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A B S T R A C T

Human mobility is prevalent across all spatiotemporal scales and has been a
main subject of study on account of its influence in the transportation infrastruc-
tures, the environment and the spread of pathogens. Yet for many years now
the lack of detailed data has hindered its systematic study. Thanks to the digital
revolution and the rise of emergent technologies occurred during the XXI cen-
tury, the era of data scarcity came to an end and we avail of human activity data
at an unprecedented level of detail. This thesis provides a physics approach to
the study of the multiple spatiotemporal scales human mobility, from the world-
wide to the urban scale, proving the potential of its tools to investigate beyond
traditional topics. Throughout this work, we combine the analysis of Informa-
tion and Communication Technologies data with the use and development of
new metrics and models to better understand the mechanisms governing it.

We start by studying the worldwide scale of tourism through the use of data
from online social networks with geolocated information and provide a mathe-
matical method to quantify the relevance of touristic sites. Additionally, we also
provide a glimpse of how our methodology could be used to investigate the
presence of visitors in touristic environments. Nonetheless, it is not only impor-
tant to measure and quantify human mobility, but also to model it. Detailed data
might not be always available and, thus, the development of models to unveil
the laws behind human movement and the variables governing it is crucial. On
account of the growing number of models developed over the last years, we
perform a comparison of the most widely used ones focusing on commuting
trips.

The prevalent increase of urban population and the challenges emerging therein
compel us to focus on the intra-urban scale, where the study of human mobility
has a lot to say. We first unveil the hierarchical structure of cities by develop-
ing a metric solely based on mobility. Thereafter, we show that our metric is
connected to the transportation, environment and health in cities. In fact, trans-
portation policies progressively became a topic of major concern due to the in-
crease of congestion and emission of pollutants. Hence, we develop a model that
mimics the movement of individuals through the public transportation system
and allows us to study the delays produced by massive events such as concerts,
demonstrations or sports matches. By solving our model analytically and per-
forming simulations, we prove that the dimension of the public transportation
network is the major driver of the scaling of delays and disruptions. In addition
to a more efficient transportation management, many cities have implemented
toll policies. Therefore, in the final chapter of this thesis, we use a traffic simu-
lation toll and a demand generated from ICT data to evaluate the consequences
of the implementation of a toll policy around the city of Barcelona.
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R E S U M E N

La movilidad humana ocurre a todas las escalas espaciotemporales y ha sus-
citado un gran interés habida cuenta de su influencia en el estudio de las in-
fraestructuras de transporte, el medio ambiente y la propagación de patógenos,
entre otros. Sin embargo, la ausencia de datos detallados acerca de cómo nos
movemos ha obstaculizado durante muchos años su estudio sistemático. La re-
volución digital y la adopción de las nuevas tecnologías durante el inicio del
siglo XXI ha terminado con la escasez de datos y hoy en día disponemos de
información sobre la actividad humana con un nivel de detalle sin precedentes.
Esta tesis constituye una prueba de cómo los métodos desarrollados en la física
pueden proporcionar soluciones más allá de los campo tradicionales. Median-
te el análisis de nuevas fuentes de datos y el desarrollo de nuevas métricas y
modelos estudiaremos las múltiples escalas espaciotemporales de la movilidad
humana, desde la escala mundial presentada al principio a la escala urbana que
centra la mayor parte de la discusión final.

Comenzaremos estudiando el turismo a escala mundial a través de datos ex-
traídos de redes sociales con geolocalización, proporcionando un método ma-
temático para cuantificar la importancia de los monumentos turísticos. Además,
mostraremos como estos datos pueden ser utilizados para mejorar nuestro co-
nocimiento del movimiento de visitantes en entornos turísticos. Sin embargo,
no sólo es importante medir y cuantificar la movilidad humana sino también
modelizarla para así comprender los factores que la influencian. No siempre
disponemos de información detallada sobre nuestro movimiento, por lo que el
desarrollo de modelos capaces de reproducirlo es crucial. Debido al creciente
número de modelos desarrollados los últimos años, llevaremos a cabo una com-
paración de los más usados.

Durante los últimos años se ha sucedido un creciente e imparable incremento
de la población urbana que ha motivado un creciente interés de la comunidad
científica en los retos que se presentan en las ciudades. Por ello, en la parte fi-
nal de ésta tesis se investiga tanto la estructura y organización de las ciudades
como el uso de las infraestructuras de transporte. Primero llevaremos a cabo
un análisis de la estructura jerárquica de las ciudades mediante el desarrollo
de una métrica basada tan sólo en la movilidad de los ciudadanos y visitantes.
Mostraremos que, no sólo todas las ciudades muestran una organización jerár-
quica de algún tipo, sino que nuestra métrica esta relacionada con el transporte,
el medioambiente y la salud en ciudades. De hecho, el transporte urbano se
ha convertido en un tema candente debido al incremento de la movilidad y la
congestión. Por ello, estudiaremos la congestión que emerge como consecuen-
cia de acontecimientos masivos tales como conciertos, manifestaciones o gran-
des eventos deportivos mediante el desarrollo de un modelo capaz de imitar el
movimiento de individuos a través del sistema de transporte público. Nuestro
modelo se puede solucionar de forma analítica y mediante simulaciones para
probar que la dimensión de la red del transporte público gobierna la aparición
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de retrasos en función del número de asistentes. Más allá de una gestión más
eficaz del transporte público, muchas ciudades han implementado peajes con el
fin de reducir la congestión y de la emisión de gases contaminantes. A cuenta
de ello, en el capítulo final de esta tesis evaluaremos los efectos de la puesta en
práctica de una política de peaje alrededor de la ciudad de Barcelona usando un
modelo de simulación de tráfico y una demanda de transporte generada a partir
de datos de telefonía móvil.
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R E S U M

La mobilitat humana és freqüent a totes les escales espaciotemporals i ha susci-
tat un gran interès degut a la seva influència en l’estudi del transport, el medi
ambient i la propagació de patògens. Tot i que la absència de dades de com ens
movem ha obstaculitzat durant molts anys el seu estudi sistemàtic. Avui en dia
la revolució digital i l’adopció de les noves tecnologies que han transcorregut
durant l’inici del segle XXI han acabat amb l’escassetat de dades i disposem
d’informació sobre l’activitat humana amb un nivell de detall sense precedents.
Aquesta tesi constitueix una prova de com els mètodes i les eines desenvolupats
en el àmbit de la física poden proporcionar solucions en camps allunyats dels
tradicionals. Mitjançant una àmplia gamma d’eines i mètodes matemàtics, així
com la construcció de models, aquesta tesi estudia les multiples escales espa-
ciotemporals de la mobilitat humana, anant des de l’escala mundial fins a la
urbana.

Començarem estudiant el turisme a escala mundial, emprant l’anàlisi de dades
obtingudes de xarxes socials amb geolocalització, i proporcionarem un mèto-
de matemàtic per a quantificar la importància dels monuments turístics. Tam-
bé mostrarem com aquestes mateixes dades es proporcionen informació sobre
l’activitat de vistants en les destinacions turístiques. Si bé és important mesurar
i quantificar la mobilitat humana, ho és encara més modelitzar-la per entendre
quins són els factors que hi juguen un paper. Donat que no sempre disposem
d’informació detallada de com ens movem, el desenvolupament de models ca-
paços de reproduir-ho és crucial. Degut al creixent nombre de models que han
aparegut durant els últims anys, durem a terme una comparació entre els més
usats.

Durant els últims cinquanta anys la població urbana no ha fet més que créixer,
augmentant l’interès en l’estudi de les ciutats. En els darrers capítols d’aquesta
tesi investigarem els desafiaments que emergeixen en els entorns urbans, com
són la seva estructura i organització o l’ús de les infraestructures de trans-
port mitjançant l’estudi de la mobilitat. Primer durem a terme un anàlisi de
l’estructura jeràrquica de les ciutats, desenvolupant una mètrica només basada
en el moviment dels seus ciutadans i visitants. Després d’això, mostrarem com
aquesta mètrica esta relacionada amb el transport, el medi ambient i la salut a
les ciutats. De fet, el transport urbà és un tema que atreu l’interès d’institucions,
tant públiques com privades, a causa de la congestió i els retards, entre d’altres.
En aquest àmbit, desenvoluparem un model que imita el moviment d’individus
a través del sistema de transport públic per a estudiar els retards que emergeixen
com a conseqüència d’esdeveniments massius tals com concerts, manifestacions
o grans enfrontaments esportius. El nostre model es pot solucionar de forma
analítica i mitjançant simulacions per probar que la dimensió de la xarxa del
transport públic governa l’aparició de la congestió i els retards en funció del
nombre d’assistents. Més enllà del transport públic, moltes ciutats han imple-
mentat peatges amb l’objectiu de millorar la mobilitat a les ciutats. A compte
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d’això, en el capítol final d’aquesta tesi, avaluarem els efectes de la posada en
pràctica d’una política del peatge al voltant de la ciutat de Barcelona, usant un
model de simulació de trànsit i una demanda de transport generada a partir de
dades de telefonia mòbil.
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1
I N T R O D U C T I O N

1.1 i move therefore i am

Movement is intrinsic to life. From the hunter-gatherers who populated earth
thousands of years ago to the XXI century human beings living in a hyper-
connected world. As a nomadic society, hunter-gatherers were able to subsist
in an adverse environment by foraging for food. The way of life was, however,
drastically modified with the Neolithic revolution. Humans began to arrange
themselves in settlements and earn their livelihoods from agriculture and ani-
mal domestication. With the transition from nomadism to sedentism, the con-
cept of mobility also acquired a new significance. Large scale movements over
short periods of time were no longer an imperative for survival, yet with longer
timescales migrations driven by conflict or climate still played a crucial role.

Despite the fact that human mobility had already taken a prominent role in
The Great Ancient cultures, such as in Egypt and Greece, it was with the Roman
Empire and its huge step forward in the development of infrastructures that hu-
man mobility reached an unprecedented scale. Their development of roads was
unheard of with around 400, 000 kilometers, among which more than 80, 000
were paved in stone [6]. Those roads played a key role in the defense and ex-
pansion of The Empire by facilitating the movement of military forces. Yet, not
all uses were for military purposes. Trade between the regions was crucial to
foster and nurture economic development. Instead, commerce and freight were
transported mainly by sea since it was cheaper and faster [7]. The Roman Em-
pire had highly developed sea routes empowered by a strong commercial fleet.
Migration was also common by that time; from the fortune seekers attracted by
the economic development of Rome to the colony migration essential to further
expand the growing Empire. Not to mention the massive movements of Barbar-
ians in the twilight of the Empire. Besides migration, the peace, and stability that
reigned for a few hundreds of years allowed the wealthiest of Romans to spend
their time on more mundane yet pleasurable chores. Romans were pioneers in
the development of the tourism industry being the precursors of the guided
tours and resorts that exist to this day. Their leisure trips were not dissimilar to
those of modern tourists, which included visits to museums and complaints on
the food of roadside restaurants [8].

