 0.428
std. 0.018 0.014 0.017 0.017 0.014 0.014 0.024 0.018 0.022 0.026

Aopt. [%] 18.5 19.0 19.8 19.2 15.3 15.3 6.50 18.5 18.1 7.80
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Table B.8: Summary of results for the single-objective assigning problem.

RS GA-EAS NSGA-II SPEA-2 BO-TREE BO-TREE-FT BO-RBF BO-MT 3/2 BO-MT 5/2 BO-ARBF

Problem Metric

max. 0.482 0.522 0.506 0.489 0.538 0.545 0.585 0.492 0.493 0.573

med. 0.437 0.464 0.446 0.438 0.478 0.480 0.549 0.454 0.436 0.542
SYN-ASG-01 std. 0.021 0.035 0.030 0.034 0.022 0.024 0.048 0.031 0.031 0.033

Aopt. [%] 29.2 24.8 27.7 29.0 22.5 22.2 11.0 26.4 29.3 12.1
max. 0.540 0.542 0.503 0.529 0.501 0.503 0.604 0.558 0.524 0.558

SYN-ASG-02 med. 0.446 0.463 0.455 0.461 0.468 0.474 0.514 0.461 0.456 0.498
std. 0.026 0.036 0.025 0.026 0.019 0.021 0.046 0.034 0.032 0.033

Aopt. [%] 26.8 24.0 25.3 24.4 23.2 22.2 15.7 24.4 25.2 18.3
max. 0.541 0.582 0.556 0.583 0.578 0.597 0.666 0.563 0.565 0.647

SYN-ASG-03 med. 0.485 0.520 0.491 0.480 0.528 0.535 0.585 0.501 0.506 0.582
std. 0.027 0.036 0.034 0.038 0.021 0.030 0.050 0.027 0.031 0.042

Aopt. [%] 28.0 22.8 27.1 28.8 21.6 20.6 13.2 25.7 24.9 13.6
max. 0.556 0.574 0.572 0.556 0.586 0.572 0.624 0.571 0.577 0.641

SYN-ASG-04 med. 0.495 0.493 0.495 0.479 0.493 0.536 0.549 0.508 0.503 0.541
std. 0.032 0.036 0.029 0.034 0.032 0.033 0.040 0.029 0.030 0.049

Aopt. [%] 26.6 26.9 26.6 29.0 26.9 20.5 18.6 24.7 25.4 19.8
max. 165194 170119 168226 166805 168847 168759 182796 168446 169430 182477

SYN-ASG-05 med. 159698 163244 161666 161859 164533 164905 179908 163399 163496 180533
std. 2028 2807 2457 2251 2297 2072 1507 3268 3524 1522

Aopt. [%] 11.2 9.20 10.1 10.0 8.50 8.30 -0.100 9.10 9.10 -0.400
max. 175715 181062 177576 181513 180411 181641 194853 181817 177168 194963

SYN-ASG-06 med. 171189 175292 173238 173870 174919 175856 193286 172217 172266 192748
std. 2673 3128 2671 2858 2865 2371 1738 3934 3519 1485

Aopt. [%] 11.2 9.00 10.1 9.80 9.20 8.70 -0.300 10.6 10.6 -0.000
max. 294974 301284 301268 297291 304860 304206 347414 307648 322368 347752

SYN-ASG-07 med. 281146 289804 286685 287744 291308 290108 339799 287167 283865 339203
std. 5560 5238 6498 6023 6563 7223 7144 11700 12877 7605

Aopt. [] 18.0 15.5 16.4 16.1 15.1 15.4 0.900 16.3 17.2 1.10
max. 407975 420271 428496 412449 416991 420030 459628 417856 415678 463101

SYN-ASG-08 med. 398252 408443 405553 401376 402592 406237 447196 404135 403758 444432
std. 4118 4670 7558 5822 5721 5912 7657 7419 7778 9878

Aopt. [%] 14.1 11.9 12.5 13.4 13.2 12.4 3.60 12.9 12.9 4.20
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Table B.9: Summary of results for the single-objective partitioning problem.