After the fall of the Roman Empire, a period of great turbulence arrived and it
was not until the Middle Ages that human mobility bounced back. With a slight
increase in political stability, roads started to fill up with merchants, scholars
or just wanderers looking for a new life. Early forms of leisure trips were also
present, mostly linked to the idiosyncrasy of the corresponding period. While
during the middle age they were dominated by religious pilgrimage, between
the XVI and the XVIII century it became fashionable for young European aris-
tocrats and the wealthy upper classes to visit the most relevant European cities

1
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(the aptly named Grand Tour) as part of their education in arts and literature.
Despite, for several centuries, the majority of human movement being either

by road or by sea, it has always been linked to the development of transport
infrastructures as the steam engine and the advent of the railway evinced. Dur-
ing the XIX century, a vast railway network was developed in countries across
the globe. In Britain, for instance, the miles of railway lines built increased from
98 to 10, 433 between 1830 and 1860. Cheaper and faster than the contempo-
rary horse-drawn coach, rail transportation boosted the industrial revolution
and marked a turning point in human mobility, now making high-speed travel
accessible to mid and low-income classes. However, it was not long before the
next, and final, technological revolution in transport. From the first attempts by
Clement Ader and the Wright brothers to the first jet aircraft tested in 1939 and
the establishment of commercial flights in the second half of the XX century, air
transportation is essential in understanding our contemporary hyper-connected
world. With the emergence of low-cost airlines late into the last century, we have
witnessed an increase in the accessibility of air transportation, leading to the lat-
est record of almost 4 billion passenger flights in 2017.

The democratization of transport modes, together with the increase of our
pace of life and social interactions, has changed the way we move and, thus, the
way we live. Our movement is nowadays characterized by multiple spatiotem-
poral scales: from our short daily trips to work or to meet our daily needs, to
the less frequent long journeys to visit beautiful remote locations, a well-known
friend, or engage in inspiring discussions with other researchers at a conference.
These scales are only explained by the many transport modes available: we go
walking to a near location, we use the car or the subway to commute a few
kilometers, or we take a flight to travel a few thousand. Moreover, as trips get
longer, these modes are likely to be combined within one single trip. A long
journey of hundreds of kilometers may comprise a bus trip to the airport, fol-
lowed by a flight and a final taxi ride to reach the destination. This multi-scale
nature of movement raises several new challenges, such as the synchronization
of transport modes [9]. If a flight arrives at an airport but there are no taxis or
public transportation available, delays can appear. However, the management
of infrastructures is not the only challenge we face nowadays. The transmis-
sion of diseases, the socioeconomic development of our society or the migration
patterns are also crucial topics. While large scale pandemics such as the Span-
ish flu (which killed more people than the World War I) seemed very unlikely
some years ago, the recent increase in mobility combined with additional cir-
cumstances such as anti-vaccination movements upscale the risk of a global epi-
demic. The recent Ebola outbreaks, for instance, increased the concern of public
and private institutions about the possibility of a worldwide pandemic [10]. Not
surprisingly, many disease spreading models have been developed and most of
them include human mobility as a main driver. The movement across multiple
scales is a key factor in the spread of infectious diseases. Notwithstanding, travel
restriction is one of the methods in controlling the diffusion of pathogens [11],
yet it does not work in all situations.
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Despite the fact that multiple spatiotemporal scales of movement are crucial
to understand how a localized infection can turn into a global pandemic, study-
ing these movements at each scale separately is not only interesting in itself but
might be the most effective approach in many cases. For instance, delays in the
air transportation network [12] can be effectively modeled focusing only on large
scale movements. Conversely, the structure of cities [13], the spatial distribution
of land uses [14] or the emergence of road congestion is usually investigated by
considering only the mobility within cities [15, 16]. Moreover, the motivations
behind mobility also change across scales. Commuting, shopping or social activ-
ities dominate in the scale of a few kilometers while tourism, migrations, and
business travels are behind most large scale movement.

Two sides of the same coin, tourism and migration have acquired an unprece-
dented scale due to the stronger economic inequalities between countries and
the easier accessibility to transportation. On one side of the coin, migration has
been pervasive through time; before and now, conflict, economic inequalities,
and climate have driven the movement of individuals seeking better prospects
for the future. Although the integration of migrants is currently a cause of polit-
ical confrontation, migration also has a positive impact on both the origins and
destinations. The interaction between individuals with very distinct origins and
cultures, if well managed, can lead to cultural enrichment. Moreover, many des-
tination countries suffer from an aging population, which may well be alleviated
by the arrival of working-age migrants.

On the other side of the coin, tourism, which can be also interpreted as "tem-
porary migration", went through a drastic transformation in the latter half of
the XX century and has almost tripled in the last twenty years. The positive ef-
fects of tourism on our society, especially those of an economic nature, are very
well-known and can be summarized by the 2, 750 billion of US dollars gener-
ated by international tourism in 2018 [17]. Furthermore, when directed towards
poorer countries touristic flows can enhance the redistribution of wealth. From
a social perspective, and similarly to migration, tourism induces a mixing be-
tween cultures and enriches our society. Nevertheless, tourism is not without
its fair share of negative consequences. Air transportation, significantly influ-
enced by tourism, is responsible for 5 percent of anthropogenic greenhouse gas
emissions. Moreover, the accumulation of tourists in cities and natural environ-
ments is approaching a critical level, and if not carefully managed, may have
consequences on the environment and its habitability. The massive movement
of tourists towards popular worldwide cities combined with the embracing of
online platforms such as Airbnb have increased the tension in neighborhoods.

Although global human movement has strong socioeconomic implications,
the economic and political power progressively becomes more concentrated on
urban scales. Mirroring the time of ancient Greece, composed of several au-
tonomous city-states, the progressive blurring of national sovereignty and the
emergence of supranational entities has led to the rise of cities as hubs of socioe-
conomic activity. More than 25 years ago, Saskia Sassen introduced the concept
of global cities and envisioned a world where, at the expense of countries, huge
metropolises emerged as the center of economies [18]. She stated that, inter alia,
the development of communication technology would concentrate the manage-
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ment of the decentralized means of production in global cities across the world,
and the cooperation and competition between them would drive the worldwide
economy. Twenty-five years later, her vision is true to this day or ever true. More
than 55% of the worldwide population is nowadays urban, cities contribute with
80% of the worldwide Gross Domestic Product (GDP) and London, New York or
Tokyo have become hubs of innovation through their competition and collabora-
tion.

It is, therefore, not surprising that cities have attracted increasing attention
from the scientific community in the recent years, leading to the formulation of
the so-called Science of Cities [19] a few years ago. Cities are beyond a group of
locations or an ordered set of facts and events, and can only be understood as
a complex system wherein the interaction between individuals and their envi-
ronment gives rise to new phenomenons we should aim to understand. We can
no longer understand cities as machines, but as organisms out of equilibrium
subject to external perturbations. The study of cities involves great challenges
on the economy, the environment, and health. Even though a high share of the
worldwide GDP is generated in cities, and most of the global transactions occur
therein, strong economic inequalities between neighborhoods of the same city
are still observed. Besides, other circumstances such as criminality and life ex-
pectancy have a strong variance within cities. However, the most long-running
debate concerning cities involves their structure and organization, which has be-
come even more relevant due to the constant and consistent increases in urban
population. The issue is being tackled by a wide range of disciplines including
geography, economics, and urban planning. Yet concerning the present thesis,
we are specially interested in the contribution from physics and applied mathe-
matics. Questions such as how to measure urban structure, what causes it and
how it will evolve are still open to debate. Still, a significant amount has been
learned and achieved regarding how cities are and how they have evolved. For
instance, the development of subways during the beginning of the XX century
shaped the latter evolution of cities. Yet, the connection between city structure
and transport infrastructures co-exists interchangably. The construction of trans-
portation infrastructures shapes city structure inasmuch as city structure mod-
ifies the movement of citizens and leads to the development of new transport
infrastructures. In fact, mobility is one of the major challenges for cities. Aim-
ing to provide not only all the required goods and services to the population
but also by causing minimum traffic congestion and in turn reducing harmful
emissions of pollutants into the environment.

These points previously mentioned constitute just a glimpse of the present
challenges in the study of human mobility. Not only that, human mobility pro-
vides unprecedented insight in understanding the world we live in including
in the spread of diseases or the structure of cities. Fortunately, a wide range
of tools previously nonexistent are currently available. Back in time, and de-
spite the many attempts, the investigation of human mobility patterns was an
unattainable aspiration; the lack of (large scale) data constituted an insurmount-
able wall, which was luckily brought down at the beginning of XXI century.
With the advent of the digital revolution, the blind times have been left behind.
Beginning with the invention of the transistor in 1947, a cascade of technolog-
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ical advances ensued –including the home computer in the 1970s, the mobile
phone in the 1980s and the public accessibility to the world wide web in the
1990s– until the present times, in which the difference between a home com-
puter and a mobile phone has vanished. Beyond any other technological ad-
vances in transportation, all these technological advances have brought a highly
connected multicultural society with a broader vision of the world, and per-
mit a dream with future perspectives. But all that glitters is not gold and the
hyper-connected era also increases the complexity this world, hindering its un-
derstanding and modeling. The rampant globalization reigning today has faded
national sovereignty, making global approaches the most suitable tool to under-
stand our world. Luckily, our tools are being rapidly improved thanks to the
collaboration between scientists and the availability of highly detailed data re-
lated to human mobility and activity. With many sources of spatiotemporal data
available, human movement is no longer a conundrum, at least partially. Almost
all individuals carry a mobile phone, allowing Telecommunication companies to
record the antenna to which our mobile phones connect together with the tem-
poral information. Smartphones have turned the field upside down, providing
an almost unattainable amount of data related to human movement and interac-
tion. Location-Based Social Networks (LBSNs) are among the most widely used
to study the spatial interaction of individuals since they attach geographical in-
formation to the content posted on it. Not only that, nearly all online platforms,
which provide all type of services, record data related to the activity of users.
Yet not all data is collected through handheld devices, even transportation in-
frastructures gather information that can be potentially used to improve their
performance.

The prominent role of new data sources throughout this work should not
divert us from its real scope, the development of methods and models to re-
veal previously unseen features of our world and shed light into the underlying
mechanisms governing them. Despite the unprecedented access to human mobil-
ity data, without the proper statistical methods and models, researchers remain
as blind as ever. Modeling the spread of an epidemic not only requires reliable
multi-scale mobility data but also the development of tools to understand the
diffusion of pathogens through individuals. Similarly, the gathering of data on
the use of transport infrastructures is useless without the proper models to un-
derstand how one route and mode is chosen over another.

In the ensuing sections, a brief summary of how the study of human spa-
tial activity and mobility has evolved through history, the potential of new data
sources, and how the description and modeling of human mobility have devel-
oped in the last years will be investigated and explained.

1.2 a brief history of (modern) geography

Although the study of the spatial patterns of human activity and mobility has
attracted the interest of a whole range of disciplines, it has been historically
linked to geographical sciences. The first geographers of history focused on
mapping the yet unknown world, with the first world map made in Babylon
commonly dated from the 6th century B.C. [20]. Indeed, the earliest branch of
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geography developed was physical geography, which focused on the study of
non-human related physical processes and natural phenomena taking place on
earth including meteorology and geology, among others. Arguably the most in-
fluential work in this sphere was Kosmos, written by Alexander Von Humboldt
in the XIX century [21]. Considered as the father of modern geography, Von
Humboldt encapsulated a whole life of travel and dedication to geography in
the broadest description of natural processes ever written. In fact, the XIX cen-
tury supposed a tipping point. With the formal establishment of geography as
a field. Geographical sciences started to develop as an academic subject and
the first societies were created. By that time, human geography –the branch of
geography dedicated to the spatial interaction of mankind– had not yet been
developed due, among other things, to the limited data availability. However,
modern censuses were systematically implemented during that same century –
censuses were already performed by S.XVIII– and by the end of it, Ernst Georg
Ravenstein made one of the first attempts to derive rules and laws of human
movement from migration patterns in the United Kingdom [22]. From the deep
study of the 1881 United Kingdom census, a series of simple rules emerged that
outlined migration patterns. The main "laws" stated by E.G.Ravenstein were:

• Classification of migration. The distances traveled by individuals are of
huge variety but most of them traveled small distances, it can also be used
to classify them.

• Classification of counties. Three types of counties emerge from the study
of the variation of the population. The counties of dispersion, from which
the emigrants depart, the counties of absorption to where the emigrants
go and the counties where they just pass by.

• Counter-currents of migration. Each migrant stream has its counterpart
in the opposite direction. This counter-currents are not necessarily of the
same strength and are mainly caused by the sons of migrants and people
whose economic interests might be on those places.

• Migration and the natives of towns. Clear conclusions could not be drawn
due to the lack of data but the author suggests that one would expect more
sedentary behavior in the natives of towns

• Female Migration. The analysis by gender reveals that women migrated
more than men.

The increase of population in urban areas, already observed by Ravenstein,
raised the interest in urban systems. By 1933, Walter Christaller formulated his
Central Place Theory to understand the interaction and the spatial distribution
of urban settlements [23, 24]. Based upon rather unrealistic assumptions (such
as an even distribution of economic power across individuals), Christaller devel-
oped a theory of how urban settlements organize hierarchically within a space,
taking as a basis the region of Southern Germany. In his theory, each settlement
has a hierarchical order and an area in which it provides services and goods:
named the market. Higher-order settlements provide services and goods of all
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Figure 1.1: Sketch of the spatial distribution of markets according to Christaller’s Cen-
tral Place Theory. The hierarchy of central places is captured by the size and
color of each settlement.

class opposed to the lower ones, which provide only those below a certain order.
The type of goods and services determines the minimum demand needed to
cover its costs and the maximum distance at which a product is still competi-
tive considering the travel cost. High order goods (only provided by high order
settlements) require the highest demand to be produced, while low order goods
(provided by all kind of settlements) require the lowest minimum demand. In a
nutshell, basic services and goods such as food are provided by even small ur-
ban cores. A group of towns one order higher also provide services and goods
one order above, as could be hospitals, which have a higher cost and thus need a
higher demand to cover its expenses. Finally, we find the top order settlements,
namely huge metropolises, which are the only to offer all services and goods
including the highest order service, as could be universities.

The first conclusion that can be drawn from Christaller’s theory is that since
every bit of space needs to be utilized but avoiding overlap between markets,
they should be hexagonal as it is the most efficient non-overlapping shape. Con-
cerning their spatial distribution, the previous postulates lead to a hierarchy in
the spatial distribution of urban cores (Figure 1.1). Top order settlements are
surrounded by lowest order settlements, or in other words, the closer two settle-
ments are in the hierarchy, the further they are in space. Similarly, urban cores
of the same order are equally spaced. Yet the organization of cities proposed
by Christaller is not unique, with three spatial organizations depending on the
dominating principle. The arrangement of urban cores depicted in Figure 1.1
corresponds to k = 3, which means that each lower level settlement is served by
three higher level ones –shown with black arrows–. Likewise, each higher level
settlement provides 13 of the needs of the lower levels. Christaller proposed two
further principles depending on the rules governing the organization of urban
settlements. In the transport principle for example (k = 4), low order settlements
are placed within a straight line between two higher order settlements to opti-
mize the construction of transport infrastructures.
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Formally established as a proper scientific field in its own right, geographical
sciences attracted the increasing interest of scholars, who started to fill up the
geography university departments. The United Kingdom and the United States
were the pioneers, followed closely by France and Germany. Most of the works
during that period were, however, mainly descriptive due to the lack of system-
atic data related to human movement and the dominant paradigm at that time,
the regional paradigm. The school of regional geography focused on the descrip-
tion of patterns across worldwide regions, and how these compared with one
another. In the words of one of the leading researchers on regional geography,
Richard Hartshorne [25], geography was defined as

"(Geography) is that discipline that seeks to describe and interpret
the variable character from place to place of the earth as the world of
man."

Nowadays living in a complex interconnected world has become second na-
ture, and regions cannot be studied separately. By the mid-XX century, aca-
demics in the field realized that geography was stuck in the description of
facts, which led to a change of paradigm towards the formulation of laws to
explain the geographical features across the world. The new paradigm was
named quantitative-spatial geography and the transition occurred during the
mid-XX century received the name of quantitative revolution of geography [26–
28]. Among the several works produced during the mid-XX’s, the essay Excep-
tionalism in geography by Fred K. Schaefer stands out as one of the drivers of the
revolution [29]. Closer to a methodological essay, the author stressed the flawed
points of the field and highlighted how progression should be made in the future.
Unlike Hartshorne, Schaefer understood geography in a very different way:

"Hence geography has to be conceived as the science concerned with
the formulation of the laws governing the spatial distribution of cer-
tain features on the surface of the earth."

The concept of description, which took a prominent role for Hartshorne, dis-
appears from Schaefer’s conception, who has the formulation of laws as his
leitmotiv. The clear division of ideologies between Schaefer and Hartshorne led
to them having a strong conceptual and methodological arguement. As one can
understand from Schaefer’s essay, description, and classification of spatial inter-
actions if not followed by the laws governing them is useless. Schaefer influenced
many ensuing publications, including the seminal work of William Bunge The-
oretical Geography [30]. Bunge remarked on the relevance of geometry to better
understand the field, and even described Christaller’s Central Place Theory as
"geography’s finest intellectual product".

The quantitative revolution reshaped geographical sciences and is crucial to
grasp the current state of the art in the study of human geography, and by exten-
sion, human mobility. The enumeration of all the advances during the quantita-
tive revolution would be, however, far from the scope of this work. Here instead,
a glimpse of two of the most relevant theories ever proposed and developed dur-
ing or after the quantitative revolution of geography is provided. These models
are the Gravity Model and the Intervening opportunities, and whereas they were
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proposed several years ago, they have influenced most of the current works on
human mobility. Both models were born seeking for the laws governing the flow
of individuals between locations, or in other words, which set of variables have
a prominent role in predicting the number of individuals traveling from any
origin to any destination. One of the first publications to raise the question of
the interaction and mobility between cities and its socioeconomic consequences
dating from the XIX century is the Principles of Social Science developed by
H.C.Carey in 1858 [31]. More interestingly, although not introducing an explicit
mathematical formulation, it is the first to understand human movement as pro-
portional to the ratio between population and distance:

"The greater the number collected in a given space the greater is the
attractive force there exerted, as is seen to have been the case with the
great cities of the ancient world, Nineveh and Babylon, Athens and
Rome, and as is now seen in regard to Paris and London, Vienna and
Naples, Philadelphia, New York, and Boston. Gravitation is here, as
everywhere else in the material world, in the direct ratio of the mass,
and in the inverse one of the distance."

With the natural idea that human flows could be proportional to the popula-
tion of the origin and destination and inversely proportional to the distance, it
was the philologist George Kingsley Zipf who made its mathematical formula-
tion. Zipf was mostly known for his seminal work on the co-occurrence of words
[32], in which he observed a direct connection between the frequency of words
and their rank. A connection that also held for the distribution of city sizes. Fol-
lowing the argument of Carey, Zipf [33] ends up describing the movement of
goods and individuals as the product of the population of two cities P1 and P2
divided by the distance D separating them

Tij =
P1P2
D

. (1.1)

This expression is contrasted with (a small sample of) real data on human move-
ment and transportation of goods finding a reasonable agreement. This rather
simplistic approach was rigorously reformulated later on by Alan Wilson in [34],
who extended it to include constraints such as a fixed number of out-going
and in-going trips to and from each location. The proposal and development
of the Gravity model and its variations were in parallel with another game-
changing theory proposed during the mid-XX century, The Intervening Oppor-
tunity Model [35]. Developed by Samuel Stouffer in 1940, it was built upon the
conceptual idea that "the number of persons going a given distance is directly
proportional to the percentage increase in opportunities at that distance". In con-
trast to the gravity model, the dependence on the distance is no longer explicit,
yet implicit. However, it is expected that the number of intervening opportu-
nities increases with distance. This simple statement can be formulated as the
differential equation

dy(r)

dr
∼
1

x

dx(r)

dr
(1.2)
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where y(r) is the number of individuals moving at a distance r given a certain
origin and x(r) is the number of intervening opportunities at a distance r. By
assuming that x(r) is a continuous and integrable function, we can easily obtain

y(r) = logx(r) +C. (1.3)

The theory proposed by Stouffer was further mathematically developed by Schnei-
der in [36].

Despite the huge development of geographical sciences during the second
half of the XX century, access to data was still limited, as was the computational
power. With the end of the XX century and the beginning of the XXI, the digital
era emerged providing an unprecedented amount of geolocated human activity
data. Not only that, it also opened the study of human movement to other fields
such as physics, and more concretely, statistical physics.

1.3 what we have is data glut

In The character of physical law, Richard Feynman describes the process of looking
for a new law, and his view on the scientific method, as

"In general we look for a new law by the following process. First,
we guess it. Then we compute the consequences of the guess to see
what would be implied if this law that we guessed is right. Then we
compare the result of the computation to nature, with experiment or
experience, compare it directly with observation, to see if it works. If
it disagrees with experiment it is wrong. In that simple statement is
the key to science."

While ultimately true, science seldom is such an idealized straightforward
procedure. We commonly face indecipherable puzzles, which are only solved
through models capturing the main mechanisms behind our observations. The
study of human mobility is not an exception, and relies on the construction of
models and its examination against observation. Yet the scarce data available
through history has hindered such comparison.