RS GA-EAS NSGA-II SPEA-2 BO-TREE BO-TREE-FT BO-RBF BO-MT 3/2 BO-MT 5/2 BO-ARBF
Problem Metric

max. N/A 11.6 11.6 11.6 11.3 11.6 10.8 10.8 10.8 10.8

SYN-PAR-01 med. N/A 10.7 10.6 10.8 10.8 10.8 9.78 9.80 10.1 9.82
std. N/A 0.740 0.520 0.500 0.490 0.490 0.730 0.590 0.490 0.590

Aopt. [%] N/A 8.10 8.60 7.20 7.30 7.60 15.9 15.8 13.5 15.6
max. 21.8 21.1 22.1 21.8 21.7 22.1 20.7 21.4 20.9 20.5

SYN-PAR-02 med. 20.0 20.0 19.6 20.3 19.6 19.5 19.0 18.7 18.7 19.0
std. 1.20 1.10 1.20 1.20 1.10 1.20 0.900 1.00 0.800 0.800

dopt. [%] 9.60 9.60 11.4 8.20 11.4 11.9 14.1 15.5 15.5 14.1

max. 41.7 44.0 42.8 43.6 41.6 41.2 42,3 41.8 41.7 42.3

med. 39.6 39.4 40.1 40.4 36.9 37.4 39.2 37.9 38.5 39.2
SYN-PAR-03 std. 1.20 2.40 1.30 1.60 2.10 2.10 2.10 2.00 2.20 2.10

Aopt. [%] 13.4 13.8 12.3 11.6 19.3 18.2 14.2 17.1 15.8 14.2

max. 70.8 86.5 76.5 80.2 76.8 71.4 75.8 80.8 76.1 75.8

med. 65.2 71.2 64.0 67.6 64.3 64.1 67.0 66.7 67.4 67.0
SYN-PAR-04 std. 2.70 7.50 5.80 5.10 5.40 2.90 3.80 5.00 3.80 3.80

Aopt. [%] 24.9 18.0 26.3 22.2 26.0 26.2 22.9 23.2 22.4 22.9
max. 129 137 138 141 129 138 128 129 131 132

A med. 121 125 119 120 119 118 118 119 117 119
SYN-PAR-05 std. 5.20 8.00 9.60 11.0 6.20 7.10 7.20 7.70 5.70 6.00

Aopt. [%] 23.4 20.6 24.5 23.5 24.6 25.2 24.8 24.7 25.6 24.2

max. 124 132 130 123 122 123 121 123 115 121

med. 104 118 109 111 111 109 110 108 107 111

SYN-PAR-06 std. 6.60 9.80 7.10 6.30 6.90 5.40 6.80 7.70 4.60 5.60

Aopt. [%] 33.9 25.0 30.8 29.9 29.5 30.8 30.5 31.5 32.4 29.8

max. 167 179 185 178 179 179 169 173 173 173

med. 154 159 160 166 151 151 155 162 158 152
SYN-PAR-07 std. 7.90 9.90 11.9 9.90 12.1 9.70 8.60 9.50 8.20 9.00

Aopt. [%] 36.7 34.7 34.1 31.9 38.0 37.9 36.4 33.7 35.3 37.5



Table B.10: Summary of results for the single-objective permuting problem.
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RS GA-EAS NSGA-II SPEA-2 BO-TREE BO-TREE-RT BO-RBF BO-MT 3/2 BO-MT 5/2 BO-ARBF

Problem Metric

max. 18.0 31.0 24.0 23.0 26.0 23.0 41.0 38.0 36.0 41.0

med. 12.5 17.0 14.5 13.0 15.0 14.0 33.0 22.5 17.0 34.0
SYN-PER-O1 std. 2.55 4.72 4.47 3.93 3.70 3.94 4.70 8.50 6.85 4.20