Performed since almost the beginning of civilization, censuses were the main
source of citizens’ statistical data through history. Authorities of several Ancient
cultures performed records of the population, seek for improving the collection
of taxes or for individuals prepared for the military service. The first known cen-
sus dates from Ancient Egypt, between the Middle and the New kingdoms [37].
Yet among the Ancient cultures, the Roman Empire was exceptionally prolific
and conducted several censuses whose references can even be found in the Bible.
Notwithstanding, the word census has its origin on the Latin word censere. De-
spite there is a record of profuse censuses in the succeeding centuries, it was
not until the XVIII and XIX centuries that the systematic modern census was
progressively established across the globe. For instance, the first census in the
United States and the United Kingdom date back to 1790 [38] and 1841 [39], re-
spectively. Just before them, by 1787, the Floridablanca census was performed
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in Spain. One of the UK early censuses (1881) was used by E.G. Ravenstein in
his work Laws of Migration [22]. The study of human mobility and its relation
with socioeconomic aspects was, however, still limited since it was not until the
last century (1921) [40] that questions about workplace were introduced. Despite
the restricted character of the questions, censuses have been extensively used to
understand and model human mobility, allowing the test of mobility models
such as the Radiation model [41], their comparison [42] and the stress of their
limitations [43]. Besides general mobility models, the key role of mobility in the
spread of pathogens makes the use of commuting data almost mandatory as they
represent a significant part of short and mid-range mobility [11, 44]. While the
information on population density provided by censuses has been largely used
to study city organization [45, 46], migration research is also partially sustained
on censuses and surveys [47, 48].
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Figure 1.2: Evolution of the number of mobile phone subscribers since 1970.

Although censuses allowed major leaps on human mobility research, their lim-
ited spatiotemporal resolution, sparsity across time and high cost has involved a
major shortcoming. The limited access to statistical data during the XX century
went through a tipping point with the end of the analogical era and the advent
of the digital revolution. During 1979, the first automated cellular network was
released in Japan, followed by the Nordic countries and the United States in 1981
and 1983, respectively. Despite the limited impact of that early deployment, the
introduction of the 2G network in 1991 turned mobile phones into mainstream
devices (Figure 1.2). 2G networks implemented digital signals instead of ana-
logical, which were less power consuming and allowed the exchange of digital
content such as text messages. Not without fears, telecommunication compa-
nies record ever since then spatiotemporal information of the interactions be-
tween users when an event (Phone call, Short Message Service (SMS), etc) occurs.
The high temporal and spatial resolution compared to other contemporary data
sources, together with the high adoption rate reached by the XXI century (Fig-
ure 1.2), provided a huge step forward in the study of the statistical properties
of human movement as they gradually permeated into the scientific community.
Unlike aggregated datasets such as banknotes [49], mobile phones are generally
owned by a single person enabling the reconstruction trajectories and interac-
tions at an individual level. Call Detail Records (CDRs) usually include for each



12 introduction

event: the time, the coordinates of the antenna of the sender and the receiver and
their id, anonymized and protected by a security key to preserving privacy. Ar-
guably the first work to use CDRs in the study of human mobility a first glimpse
of the statistical patterns of individual mobility measuring the distribution of
displacements and inter-event times, and found both of them to be heavy-tailed
[50]. On further extensions, more refined models on individual mobility distin-
guishing the unique feature displayed by humans were developed [51]. Beyond
individual mobility, individual trips extracted from CDRs can be aggregated to
capture patterns at a population level. Those aggregated patterns of movement
are usually captured by Origin-Destination (OD) matrices, which account for the
flows between areas of a city, region or a country. Taking the set of trips of
an individual as a basis, an OD matrix arises from the aggregation of trips for
all individuals in a dataset. Each entry of an OD matrix corresponds, thus, to
the total number of trips performed by (a subset of) the population between
every pair of locations within the time frame of study. The requirement of a
statistically significant amount of data and a high temporal resolution makes
mobile phone data far more suitable than Global Positioning System (GPS) or
LBSNs. Although, in principle, OD matrices can be computed at any spatiotem-
poral scale, the use of new technologies has thrived at urban scales. Moreover,
they are rarely calculated across countries due to the limitations of some data
sources such as CDRs. Arguably the first work to explore the quantification of
intra-urban trips from mobile phone data was [52]. More a prospective work
than a revelatory one, it established the strong potential of mobile phone data to
obtain reliable OD information. Ever since then, the field has been flooded with
works measuring OD matrices from new sources of data [53–58]. Aggregated OD
matrices provide the optimal framework to test general mobility models [41, 59],
estimate the demand for transport in a city [60, 61], or investigate the structure
and organization of cities [13]. The interest in the human spatial activity is not,
however, exclusively academic since the whereabouts of citizens and their so-
cioeconomic characteristics have huge potential economic benefits [62]. Besides
the spatial information, most CDRs also provide the social connections between
users, which has allowed the investigation of face-to-face interactions and the in-
ference of friendship through the spatial co-occurrence [63, 64]. These are just a
few of the latest research that availed of mobile phone data, an extensive review
can be found in [65]. Despite the wide range of applications of mobile phone
datasets, they have drawbacks and limitations we should be aware of. Since they
are owned by private companies, their availability is usually very restricted and
it is frequently linked to economic exchanges. Yet, exceptionally, telecommuni-
cation companies have released datasets to promote research and improve our
society as the Data for Development (D4D) challenge [66–68]. Moreover, they are
usually restricted to single countries since telecommunication companies vary
across them. Despite the spatiotemporal resolution of mobile phone datasets
is overall acceptable and far better than censuses and surveys, it can become
problematic in certain contexts. Their spatial resolution is limited to the spatial
distribution of antennas and, thus, is only reliable in areas with high population
density, hindering the study of low-density regions in the countryside. More
subtle is the temporal resolution provided by those datasets. Before the advent
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of smartphones, most of the data provided to researchers recorded the location
of individuals only when an event occurred, leaving the location sampling at the
mercy of the activity frequency of users. As shown in [69], if the temporal scale
of the movement is smaller than the time lapse between records, the temporal
irregularities can be problematic and lead to incomplete or truncated trajecto-
ries. With the adoption of smartphones, such limitations have been overcome
since they establish a connection to the antennas every few seconds. Further
concerns include whether mobile phone owners are representative of the whole
population or not. It was found that whereas in countries with high GDP per
capita they were representative, a strong socioeconomic dependency appeared
in low GDP countries [70–73]. Yet, when correctly identified, this biases could
be compensated to accurately estimate mobility flows [72]. Much more subtle
are the privacy concerns that emerged with CDRs ever since the adoption of mo-
bile phones. The perspective of private companies recording our position with
a moderate-to-high spatiotemporal resolution jointly with our socioeconomic
characteristics is undeniably scary. Not surprisingly, the interest in how private
data is handled has increased over the last years, attracting the attention of both
researchers [74, 75], and public institutions. Such concerns were nothing but con-
firmed in [76], where researchers concluded that individual trajectories were so
unique that could be identified with little outside information. However, bear-
ing in mind that most of the latest advances occurred have been only possible
thanks to such datasets, the record of data concerning our privacy should not
be demonized but accompanied by a surveillance of how it is handled. In fact,
the EU General Data Protection Regulation went into effect on 2018 [77] to allow
citizens to monitor and control their data as well as to clarify the use made by
private and public institutions.

Most weaknesses of mobile phone data, especially its limited spatiotemporal
resolution, are overtaken by GPS data. GPS data records the location of individu-
als with high spatial precision and temporal frequency. Data obtained from GPS
commonly includes an (anonymized) user id, and the spatial coordinates and
temporal information of each log. Even though the temporal resolution varies be-
tween datasets, usually it is only of a few seconds or minutes at most. With con-
tinuous spatiotemporal data, the challenge of trip identification emerges. While
in the case of CDRs a displacement is the distance traveled between two consecu-
tive events, in the case of GPS data displacements need a proper definition since
it includes almost continuous information. A displacement or trip is defined as
the movement between two stay points, which are commonly detected through a
threshold in time and distance. If individuals stay a lapse of time above a certain
threshold with a distance shorter than a certain threshold they are considered to
be in stay point or stop [78]. Arguably one of the first works to use GPS data in
the context of human mobility distributed GPS devices across a set of students of
the New York City University [79]. Their trajectories were reconstructed and a
detailed description of their mobility patterns was performed. Continuous data
allows not only a better definition of displacements but also the measurement
of the speed of movement, which can be used to infer the transport mode used
by individuals [80]. Moreover, GPS devices are not necessarily carried by indi-
viduals themselves but are also sometimes included in vehicles such as cars or
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taxis. Admitting that those GPS records represent only a subset of all displace-
ments, the trips therein are usually well defined and allow the measurement of
several statistical properties [81]. Furthermore, in [82] the analysis of GPS traces
revealed that individuals could be dichotomically classified between explorers,
whose displacements between the most common locations are not representative
of their whole movement, and returners, whose displacements between the most
common locations are representative of their whole movement. While the weak-
nesses of CDRs are not present in GPS devices, the strengths of CDRs are among
the weaknesses of GPS data. Human mobility datasets obtained from GPS data
are only available from a few experiments, mostly containing a small sample of
individuals or limited to only one transportation mode. For instance, the studies
cited before [80, 83] were performed on 44 and 65 individuals, respectively.

With the digital era, a huge amount of data is being daily recorded in nearly
all sectors, among which, transportation stands out. Providing us with insightful
information on how citizens use transport infrastructures such as taxis, public
and air transportation. Taxi data usually accounts for the time and location of a
passenger pick up and drop off and might, exceptionally, include also the full
trajectory. Most of the works with taxi data have a similar focus as those with
mobile phone data. Similarly to [50], we find works focusing on the distribution
of displacements [84, 85], with the advantage that those are truly well-defined
displacements, yet they are just a small subset. Additionally, also the organiza-
tion of cities can be inferred from the spatiotemporal distribution of demand
[86]. The destinations of trips in the early morning can be identified as work-
places, while those in the late afternoon are likely to be residential or hotel areas.
Yet if Taxi data sets up apart other datasets, it is in the inference of traffic [87].
The widespread of single-individual smart cards in public transportation sys-
tems such as the oyster card in London has allowed many institutions to record
information on how citizens use infrastructures. Despite the idea of using smart
cards is original from the XX century, its widespread was not until the beginning
of the XXI [88]. The use of smart cards simplifies the payment methods, allows
flexible fares and additionally provides high quality data on the use of the pub-
lic transportation system. This type of data usually includes information on the
origin and destination stations of a user and, in some cases, the line changes
made. The most direct application of this type of data is, obviously, the efficient
management of transportation systems. The temporal variability of demand is
an invaluable asset to, for example, adapt the frequencies of buses, subways,
and trains [89]. Beyond the management of transport infrastructures, we also
find similar studies to those carried out with other data sources measuring and
modeling the statistical properties of movement [90, 91]. At an urban scale, city
structure and organization can also be inferred from such datasets [92]. The
spread of smart cards in many cities has allowed the comparison of mobility be-
tween cities, showing comparatively more complex spatiotemporal patterns in
London than in Beijing or Singapore [93]. The limitations of transport datasets
are certainly obvious, each one is limited to a single transport mode and, thus,
gives a partial picture of the overall mobility. Moreover, only a few subset of
cities record and provide such datasets heavily restricting systematic studies
across the globe.
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The recent technological advance that has most drastically and unexpectedly
transformed our society is the global adoption of LBSNs. Social networks have
connected humans beyond any transportation technology, and have also boosted
the access to human-related spatiotemporal data. Early since the pervasiveness
of the internet, online social networks started to gain adopters and with the
advent of handheld devices with geolocation features, they nowadays attach ge-
ographical information to many posts and interactions. Examples of such social
networks range from sites in which the use of geographic information is op-
tional such as Facebook [94], Twitter [95] or Instagram [96] to others in which
location check-in takes a pivotal role like Foursquare [97]. Many of these online
services allow (partial) access to their data through an Application Program-
ming Interface (API) or provide datasets with research purposes. Although the
information provided varies between social networks, it can be succinctly sum-
marized by the content –i.e. a tweet, a photo or a post–, the temporal and geo-
graphical information, and eventually, the connections between users, i.e., who
follows who or who is a friend of whom. Ever since the first exploratory works
proving the potential of LBSNs to study socio-technical systems, the interest of
researchers has done nothing but grow. Conversely to mobile phone data, LBSNs
provide mostly worldwide content, upscaling their potential applications [98].
These advantages have been exploited to compare intra-city mobility patterns
across worldwide cities [99], to unveil global movement patterns [100] or track
the diffusion of individuals after visiting cities [101]. Social networks based on
location check-ins such as Foursquare allow, additionally, the measurement of
which place categories are more likely to be visited consecutively [102]. Likewise
CDRs, the relation between friendship, space and mobility has also been investi-
gated through LBSNs thanks to the information on social connections provided
by LBSNs. In [103], the decay of the friendship probability with the distance was
analyzed in three social networks, finding patterns compatible with the gravity
model. LBSNs provide many qualitative advantages but are not bias-free either.
Those biases are in general terms similar to the ones observed in CDRs, includ-
ing uneven temporal sampling and adoption rates. The adoption rates of LBSNs
(also known as penetration rates) vary between countries, and are not necessar-
ily linked to the GDP as in the case of CDRs [100]. Moreover, those biases are
also present within the same country. A deep study of geolocated tweets in the
United Kingdom showed small but statistically significant differences between
socioeconomic classes [104]. A problem much more specific of online social net-
works is the presence of bots [105], which can potentially divert the results of a
research. Yet despite the biases observed in both CDRs and LBSNs, their reliability
against surveys has been already proved [106].

On summary, while more than one source of data can be used for the same
purpose, the research commonly frames the most suitable type data to be used
according to its advantages and disadvantages. Albeit on many occasions, we get
access to a dataset and then frame the research according to it. As final remark,
our society should be aware that despite the digital era and the rapid increase of
data most of these datasets are in control of private companies, which are equally
or more interested in the amount of money generated than in understanding and
modeling human mobility, and, more generally, improving our society.
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1.4 methods on human mobility

From the early beginning of the XXI century, we have witnessed many advances
in understanding and modeling the features and properties of human mobility.
Throughout this section, we discuss a few of the most relevant metrics and find-
ings through the study of a GPS trace of the author of the present thesis through
six months. The dataset analyzed contains almost continuous spatial information
and was obtained from the Google Maps Timeline Service [107], which allows
users to download their own location data. Admitting the null statistical signifi-
cance of measures performed in a single individual, they serve as an illustration
of the current state-of-the-art.

Figure 1.3: Sample trajectory for the individual studied in blue.

We start by showing in Figure 1.3 a subsample of the full trajectory of an in-
dividual. Since we are studying a GPS trace, the trajectory has a high spatiotem-
poral resolution opposed to other datasets such as LBSNs or CDRs, which would
provide much more sparse information. The most widely used and the first to
be introduced measure to characterize human movement is the distribution of
displacements P(r) [49, 50]. Also widely studied in other animals [108, 109], the
distribution of displacements is the probability of performing a movement of
length ∆r, measured the distance between two consecutive stay points of an in-
dividual. In our case, a stay point occurs when an individual moves less than
1 km during at least 30 minutes. In Figure 1.4 we show the distribution of dis-
placements for the sample trajectory. Despite the noise, the distribution appears
to be heavy-tailed spanning across three orders of magnitude and despite short
displacements are more likely to happen, long-range ones can seldom occur.

Recovering the famous first law of geography proposed by Waldo Tobler "Ev-
erything is related to everything else, but near things are more related than
distant things", and translating it to individual movement, individuals are more
likely to travel a short distance than a large one. Movements characterized by
heavy-tailed distributions are commonly associated with a specific type of ran-
dom walk named Lévy flight. Yet in contrast to the standard Lévy flight trajec-
tories, humans display periodic patterns of movement as a consequence of their
daily routines [50, 51, 110]. We not only go every day to the same workplace and
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Figure 1.4: Displacement and inter-event time distribution. (a) Displacement distribu-
tion P(∆r) and (b) inter-event time distribution P(∆t).

return to sleep at home, but we also tend to buy goods or have dinner in similar
places. In Figure 1.4, for instance, we can see how certain distances deviate from
the overall trend. Displacements around 10 km appear to have a higher proba-
bility than one could expect from the overall trend, which probably correspond
to the commuting between the home and work, the mostly repeated trip in daily
life.

Complementary to the distribution of displacements, we can measure the dis-
tribution of waiting or staying times, calculated as the time elapsed between two
consecutive trips. Its distribution is shown in Figure 1.4, which is again heavy-
tailed as many previous works observed [50, 51, 110]

Figure 1.5: Locations visited by the sample individual. The size of the points correspond
to the visitation frequency and the blue and red points correspond to the
work and home locations, respectively.
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As in P(∆r), we see a deviation from the general trend corresponding to wait-
ing times between 11− 13 hours. A common peak corresponding to the average
time spent at home (work) on weekdays.

Mobility traces can also be used to extract the locations where an individual
performs activities. The most visited locations in our sample trace are shown
in Figure 1.5, in which the size of the points corresponds to the visitation fre-
quency. Among the visited locations, we identify the home and work locations.
Commuting patterns constitute a large share of the daily mobility and are, thus,
essential to understand the organization of cities or the use of transportation in-
frastructures. The most straightforward approach to identify the home and work
locations consists of the inspection of the visit times of locations. Generally, the
place where an individual spends the night is identified as its residence, and the
location where she/he spends the day is considered its workplace [106]. Accept-
ing that this might fail to capture night workers, it is a fairly good approximation
that has been validated against surveys [106]. The home and work locations for
the individual studied are depicted in Figure 1.5 in red and blue, respectively.
To build the commuting information of a whole region, we would draw a link
between the home and work locations of each individual in our dataset and ag-
gregate them to obtain a weighted network in which the weight corresponds to
the number of commuters between any pair of locations.

Figure 1.6: Aggregated mobility network of the sample individual.

Beyond commuting information, all the trips performed by an individual can
be obtained from GPS data by connecting two consecutive stay points. The ag-
gregation of all the trips for an individual would give a mobility network as a
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result. In Figure 1.6 we depict the mobility network for the individual of study,
whose weights correspond to the number of trips between any pair locations
and darker colors obey to a greater number of trips. As we could expect, the
darkest link corresponds to the movement from home to work and the other
way around. The aggregation of the mobility networks of thousands of users
would result in an OD matrix containing all types of trips. Such matrices are
scarce and, thus, very valuable. The (almost) complete mobility networks have
many potential uses, from the optimization of urban transportation networks to
the spread of diseases.

Here we have shown a glimpse of how the statistical properties of movement
can be studied from individual mobility traces, together with how these mobil-
ity traces can be aggregated to build OD matrices. In the following section, we
provide a summary of the most important methods developed in the last years
and the most relevant findings.

1.5 human mobility state-of-the-art

Through this section, we provide a detailed description of what we have learned
of and from human mobility (before and) since the research boost by the be-
ginning of the XXI century. The vast literature produced in recent years turns a
state-of-the-art review of the field an almost unattainable task. Spanning across
multiple scales, each of them deserving a whole book, human mobility is not
only interesting by itself, yet it also provides insights on the world we live in.
We start with the early works describing the features of human movement and
how they have been modeled from both an individual and an aggregated per-
spective. Thereafter, we provide a glimpse of the many uses and applications of
human mobility. From those spanning across many scales as the spread of dis-
eases to those involving mainly long-range movements such as air transportation
or focusing only on short scales such as city structure.

1.5.1 Modeling the individual movement

The study of human mobility has been limited for ages by the scarce data avail-
able on the movement and socio-economic characteristics of individuals. In fact,
the first mobility datasets started to be available during the 90s in the field of
dispersal ecology and accounted for the movement of other animals instead of
humans. One of the first studies on animal movement measured the displace-
ment time of albatrosses by means of sensors which recorded the lapse of time
in which the animal was wet [111]. In agreement with prior predictions that levy
flights might be found in biological systems [112], the movement of Albatrosses
appeared to be well described by Lévy-Flights. Likewise, Lévy-Flights were also
found in ensuing works on jackals [113], Spyder monkeys [114] and a set of ma-
rine predators [115]. Moreover, it was shown that they constitute the optimal
strategy when seeking for sparse resources [116]. A Lévy-flight is a specific type
of random walk characterized by a heavy-tailed distribution of displacements.
Displacements are mostly short yet there is a non-zero probability of perform-
ing very long jumps. Mathematically, they are characterized by a distribution
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of the shape P(∆r) ∼ ∆r−βw with 1 < βw < 3. The Lévy-flight nature of the
animal movement was, however, called into question when the analysis of GPS
traces revealed that the distribution of displacements was better described a
shifted gamma distribution [108]. More recently an extended study with more
advanced methods [109], found Lévy flight patterns not in all but in a significant
proportion of the specimens studied.

It was within this context when, in the 2000s, the scientific community started
to have access to datasets on human movement. In arguably the first work to
appear [49], the authors studied the statistical properties of human movement
from the dispersal of banknotes. To characterize human movement they mea-
sured first the distribution of displacements P(∆r) calculated as the distance
between two consecutive recorded locations of a banknote. Similarly to other an-
imals, the distribution could be fairly approximated by a power-law of the shape
P(∆r) ∼ ∆r−(1+βw) with βw = 0.59, evincing the Lévy flight nature of human
movement. Yet their diffusion at large times resulted much slower than expected
for such a type of movement as a consequence of long waiting times between
displacements. It was the first time, yet not the last, that the dichotomy between
a distribution of displacements characteristic of superdiffusive Lévy flights and
features distinctive of a subdiffusive process were encountered in human mobil-
ity. The nature of the dataset limited, however, the understanding of individual
mobility patterns since each banknote displacement contained the movement
of at least two individuals. Shortly after, a work with a similar scope but dif-
ferent data source appeared to provide a more complete vision on the features
and statistical properties of individual mobility [50]. Two mobile phone datasets
allowed the reconstruction of the trajectory of users at an individual level. In
their case, the distribution of displacements appeared to be well described by a
power-law distribution with an exponential cut-off

P(∆r) = (∆r+∆r0)
−(1+βw)exp(−

∆r

k
), (1.4)

with a similar exponent (βw = 0.75) to the one observed in [49] despite using
different dataset. One step further, the individual perspective allowed them to
unveil whether all users followed the same universal distribution or the distri-
bution resulted from the convolution of unique individual properties. To do so,
they started by characterizing users according to their typical displacement by
means of the radius of gyration rg, which in the context of human mobility is
given by

rag(t) =

√√√√ 1

nac (t)

nac∑
i=1

(−→r ai −−→r acm), (1.5)

where nac (t) is the number of displacements of an individual a, −→r i are the lo-
cations visited by an individual and −→r cm corresponds to the center of masses
of an individual. Succinctly, rg captures the average displacement from the cen-
ter of masses and provides, thus, a characteristic distance of displacement for
each individual. The values of rg for each user displayed a wide range of val-
ues, evincing a high heterogeneity of travel patterns. Interestingly more, the
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displacement distribution could be rescaled by using rg and collapse the indi-
vidual distributions into a single curve. Which revealed that individuals with a
similar rg had a similar distribution of displacements and that, as a fundamen-
tal statement, humans move following a Lévy flight bounded by their radius of
gyration as a consequence of, among other things, our regular daily patterns.