Aopt. [%] 78.1 70.2 74.6 77.2 73.7 75.4 42.1 60.5 70.2 40.4
max. 24.0 21.0 24.0 22.0 23.0 20.0 56.0 36.0 35.0 44.0
med. 12.0 15.5 11.5 12.5 14.0 13.0 28.5 18.0 18.0 33.5

SYN-PER-02 std. 3.58 3.30 4.10 4.26 3.94 2.51 8.40 8.10 7.88 6.60
Aopt. [%] 78.2 71.8 79.1 77.3 74.5 76.4 48.2 67.3 67.3 39.1

max. 19.0 25.0 17.0 18.0 17.0 N/A 25.0 34.0 28.0 33.0
med. 11.0 16.0 12.0 10.5 12.0 N/A 16.0 13.5 12.5 16.5

SYN-PER-03 std. 3.16 4.58 3.13 3.03 2.50 N/A 4.10 5.99 5.56 4.40
Aopt. [%] 78.8 69.2 76.9 79.8 76.9 N/A 69.2 74.0 76.0 68.3

max. 1.686E+08 1.634E+08 1.633E+08 1.621E+08 1.656E+08 1.646E+08 1.662E+08 1.750E+08 1.688E+08 1.661E+08
med. 1.583E+08 1.577E+08 1.571E+08 1.575E+08 1.574E+08 1.580E+08 1.589E+08 1.640E+08 1.628E+08 1.590E+08

SYN-PER-04 std. 4052679 3777528 4124006 2435933 4046382 3534889 4133883 3891700 4456981 5190414
Aopt. [%] 8.80 9.10 9.50 9.20 9.30 9.00 8.50 5.50 6.20 8.40

max. 247336 248096 248096 246772 241132 242464 255112 259944 249016 255884
med. 229084 234716 233144 229818 230718 229474 244040 238258 235464 238008

SYN-PER-05 std. 6561 8114 6099 6869 5838 5620 7826 8451 5302 8788
Aopt. [%] 12.5 10.3 10.9 12.2 11.8 12.3 6.80 9.00 10.0 9.10

max. 3.146E+09 3.110E+09 3.104E+09 3.167E+09 3.095E+09 N/A 3.163E+09 3.200E+09 3.151E+09 3.163E+09
med. 3.013E+09 3.028E+09 2.998E+09 3.007E+09 3.020E+09 N/A 3.018E+09 3.073E+09 3.058E+09 3.006E+09

SYN-PER-06 std. 4.203E+07 4.190E+07 3.595E+07 5.094E+07 4.074E+07 N/A 5.370E+07 5.689E+07 4.414E+07 6.145E+07
Aopt. [%] 6.50 6.10 7.00 6.70 6.30 N/A 6.40 4.70 5.10 6.70
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Appendix C

Ranking metrics for optimization
methods

This Appendix describes the three ranking metrics used to rank the different opti-
mization methods in Chapters 4 and 5. These methods derive from reference [23(]
and were originally developed in the context of algorithm selection for classification
tasks in machine learning research, which, in turn, is an algorithm performance com-
parison problem. Within the context of this dissertation, an analogy can be made
between the "optimization methods - test problems" and the "classification algorithm
- dataset", since it is also one of the goals of this research to select the most appropri-
ate optimization method for different tasks, namely optimizing problems belonging
to the assigning, combining, downselecting, partitioning, and permuting patterns.