In fact, individual mobility has been repeatedly modeled as a random walk
over the last years, a mathematical framework proposed by Karl Pearson in 1905
[117] and widely developed during the past century [118]. In its most general
form, a random walk is a stochastic process in which an object –or walker–
moves randomly throughout the space. Different subtypes of random walks
emerge then depending on whether the length of the displacements or the in-
terval between them are constant or determined by a certain distribution. Those
elements determine many of the features that random walks exhibit such as
their diffusion regime, which can be obtained from the temporal increase of the
Mean Squared Displacement (MSD) 〈∆r2〉. Given the general form 〈∆r2〉 ∼ ταw ,
we call normal diffusion when the MSD grows linearly with time (αw = 1), a
paradigmatic example of which is the 1D random walk in which at each time
step the walker jumps a fixed distance either to the left or to the right. The char-
acteristics of individual mobility –a heavy-tailed distribution of displacements
and waiting times– suggest, instead, that it could be effectively modeled as a
Continous Time Random Walk (CTRW). A random walk model in which both
the jump length and the time elapsed between two consecutive jumps are ex-
tracted from a certain distribution. In other words, a CTRW is characterized by
the distributions P(∆r) and P(∆t) (Figure 1.4), whose shape determines the dif-
fusion regime. To cut the long story short, if P(∆r) is heavy-tailed but P(∆t)
has a well-defined average, the random walk is superdiffusive (αw > 1). Con-
versely, when P(∆t) is heavy-tailed but P(∆r) has a finite variance, it is in the
subdiffusive regime (αw < 1). Interestingly more, when both P(∆r) and P(∆t)
are heavy-tailed, diffusion can be either sub- or superdiffusive depending on
the exponents of the distribution [49, 119]. Given a distribution of displacements
P(∆r) ∼ ∆r−(1+βw) and a distribution of waiting times P(∆t) ∼ ∆r−(1+γw) the
MSD of a CTRW is given by

〈r2〉 ∼ τ
2αw
βw
w . (1.6)

Therefore, the CTRW will be in subdiffusive regime for βw > 2αw, in the su-
perdiffusive one for βw > 2αw and in the normal one otherwise.

Both works [49, 50] supposed not only a major leap on the understanding of
human movement, but also a first proof of the potential of the tools developed in
physics to describe and model human mobility. Despite the first works on animal
movement disregarded humans, the digital revolution has flooded researchers
with human-related data in the blink of an eye and has quickly overcome all the
previously available data on other animals. Such datasets allowed the further
exploration of the dichotomy between a distribution of displacements typical
from Lévy flights and a bounded sub-diffusive movement [49, 50]. Availing of
GPS data, a group of researchers confirmed once again the two regimes of hu-
man movement in this case as a function of the timescale [83]. By studying the
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scaling of the MSD with time, 〈r2〉 ∼ ταww , a clear transition appeared between a
superdiffusive (αw > 1) and a subdiffusive (αw < 1) regime after t = 30minutes.
The study was, however, limited to a small subset of university students, whose
mobility patterns were very similar and not scalable to the whole population.
Additionally, human movement is undeniably entangled with the underlying
transport infrastructures. In fact, when unfolded by transportation mode, the
displacement distribution appeared to be log-normal for each mode and pro-
duced a power-law-like distribution only when brought up together [120].

In [110], a balance between exploration of new locations and a tendency to re-
turn to previously visited locations was identified as the cause of the distinctive
properties of human movement compared to general CTRW models. Conversely
to the standard Lévy flights, in which the number of distinct locations visited
should display a linear scaling with time and the visitation frequency a homoge-
neous probability for large times, they scaled sublinearly and followed a Zipf’s
law, respectively. When those two mechanisms were incorporated into the model,
the deviations from the standard models were effectively explained. The further
investigation of the interplay between both the exploration and the return re-
vealed that all individuals could be dichotomically classified between explorers
and returners [121]. When comparing the radius of gyration of individuals in-
cluding all locations and only the k most frequent two types of individuals
emerged: the k− explorers and the k− returners. While in the first ones the rg
including only the k most visited locations is significantly lower than the one
including all locations, in the later ones they are comparable. In other words,
while in the case of the k− returners their movement can be well approximated
considering only a few locations, the movement of the k− explorers can only be
understood with all their visited locations.

At long scales, the characteristics of LBSNs have allowed, for instance, to un-
veil the relations between worldwide regions [100] or to evaluate the role of
cities and their interaction [14]. When studying the global movement of individ-
uals, migration is of special relevance, yet obtaining reliable migration data is
still a challenge. One of the few works able to gather migration flows between
countries from 1960 to 2000 [122] led to the further analysis of the network fea-
tures and its relation to the economy [123, 124]. An extensive study of migration
flows between 1990 and 2010 showed that conversely to our perception, most of
the African migration flows were within the continent and not towards richer
European countries [48]. Beyond migrations and business trips, the main driver
of human movement is, out of any doubt, tourism. On account of the limited
studies that analyze and quantify the global movement of tourists, we develop
a study in Chapter 2.

1.5.2 Modeling the aggregated properties of human movement

Despite the efforts in understanding and modeling individual movement, under
certain circumstances their features and the motivations behind it may divert the
final aim of a work. Once we are capable of quantifying human movement either



1.5 human mobility state-of-the-art 23

from censuses or new data sources (See Section 1.3), the most fundamental ques-
tion is the prediction of those flows or, in other words, unveil the laws governing
human movement. As we already discussed, the interest in understanding how
many people move from one place to another has puzzled researchers since
ages. Since mobility data became widespread, many models have appeared,
progressively refining our knowledge of human movement. Overall, mobility
models can be summarized as the set of demographic and socioeconomic vari-
ables of locations, their geographic characteristics such as the distance or travel
time between them and how all those are related. Additional information that
some models have seldom incorporated include, for instance, the social ties be-
tween individuals. The two most widely used models developed in the last years,
strongly influenced by models proposed in the mid-XX century, are the gravity
and the radiation models. While in both models the population plays a promi-
nent role in the number of trips between two locations, the main difference lies
upon the dependence with their distance. Whereas in the gravity model the
distance between locations appears explicitly, in the radiation model its role is
only implicit, and the spatial distribution of jobs and population acquire a more
prominent role.

Despite the foundations of the gravity model date back from the mid-XX cen-
tury (Section 1.2), it has suffered several modifications over the last years. Its
most general mathematical formulation can be summarized as

Tij = km
αG
i m

γG
j f(dij), (1.7)

where k is a constant, mi and mj are the populations of the origin and desti-
nation respectively and f(dij) is a decaying function with the distance. The two
most widely used functions are e−βGdij or d−βGij , where βG is usually fitted
from the data. While in many cases the scaling with the population is assumed
to be linear, this general form proposed by [125] does not assume it, and adds
two more parameters to be fitted, αG and γG. Following its general formula-
tion, constrained versions were developed. These can be singly-constrained if
the total number of trips originated or concluded at each location is known and
fixed, or doubly-constrained if both are known and fixed [34]. Further exten-
sions of it include other socioeconomic variables besides the population, such as
the GDP per capita [126]. Its simplicity and the reduced data necessary to pro-
vide reliable predictions of movement patterns make the gravity model suitable
for transportation planning or epidemic spreading, among others. Yet despite
its wide acceptance, it is not free of drawbacks such as the lack of theoretical
background or the need to fit parameters which depend on the region and scale
studied.

These weaknesses led to the proposal of the so-called Radiation model to esti-
mate the aggregated flows between regions without the need for any parameters
[41]. Inspired by the intervening opportunities model (Section 1.2), this model
is built upon the idea that the number of trips between two regions is related
to the number of job opportunities between both and not the distance between
them. Each region has a certain number of job opportunities njobs directly re-
lated to its population and a score of z extracted from a distribution p(z). With
the premise that individuals choose the closest job opportunity scored higher
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than the best local opportunity and developing mathematically, the number of
trips between i and j yields

Tij = Ti
mimj

(mi + sij)(mi +mj + sij)
, (1.8)

where mi and mj are the population of the origin and the destination of the
flows, respectively, and sij is the total number of job opportunities closer than
the distance between origin and destination. The final expression depends nei-
ther on the number of job opportunities nor on the distribution of scores. More-
over, it does not depend on any parameter, yet an extended version including
one was proposed early after [43]. Many other extensions and modifications
were proposed, including a cost-based generalization [127], in which the cost of
traveling through the network was used instead of the distance.

Despite these are the most widely used models many more have been devel-
oped in recent years. Yet many of them were built upon the previously men-
tioned. In [128], a doubly constrained gravity-like model is developed, display-
ing many additional advantages. Instead of an aggregated approach, individuals
are allocated one by one and the trip probability is progressively modified. A re-
cent work [129] proposed a rank-based model in which memory had a crucial
role to accurately reproduce individual and aggregated mobility across multi-
ple scales. In Chapter 3, we provide a systematic comparison of trip distribu-
tion models focusing on the gravity and the intervening opportunities to unveil
which one performs better at reproducing commuting flows.

1.5.3 Human mobility applications

Many breakthroughs in the measurement and modeling of individual and aggre-
gated movement at many spatiotemporal scales have been achieved in the past
decade, opening the door for many applications such as the study of the emer-
gence of congestion and delays in transportation infrastructures, the structure of
cities or the spread of infectious diseases, among others.