C.1 Average Ranking

The most straightforward ranking metric considered. For each problem, each opti-
mization method is ordered according to the median of the values of the 20 runs and
assigned a rank starting by 1 (if several methods achieve the same value, the mini-
mum of the ranks that would have been assigned to all the tied values is assigned to
each method). Let rP be the rank of method m on problem p. Then, the average
rank is computed for each method as

P

rm= r, (smaller values are better) (C.1)
p= 1

where P is the number of problems. Then, the final ranking is computed by sorting
the average ranks and assigning ranks to the optimization method.
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APPENDIX C. RANKING METRICS FOR OPTIMIZATION METHODS

C.2 Success Rate Ratio

This method computes the success rate between pairs of optimization methods. The
first step is to create a table whose entries are the success rate ratio between two
methods (mi and m2 ) for a given problem p, which is defined as:

1 -AP
SRRPm,M 2 = 1 - m

Am
2

(C.2)

where AP is the percentage error between the value obtained by the method m and
the optimal solution of problem p (which can be known a priori or be estimated
with a large number of evaluations using a genetic algorithm). If the value of AP is
superior to 100%, it is limited to 1% (as otherwise the sign of SRR will be inverted).

Then, the pairwise mean success rate ratio between each pair of methods, which
estimates the general goodness of method n1 when compared with method in2 , is
computed as

SRRmim 2 = 1

Finally, the overall mean success rate
puted as

EM SRR
SRRPM - E= 1 Rmi

(M - 1)

(C.3)
P

ZSRR ,M.
p=1

ratio for each optimization method is com-

(higher values are better), (C.4)

where M is the number of methods.

C.3 Significant Wins

The significant wins ranking uses pairwise hypothesis tests between two optimization
methods to determine whether one significantly outperforms the other. In particular,
for each problem and pair of methods, a paired t-test is used to compare whether
their performance differs. In the t-test, the null hypothesis is that the difference
between the mean performance of both algorithms is zero (i.e., they have the same
performance), and the alternative hypothesis is that the difference is not equal to
zero. Then, based on the result of the statistical test, a value (SWPni'm2 ) is assigned:

swMpml,m2 1 0

if the null hypothesis is rejected and PP2 « 1

if the null hypothesis is rejected and PP, < P 2
if the null hypothesis holds

(C.5)
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C.3. SIGNIFICANT WINS

where Pn is the performance of method m over problem p, and a << b denotes that
b is significantly better than a. For single-objective problems, the performance Pm is
the median of the minimum values obtained as a result of the optimization process,
whereas for multi-objective problems is the median of the hypervolume, and thus
significantly better implies significantly smaller or significantly bigger, respectively.

Then, for each pair of methods, the pairwise estimate of the probability of winning
is computed as

PH (SWP
P(W)mi,m 2  P=1 H mJi,m 2 ) (C.6)

P

where H(.) is the step function with H(O) = 0. In other words, the pairwise estimate
of probability counts the fraction of problems for which method mi is superior to
methods m 2.

Finally, for each method the overall pairwise estimate of the probability of winning
is

P(W)m = =1 m,i (higher values are better), (C.7)
(M - 1)

which is used to create a ranking of optimization methods.
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Launch vehicles database
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Table D.1: Launch vehicles database.

Name Country Cost FY paylLEO paylGEO fD fH f, Heyj Dcone PAFD PAFH EH

[k$] [FY] [kg] [kg] [m] [m] [m] [m] [m] [m] [m] [m]
Falcpn 9 (reusable) USA 50,000 2019 15,000 5,500 4.60 11.00 0.25 6.70 1.45 1.57 0.90 13.00

Falcon 9 (expendable) USA 62,000 2018 22,800 8,300 4.60 11.00 0.25 6.70 1.45 1.57 0.90 13.00

Falcon Heavy (reusable) USA 90,000 2018 30,000 8,000 4.60 11.00 0.25 6.70 1.45 1.57 0.90 13.00
Falcon Heavy (semi-reusable) USA 95,000 2018 56,000 23,000 4.60 11.00 0.25 6.70 1.45 1.57 0.90 13.00