The later relentless increase of urban population –more than 55% of the world
population lives in urban areas [130]–, together with the globalization and the
economies of scale, has bestowed cities with a pivotal role. Hence, the impor-
tance of studying cities and the processes that take place therein. Among the
conundrums that have puzzled urban research, if any, the structure and organi-
zation of cities stand out. Back to the XIX century, the establishment of factories
near urban settlements together with the scarcity of jobs in the countryside trig-
gered a migration towards cities. Ever since then, the urban population has only
grown accentuated by the increasing relevance acquired by the financial sector
after World War Two (WWII) and the economies of scale. Such relentless growth
emphasizes the importance of studying cities and the processes which take place
therein. Not surprisingly, the spatial organization of citizens and economic activ-
ities in urban environments has attracted the interest of many disciplines such
as geographers, urban planners, economists and even physicists. One of the first
works to describe the organization of population around cities can be found in
[131], wherein the first city population maps were compared across worldwide
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cities. Albeit a profuse and detailed description of how citizens organize, it is no
more than a first descriptive step. One of the first theories or models developed
to effectively describe city organization was the Central Business District (CBD)
theory. Built upon the prominent role of central markets in the Middle Age, this
theory proposed that modern cities were also organized around a CBD, wherein
all sort of economic activity took place [132]. Such a district should be located in
the center of the city since it is closer to all the other city locations. While [132]
discusses the existence and the shape of the CBD in American cities, much more
interesting, and a forerunner of the research presented throughout the ensuing
pages, is the study conducted early after by Donald L. Foley [133] since it is ar-
guably the first work to evaluate the organization of cities from the perspective
of the mobility of dwellers. He found that business districts were more relevant
in mid-size cities (. 1 million) than in huge metropolises or, in other words, as
cities grow, the spatial distribution of economic activities, services and goods
gets dispersed. Strikingly more, the author points to the future perspectives that
have indeed driven the research of human mobility and city structure over the
last twenty years when stating that "A further step would involve the study of
the daily population movement into and accumulation within such subcenters".
While the idea of cities organized around a CBD constituted a great intellectual
achievement and became rapidly a reference, it is nowadays easy to grasp that
they constitute a rather simplistic approach to the increasing complexity of cities.

The idea of cities organized around a CBD evinces the prominent role of econ-
omy. Precisely at the intersection between economy and geography the field
of Economic Geography arose. In short, it accounts for the spatial distribution
and organization of economies instead of persons. Whereas Economic Geogra-
phy can be framed at any spatial scale, the concentration of economic activity
in urban areas drove the field towards the study of cities. The first avant-garde
and highly influential model on urban spatial economics was the Von Thünen’s
model [134], developed well before the XX century. Assuming an isolated ur-
ban settlement, he developed a model to understand the organization of crop
types as a function of the distance to the settlement core. Even though it was
developed almost two hundred years ago, and despite its approach is far be-
yond contemporary metropolitan areas, Von Thünen’s model is considered the
precursor of many ensuing works. In 1964, William Alonso [135] extended it to
capture the organization of modern cities, replacing the type of agriculture de-
veloped by the land use types present in cities. Despite the a priori assumption
of a mono-centric structure, which goes against the empirical evidence suggest-
ing that cities suffer a progressive decentralization, it settled the foundations
of economic geography. In fact, urban economic models have evolved beyond
mono-centric models in the later years [136]. Whereas spatial economic models
provide the theoretical insights on the reasons behind economic organization
and agglomeration they often include countless variables, which hinder their in-
terpretation. Moreover, inasmuch as most of them are equilibrium models, they
fail to provide quantitative insights on the dynamics occurring in cities disre-
garding, for instance, transportation infrastructures or the movement of citizens
throughout urbanscapes.
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Conversely to the theoretical works of economic geographers, a huge effort
has been directed towards the more applied investigation of urban sprawl. Yet
it has been mostly limited to its measurement and the quantification of its ef-
fects, disregarding, thus, the main drivers and mechanisms behind. In between
deeply theoretical models developed by economic geographers and the mainly
descriptive works of urban planners, interdisciplinary science appeared. Early
since the seminal works of Batty et. al. [137, 138] and Makse et. al. [139] by
the mid-90s, interdisciplinary science brought together the knowledge of many
fields, including physics, to unveil the mechanisms driving the phenomenons
observed in cities. Since then we have witnessed attempts to better understand
how both the positive outcomes, such as patents or inventions, and the negative
ones, such as crime or diseases, are influenced by city population. Regarding
urban structure, thanks to the information provided by censuses and, most im-
portantly, new data sources the dichotomy between mono- and poli-centricity
was further investigated [13], as well as the dynamic identification of land uses
[14, 86]. Yet not all works were descriptive as we have seen how models and an-
alytical results have been used to understand observations [14, 140]. In relation
to the present thesis, in Chapter 4 we use Information and Communication Tech-
nologies (ICT) data to evaluate the hierarchical structure of cities and connect to
the transportation environment and health in cities.

The overall increase of mobility across all scales has bestowed transportation
networks a new protruding role. The study of human mobility is undoubtedly
intertwined with transportation infrastructures, just as much as the study of
transportation infrastructures is connected to human mobility. The evaluation
of how infrastructures are used and the eventual emergence of congestion and
delays are necessarily linked to the spatiotemporal patterns of human mobility.
Congestion in roads, public transportation and airports are in our daily lives,
and we are all aware of its socioeconomic consequences, which include huge
economic losses in traffic jams or pollutant emissions. Aside from the recent ac-
cess to data from LBSNs or CDRs, the progressive release of detailed datasets on
transport infrastructures became game-changer together with the rapid develop-
ment of modern network science. Despite networks had been already studied
in the mathematical branch of graph theory, it was not until the end of the XX
century that they acquired a renewed relevance. Thanks to the advances made
over the last years, nowadays we can reproduce the topology and characteristics
of transportation networks with a high level of accuracy and detail. Even though
transport modes are undeniably interconnected, most of the works have studied
the transportation scales independently, with only a few exceptions [141–144].

Long-range movements in the XXI century cannot be understood without air
transportation, and when the first datasets on airplane connections were re-
leased, their study started to grow. The first studies included the analysis of
its structure and topology [145, 146] and the development increasingly sophisti-
cated models were developed to unveil the mechanisms under the emergence of
delays [12, 147]. Within a similar range of distances, we also find sea transporta-
tion, which has attracted much less attention [148], likely because its main role
is the freight transportation [149].
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At shorter scales, the interconnection between transportation modes is much
more evident beside the clear separation between private on-road transportation
and public transportation. On the one hand, private transportation is the most
widely used mode worldwide since it is commonly faster and more comfortable,
yet it has a steeper impact in our society. On the other hand, with the progressive
increase of urban population, the use of public transportation is only expected to
increase as it is among the most efficient policies to reduce pollutant emissions
and congestion. Public transportation provides the most conspicuous example
of multimodality –the use of several transportation modes within a trip– since
each mode covers a certain range of movements and they are designed to be
used in combination. Similarly to air transportation, the first works on both pub-
lic and private transportation networks focused on their topology [150–154] and
its small-world properties, their robustness to attacks [155] or the distribution
of traffic through it [156]. Many measures were developed to obtain insights
on the transportation properties of such networks or, similarly, quantify their
small-world behavior. The efficiency was one of the first to be introduced, de-
fined as the inverse of the shortest path distance between them εij [150, 157].
If averaged between one node and all the possible destinations and between all
possible pair of nodes, a node and a global network efficiency could be obtained,
respectively. The analysis of the efficiency in the public transportation network
of Boston revealed that the network exhibited a small-world behavior only when
all modes were considered [150]. In addition to it, centrality measures, formu-
lated long ago [158, 159] in the context of social networks, were also used to
better understand network organization and the emergence of congestion. Suc-
cinctly, centrality measures aim to quantify the relevance of nodes (and edges)
in networks, yet the broadness of the term centrality gave rise to many mea-
sures. The different measures of centrality yielded a unique spatial distribution
of values when measured in the road networks of a set of worldwide cities [160].
Moreover, the probability distribution of centralities allowed the distinction be-
tween self-organized and planned cities. Among the centrality measures, the
betweenness is arguably the most illustrative one to evaluate congestion since
it accounts for the rate of all shortest paths that go through a given edge or
node. When measured in a set of German cities, the heterogeneous distribution
of speeds in road networks led to a concentration of traffic on certain roads and
evinced a hierarchical organization of flows [161]. A high concentration of traffic
flow in road intersections or links might be a signal of bad traffic distribution
and an early signal of the emergence of congestion. Beyond the static topology,
their temporal evolution and growth have also been studied [162, 163].

The picture of urban transportation was, however, constrained and incomplete
inasmuch as the interconnected modes were analyzed separately. A hindrance
recently surmounted with the development of the multilayer network frame-
work [164, 165], the ideal mathematical instrument to study multimodal public
transportation systems since they are no more than independent transportation
modes interconnected through space. Among the advantages of the new frame-
work, it provides a more realistic picture of travel times and the network struc-
ture and allows the evaluation of the synchronization between transportation
lines and modes and their robustness as well. In Chapter 5, we develop a model
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to simulate the movement of individuals through the multilayer public trans-
portation network and evaluate the delays and disruptions that emerge from
massive gatherings.

While the analysis of transportation networks might be enough to provide an
overall picture of their performance, a more detailed and realistic description of
their behavior when individuals travel through them is usually obtained from
traffic models. Back to the mid-XX, the increase of urban mobility, the adoption
of cars and the progressive access to computers led to the development of the
first models to study traffic and the emergence of congestion [166–169]. The aim
of such models is to provide insights on the congestion and travel times when
individuals use transportation infrastructures. Different models arise depending
on the level of detail provided: from the macroscopic ones, which provide ag-
gregated flows, to the microscopic ones, which simulate the movement of each
individual or agent and how they interact in crossroads or traffic lights. In Chap-
ter 6, we will use an agent-based model that simulates the movement of each
individual to evaluate the consequences of the implementation of a toll policy
around the city of Barcelona.

Overall, we have learned that the study of human mobility and its applica-
tions need an interdisciplinary approach since our movement is connected to
economic, social and geographical aspects. An approach, only allowed thanks
to the recent access to all type of data related to human activity. Despite the
progress made over the last years, there is still a lot to say about the global mo-
bility of individuals, the use of transportation infrastructures and its robustness,
and the structure of cities.

1.6 about this thesis

This thesis comprises a set of works that investigate the multiple scales of human
mobility from different perspectives. Its outline is the following:

• Chapter 2 investigates the worldwide movement of tourists through LBSNs
data, and how it can be used to evaluate touristic site attractiveness. The
results shown in this chapter are included in [1]

• Chapter 3 provides a systematic comparison of trip distribution laws and
models. The results shown in this chapter are included in [2].

• Chapter 4 evinces the hierarchical structure of cities through the mobility
of citizens and connect it to the transportation, environment, and health in
cities. The results shown in this chapter are included in [3].

• Chapter 5 analyzes the scaling of delays and disruptions of public trans-
portation systems from massive events through the development of a model
that reproduces the movement of individuals through the public trans-
portation system. The results shown in this chapter are included in [4].

• Chapter 6 evaluates the effect of the implementation of a toll policy around
the city of Barcelona through a combination of ICT data and a traffic simu-
lation tool. The results shown in this chapter are included in [5].



2
T O U R I S M T H R O U G H T H E L E N S O F D ATA

Inspired by previous studies [100, 101], in this chapter we investigate the world-
wide movement of tourists and we use their mobility as a proxy to evaluate
the attractiveness of 20 of the most famous worldwide touristic sites. On the
way, we provide a glimpse of the methodology used to measure and quantify
human mobility from ICT data. A crucial information to test and develop trip
distribution models (Chapter 3), study urban organization (Chapter 4) or evalu-
ate transportation infrastructures as done in Chapter 5 and 6 at the urban scale.
The results shown in this Chapter are based on [1], a work in which the author
of this thesis was the first author and contributed in the design of the study and
the analysis of the data and results.