Falcon Heavy (expendable) USA 150,000 2018 63,800 26,700 4.60 11.00 0.25 6.70 1.45 1.57 0.90 13.00
Delta 2 USA 74,910 2010 5,144 1,800 2.70 7.50 0.15 5.50 0.70 1.50 0.60 8.30
Delta IV Heavy USA 400,000 2018 28,790 14,210 5.08 19.00 0.25 13.70 2.50 1.50 0.90 19.81
Atlas V 501 USA 137,000 2018 8,123 3,460 3.75 11.10 0.25 5.83 0.91 1.59 0.90 13.00
Atlas V 551 USA 179,000 2018 18,814 8,900 4.57 17.21 0.25 12.19 1.47 1.59 0.90 19.00
Vulcan 501 + Centaur V USA 100,000 2018 20,000 10,250 4.57 17.21 0.25 12.19 1.47 1.59 0.90 19.00
Vulcan 564 + ACES USA 150,000 2018 40,000 17,230 4.57 17.21 0.25 12.19 1.47 1.59 0.90 19.00
Antares 230 USA 85,000 2018 6,600 - 3.45 6.80 0.00 4.50 1.38 0.60 1.70 9.90
Ariane 44L Europe 153,220 2010 10,200 4,790 3.75 9.70 0.20 6.50 1.20 1.57 1.30 11.50
Ariane 5 ECA Europe 178,000 2018 2,100 9,600 4.57 15.58 0.25 10.00 0.80 2.60 1.60 17.60
Ariance 6 A62 Europe 94,000 2018 - 4,500 4.57 18.00 0.25 11.13 0.57 1.78 0.90 20.60,
Ariance 6 A64 Europe 117,000 2018 20,000 12,000 4.57 18.00 0.25 11.13 0.57 1.78 0.90 20.60
Proton M Russia 65,000 2018 23,000 5,000 4.35 16.94 0.25 12.10 0.40 2.20 2.20 19.60
GSLV India 47,000 2018 5,000 2,500 3.05 6.40 0.17 3.00 2.20 2.80 1.39 7.70
LVM3 India 60,000 2018 8,000 4,000 3.05 6.40 0.17 3.00 2.20 2.80 1.39 7.70
H2A 202 Japan 90,000 2018 10,000 4,100 3.70 10.20 0.15 5.80 1.10 1.19 1.00 12.00
H2A 204 Japan 106,000 2018 15,000 6,000 3.70 10.20 0.15 5.80 1.10 1.19 1.00 12.00
H2B Japan 112,500 2018 16,500 8,000 3.70 10.20 0.15 5.80 1.10 1.19 1.00 12.00
113-24L Japan 65,000 2018 - 6,500 3.70 10.20 0.15 5.80 1.10 1.19 1.00 12.00
Long March 2C China 30,645 2010 3,200 1,000 3.00 5.80 0.16 3.60 1.82 1.60 0.90 8.36
Long March 2E China 68,100 2010 9,200 3,370 3.00 5.80 0.16 3.60 1.82 1.60 0.90 8.36
Long March 3B China 81,720 2010 13,600 5,200 3.85 7.33 0.20 4.55 1.85 1.21 0.90 9.56
Zenit 3 Ukraine 115,770 2010 15,876 5,250 3.75 8.53 0.15 4.93 1.30 1.80 0.77 10.50
Dnepr Russia 20,430 2010 4,400 - 2.70 5.16 0.15 3.00 0.40 2.70 0.55 6.10
Soyuz Russia 51,070 2010 7,000 1,350 3.80 6.55 0.15 4.39 2.50 1.57 0.90 8.30
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Appendix

Performance of Bayesian optimization
in tradespace exploration of space
networks

In this section, the performance of Bayesian optimization when used to conduct
tradespace exploration of space networks is assessed. In particular, results when
using three different optimization methods (random sampling (RS), BO-TREE, and
BO-RBF) are reported. In all case, the problem was frames as a multi-objective
combining pattern, with the decisions and options those shown in Table 7.10.

A total of 100 function evaluations were allowed, and each optimization method
was run 20 times, each with a different random seed. For each of the seeds, the
first ten function evaluations are common to all methods (i.e., they serve as a start-
ing population common to all three methods). To evaluate the performance of the
different algorithms, the probability distribution function (PDF) of the tradespace
point-distributions a) when using the optimization method and b) when having a
full enumeration of the tradespace, were compared. In particular, the metric used to
assess the performance of the algorithms is the ratio between both PDFs:

=0 PDFalgorithm' (E.1)
PDFfull-enumeration

where I 2° PDFalgorithmr is the average PDF of the distribution of points in the
tradespace across the 20 runs of each algorithm.

In those regions of the tradespace where r1 > 1, there is an unconventionally
high distribution of points (i.e., the optimization method focused its search on that
region of the tradespace) and they are over-sampled, whereas in those regions where
r7 < 1 are being under-sampled. In particular, it would be desirable for the different
optimization methods to over-sample the regions of the tradespace close to the Pareto-
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front.

E.1 Sellable capacity vs. CapEx to begin service

First, the tradespace formed by the sellable capacity versus CapEx costs to set up
service. The point-distribution PDF of full-enumerated tradespace is depicted in Fig-
ure E-1a, whereas Figure E-1b shows the PDF of the starting ten samples (common
to all algorithms). Figure E-2 shows the value of r/ after 25, 50, 75, and 100 function
evaluations for each optimization method. Bright colors indicate that the optimiza-
tion method over-sampled that region of space (i.e., the optimization method trends
to evaluate points in that region), whereas dark colors denote regions where there
were barely samples evaluated.

I

U

A

A

3

CAPX 1m9 n S ma

(a)

LU9
CAPE(SMnS "NJS

(b)

Figure E-1: a) Point-distribution PDF for the sellable capacity vs. CapEx to begin service

tradespace; b) PDF of starting ten samples common to all algorithms

It can be observed that BO-RBF performs the best, in the sense that it is the
optimization method that over-samples the most the region of the tradespace close
to the Pareto-front (depicted with a yellow line). In particular, from iteration 50
onward (i.e., after having evaluated 50 functions or more), it can be seen that most
of the points concentrate in a vertical band very close to the Pareto front. Note that
this does not mean that the method does not sample point on other regions, but that
the density of point in this particular region is relatively high (as compared to the
number of points that would be sampled if random evaluation were to be used). On
the other hand, BO-TREE presents a performance comparable to random sampling,
which makes it unsuitable for this particular problem.
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Figure E-2: Performance of Bayesian optimization when used to conduct tradespace explo-

ration of space networks. The value of rq is displayed when using the BO-RBF

(left column, in red tones), BO-TREE (middle column, in blue tones), and

RS (right column, green tones) optimization methods.
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E.2 Sellable capacity vs. minimum price per
Mbps/month required for profitability

The second study involves the alternative view of the tradespace where the sellable
capacity is plotted against minimum price per Mbps/month required for profitability,
as shown in Figure 7-11. The point-distribution PDF of full-enumerated tradespace
is depicted in Figure E-3a, whereas Figure E-1b shows the PDF of the starting ten
samples (common to all algorithms). Figure E-4 shows the value of rq after 25, 50, 75,
and 100 function evaluations for each optimization method. Bright colors indicate
that the optimization method over-sampled that region of space (i.e., the optimization
method trends to evaluate points in that region), whereas dark colors denote regions
where there were barely samples evaluated.

& I

110
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-~ 10~
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pr" W "~AWOUM M

(a) Point-distribution PDF for the sellable ca-
pacity vs. minimum price per Mbps/month (b) PDF of starting ten samples common to all
required for profitability tradespace algorithms

As in the previous tradespace, it can be observed that BO-RBF performs best
among all three methods, since from iteration 25 onward, the region close to the Pareto
front is oversampled, while both BO-TREE and RS show a similar (and significantly
worse than BO-RBF) performance.
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E.2. SELLABLE CAPACITY VS. MINIMUM PRICE PER MBPS/MONTH REQUIRED FOR
PROFITABILITY
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Figure E-4: Performance of Bayesian optimization when used to conduct tradespace explo-

ration of space networks. The value of 'r is displayed when using the BO-RBF

(left column, in red tones), BO-TREE (middle column, in blue tones), and

RS (right column, green tones) optimization methods.
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Acronyms

ACM Adaptive Coding And Modulation.
ACO Ant Colony Optimization.
ADCS Attitude Determination And

Control Subsystem.
AHP Analytic Hierarchy Process.
ALCCA Aircraft Life Cycle Cost Analy-

sis.
ANN Artificial Neural Network.
AR Average Ranking.
ARPU Average Revenue Per User.
ASIC Application-specific Integrated

Circuit .
AXI Advanced extensible interface.
BO Bayesian Optimization.
BO4CO Bayesian Optimization For

Configuration Optimization.
CAGR Compound Annual Growth Rate.
CapEx Capital Expenditure.
CDF Cumulative Distribution Function.
CDMA Code-division Multiple Access.
CER Cost Estimating Relationship.
CFD Computer Fluid Dynamics.
CPE Customer Premise Equipment.
CSM Concept Selection Methods.
DC Direct Current.
DoE Design Of Experiments.
DSL Digital Subscriber Line.
DSM Desing Structure Matrix.
EDGE Enhanced Data Rates For GSM

Evolution.
EHF Extremely High Frequency.

EHI Expected Hypervolume Improve-
ment.

El Expected Improvement.
EIRP Effective Isotropic Radiated

Power.
ENGGEN Engine Cycle Analysis Pro-

gram.
FLOPS FLight OPtimization System.
FPGA Field-programmable Gate Array.
FSP Flow Shop Problem.
FWD Forward Link.
FY Fiscal Year.
GA Genetic Algorithm.
GAP Generalized Assignment Problem.
GEO Geostationary Orbit.
GINA Generalized Information Network

Analysis.
GNI Gross National Income.
GP Gaussian Process.
GPRS General Packet Radio Services.
GPWv4 Gridded Population Of The

World.
GSM Global System For Mobile Commu-

nications.
HALE High-altitude Long-endurance.
HAP High Altitude Platform.
HoQ House Of Quality.
HSPA+ Evolved High Speed Packet Ac-

cess.
HTA Heavier-than-air.
HTS High Throughput Satellite.
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Acronyms

IRR Internal Rate Of Return.
ISL Inter-satellite Link.
ISP Internet Service Provider.
ITU International Telecommunications

Union.
IXP Internet Exchange Point.
JAXA Japan Aerospace Exploration

Agency.
LAP Low Altitude Platform.
LEO Low Earth Orbit.
LoS Line-of-sight.
LTA Lighter-than-air.
LTE Long-Term Evolution.
MDO Multidisciplinary Design Opti-

mization.
MEO Medium Earth Orbit.
MIMO Multiple-input Multiple-output.
MNO Mobile Network Operator.
MODCOD Modulation And Coding

Scheme.
MPSoC Multi-processor System On

Chip.
NGO Non-governmental Organization.
NGSO Non-geostationary Satellite Or-

bit.
NOAA National Oceanic And Atmo-

spheric Administration.
NSGA-II Non-Dominated Sorting Ge-

netic Algorithm-II.
OBO Output-backoff.
OpEx Operational Expenditure.
OXC Optical Cross-connect.
PCGS Product Concept Generation And

Selection.
PDF Probability Distribution Function.
PES Predictive Entroypy Search.
PI Probability Of Improvement.

PoP Point Of Presence.
PSO Particle Swarm Optimization.
QAP Quadratic Assignment Problem.
QFD Quality Function Deployment.
RBF Radial Basis Function.
RBFN Radial Basis Function Network.
RF Radiocommunications Frequency.
RS Random Sampling.
RSM Response Surface Methodology.
SAP System Architecture Problems.
SMAC Sequential Model For Algorithms

Configuration.
SMAD Space Mission Analysis And De-

sign.
SPEA2 Strength Pareto Evolutionary

Algorithm.
SRR Success Rate Ratio.
SSCM Small Spacecraft Cost Model.
SUR Sequential Uncertainty Reduction.
SW Significant Wins.
TPE Tree-structured Parzen Density Es-

timator.
TSE Tradespace Exploration.
TSP Traveling Salesman Problem.
TT&C Telemetry, Tracking, And Com-

mand.
UAV Unmanned Aerial Vehicle.
UCB Upper Confidence Bound.
UMTS Universal Mobile Telecommuni-

cations Service.
USAF United States Air Force.
USCM Unmanned Space Vehicle Cost

Model.
USGS United States Geological Survey.
vHTS Very High Throughput Satellite.
WRC World Radiocommunication

Congress.
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Index of terms

A
Access network, 9

wired, 9
wireless, 9

Acquisition function, 36
Expected hypervolume

improvement, 42
Expected improvement, 41
Predictive entropy search, 42
Probability of improvement, 41
Sequential uncertainty reduction,

44
Upper confidence bound, 41

Aerial systems, 16
availability, 112

B
Backbone network, 9
Backhaul network, 10
Barriers to connectivity, 99

affordability, 1, 104
infrastructure, 1, 100
readiness, 109
relevance, 109

Barries to connectivity
affordability, 2
infrastructure, 2

Bayesian optimization, 26, 36
combinatorial problems, 28
multi-objective problems, 27
single-objective problems, 26

Black-box function, 23, 36
Broadband Commission targets, 2, 98

C
Concept, 5

selection methods, 5, 18
qualitative, 18
quantitative, 19

Connect 2020 Agenda targets, 2
Connectivity graph, 172, 195
Covariance function, 39
Coverage gap, 99

D
Damerau-Levenshtein distance, 54
Design of Experiments, 23

E
Edge betweenness centrality meassure,

173
Edge covering problem, 169
Exploration-exploitation tradeoff, 36,

40

F
Fixed-broadband, 105
Flow shop problem, 66

G
Gaussian process, 39

regression, 26
Gaussian random walk, 171
Genetic algorithm, 20, 67
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INDEX OF TERMS

H
Hall-of-fame, 82
Hamming distance, 54
High altitude platform, 16
High-altitude platform, 165
Hypervolume, 42

normalized, 81

1
Internet usage growth, 2, 99

K
Kernel, 39
Kriging, 26

L
Library of test problems, 60
Low-altitude platform, 17, 166

M
Market uptake, 221
Maximum clique, 169
Minimum spanning tree problem, 194
Mobile-broadband, 105

N
NK-fitness landscapes, 62
NSGA-II, 82

0
Optimization

model based, 24
model free, 24

P
Pareto front, 13
Profitability, 112

Q
Quadratic assignment problem, 65

R
Radial basis function, 39

Random sampling, 23, 67
Rayleigh distribution, 171
Response surface methodlogy, 25

S
s-Pareto front, 21
Service requirements, 112
SPEA-2, 82
Steiner tree problem, 194, 195
System Architecture, 10

architecture, 10
concept, 10
configuration, 11
decission pattern, 12, 46
design space, 12
form, 10
function, 10
morphological matrix, 12
problems, 46

T
Techno-economic methodology, 110
Tradespace

exploration, 13
full enumeration, 21
optimization, 13, 23

derivative based, 23
derivative free, 23

sampling, 22, 23
user-guided exploration, 13

Traveling salesman problem, 65
tree-structured Parzen estimator, 67

U
Uncovered and under-served regions,

111
Usage gap, 99, 112
Utility function, 19

V
Voronoi tessellation, 195
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