The worldwide relevance of the touristic industry is nowadays unquestion-
able. Despite its nascent presence ever since the first Ancient empires such as
the Roman Empire, tourism became widespread in the XX century right after
the end of the WWII. The economic prosperity and the decrease of political con-
frontation that followed it allowed an unprecedented movement of persons and
capital. However, by the mid-XXs, still, most of the trips were domestic. Interna-
tional tourism suffered a final boost with the fall of the Iron curtain, first, and
with the fierce globalization and the easier accessibility to international flights
occurred in the last twenty years, second. As depicted in Figure 2.1, the total
number of departures has almost tripled in the last 20 years. Not only that, Fig-
ure 2.1 evinces the dependency of tourism on the contemporary political and
socioeconomic circumstances. For instance, the number of departures entered a
plateau after the 9/11 attacks as well as during the peak of the 2008 economic
crisis.
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Figure 2.1: Temporal evolution of the number of departures since 1950 [170].
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By the mid-XX century, the increase of tourism attracted the attention of re-
searchers towards the field; trying to quantify and understand the touristic flows
and their social, economic and environmental outcomes. If the movement of in-
dividuals from their common habitat seeking for amusement or knowledge has
one very well-known effect it is, out of any doubt, economic. Most extant re-
search has focused on evaluating both the positive and negative impacts on
touristic destinations [171]. From the more general theoretical approaches [172]
to studies focusing on concrete regions [173].

Aside from the economic outcomes of tourism, the interaction between the
tourists and the local inhabitants and the environment has also been on the
focus of researchers. For instance, the social perception of tourism varies with
its intensity in a region. As long as the concentration is low, local citizens see
it positively, yet their increasing agglomeration uprises the negative perception
[174–176]. Regarding its impact on the local environment [177], the concept of
environmental tourism has recently acquired a pivotal role [178]. In addition to
the mere agglomeration of tourists, their displacements also affect the environ-
ment; either the short scale movements in coastal environments [179] or the large
scale movements across the world [180]. The prominent role of touristic mobility
has recently boosted the interest in tracking, understanding and modeling their
movement [181].

To model it, previous approaches such as the gravity model need to be further
extended or modified since the mechanisms, reasons, and motivations behind
it are different [182–184]. Besides, we need reliable data on how, where and
when people move to evaluate both touristic flow models and their risks. How-
ever, measuring the multiscale movement of tourists has been a struggle ever
since the 60s. At large scales, flows were mostly aggregated and constrained
to surveys and censuses conducted by private and public entities [183]. Con-
versely, from an individual perspective, the generalized methodology up to the
XXI century included expensive questionnaires and interviews. Yet they might
only provide a part of the whole picture since tourists may be reluctant to share
their experiences in personal leisure trips [185]. Therefore, such interviews have
been occasionally completed with the direct observation of the touristic activities,
which provides more reliable information at the expense of a larger expenditure
of resources.

Long story short, the availability of touristic movement data has been scarce
ever since the mid-XXs and up until the XXI century. Recovering once again one
of the main leitmotivs of the present thesis, the new sources of data, opposed to
traditional surveys and censuses [186], have shaken the very foundations of the
study of touristic mobility [187]. Among the first detailed works using mobile
phone data and geolocated photographs, one of them studied the movement of
tourists in Rome [188] and the other one in Florence [189]. They unveiled the
temporal variability of visitors, as well as the routes followed within the city dis-
tinguishing between nationalities. Tags attached to online content also provided
insights on how tourists percept the environment. As a follow-up, the spatial ac-
tivity of tourists in eight worldwide cities was investigated through geotagged
photographs posted online [190]. Within their analysis, the images posted by vis-
itors appeared significantly more clustered around landmarks in comparison to
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the more scattered ones posted by residents. Far from mere curiosity, the move-
ment of tourists in urbanscapes is a highly relevant piece of information for those
public institutions in charge of the management of massive tourism as well as to
many private companies, on account of the potential economic benefits that can
be obtained from it. Despite the several works employing mobile phone data,
its limitations become an unbreakable chain to study the global movement of
tourists. Luckily, the geolocated content posted in online social platforms allows
for the evaluation of touristic movements beyond the country scale. In [191], a
method to quantify the attraction of landscapes from the density and spatial
distribution of geotagged photographs at a European scale was effectively pro-
posed. The global movement of tourists is, however, not only interesting by itself
since it has implications in other topics such as the transmissions of pathogens.
They represent a significant amount of trips abroad and, therefore, understand-
ing their movement is crucial to study the risk of global scale epidemic spreading
[192, 193].

In this chapter, we investigate the attractiveness of touristic sites through LBSNs
data. While many rankings exist, most of them are based on the number of vis-
itors. A too simple metric to evaluate their global attractiveness as tourists may
visit them for a wide variety of reasons such as their geographical location. Ar-
guably the first work trying to capture the multi-dimensional character of site
attractiveness can be traced back to 1974. In [194], the touristic sites in Turkey
were ranked according to 17 metrics classified into five categories, such as histor-
ical factors, as could be the existence of ancient ruins, or natural factors, as their
beauty or climate. Once the metrics are defined, the main difficulty lies in the
weight given to each one. The attractiveness of touristic sites is not only multi-
dimensional but also depends on the idiosyncrasy of the visitors and their inter-
ests. As, for instance, if they seek education or pleasure. Inspired by previous
works where the city influence was evaluated from the diffusion of individuals
[101], we propose a measure of touristic site attractiveness solely based on the
mobility of travelers. More concretely, we study the origin of their visitors by
analyzing 14 million geolocated tweets. A source of data that has been already
proved useful to study the mobility of individuals across scales [100, 101]. On the
last section, we provide a few exploratory results on how LBSNs can be used to
track individuals in touristic environments to complete traditional data sources.

2.1 touristic site attractiveness

The study of touristic site attractiveness is conducted through the analysis of a
collection of 14.6 million of geolocated tweets across the globe posted between
the 10th of September of 2010 and the 21st of October of 2015. The data was
downloaded from Twitter using the streaming API. We first detected the users
that visited a touristic site by querying geolocated tweets within a certain geo-
graphical area (see Appendix A) [195], and then extracted their timelines [196].

The dataset was filtered to avoid multi-user corporative accounts and bots by
excluding those accounts tweeting too much is a short lapse of time and traveling
faster than an airplane. The tweets in our database together with the location
of the 20 touristic sites analyzed are depicted in Figure 2.2. We selected the
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Figure 2.2: Worldwide map with the tweets and the touristic sites studied. Figure ex-
tracted from [1].

touristic sites so that they are among the most visited and recognized worldwide.
Additionally, we ensured that they are fairly distributed across the world, except
for Africa, where only the Giza Pyramids accounted for a sufficient amount
of visitors. More than the general diffusion of individuals studied in previous
works [101], we are interested in the distribution of the travelers’ origins, which
we assume correspond to their residence place. After singling out those users
detected next to one of the sites, we tessellate the space using a grid of cells of
size 100km× 100km employing a cylindrical equal-area projection and assign a
cell to every tweet. Thereafter, their most common cell accounting for at least one-
third of the tweets is assigned to each user as their residence place. Similarly, the
country to which its residence cell belongs is designated as its residence country.
The number of users detected at each site is detailed in Table 2.1.

2.1.1 Measuring touristic attractiveness

We avail of two metrics to characterize the geographical distribution of the places
of residence of the visitors:

• Radius. The normalized average distance between a touristic site and the
residence place of its visitors, measured as the Haversine distance between
the centroid of the residence cells and the touristic sites. To account for
the world topology, the distance is normalized by the average distance be-
tween each touristic site and all the residence cells detected in our dataset.
Otherwise, a touristic site closer to the residence places of most Twitter
users would systematically display lower values.

• Coverage. The number of unique cells (or countries) of residence from
which at least one individual visited a certain touristic site. It is a measure
of the area covered by visitors.
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Site Users Site Users

Alhambra (Granada, Spain) 1,208 Angkor Wat (Cambodia) 947

Corcovado (Rio, Brazil) 1,708 Eiffel Tower (Paris, France) 11,613

Forbidden City (Beijing, China) 457 Giza (Egypt) 205

Golden Pavilion (Kyoto, Japan) 1,114 Grand Canyon (US) 1,451

Hagia Sophia (Istanbul, Turkey) 2,701 Iguazu Falls (Argentina-Brazil) 583

Kukulcan (Chichen Itzá, Mexico) 209 London Tower (London, UK) 3,361

Machu Pichu (Peru) 987 Mount Fuji (Japan) 2,241

Niagara Falls (Canada-US) 920 Pisa Tower (Pisa, Italy) 1,270

Saint Basil’s (Moscow, Russia) 262 Taj Mahal (Agra, India) 378

Times Square (NY, US) 13,356 Zocalo (Mexico City, Mexico) 16,193

Table 2.1: The number of visitors of each touristic site that passed the filtering process.
Table extracted from [1].

Due to the very distinct number of users detected in each site (Table 2.1), and to
allow a fair comparison, all metrics are calculated averaging over extractions of
200 users.

We examine first the attractiveness of the 20 touristic sites through the distance
traveled by tourists to visit them. The ranking shows that the Taj Mahal, the
Eiffel Tower, and the Pisa Tower are on the lead (Figure 2.3(a)). No strong spatial
pattern appears with sites all over the world on the top of it. Switching to the
coverage (Figure 2.3(b)), we observe a few changes in the ranking. Likely as a
consequence of the idiosyncrasy of each touristic site. The Grand Canyon and
the Niagara Falls, for instance, display a higher coverage and a lower radius of
attraction since tourists come from many but closer places. Despite the slight
variations, the similarity between rankings is strong and suggests a connection
between how far people travel to visit it and the variety of locations from which
they come. In other words, if a place is attractive enough to make people travel
large distances, it is also very likely that they will come from many different
places.

To complete the previous picture, we measure the country coverage as the
number of countries with at least one touristic site visitor (Figure 2.3(c)). The
results are, in this case, significantly different from the cell coverage. Sites previ-
ously displaying low values are now on the top of the country coverage ranking,
and vice versa. The pyramids of Giza, for instance, are now on the top despite
its previous low cell coverage. Conversely, the previously cited Niagara Falls
and Grand Canyon are now in the lowest positions of the ranking since most of
its visitors come from North America. The Taj Mahal, the Pisa Tower, and the
Eiffel Tower, previously on the top positions, are still on the top four of the rank-
ing. Hence, we can conclude that, according to our metrics, they are the most
attractive among our set of touristic sites. Even though all three metrics capture
a different aspect of the touristic mobility, we also checked the consistency be-
tween the rankings using the Kendall τK correlation [197]. Their similarity is
corroborated with correlations between 0.66 and 0.77.
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Figure 2.3: Touristic sites ranked according to the (a) radius, (b) the cell coverage and (c)
the country coverage. Figure extracted from [1].

Figure 2.4: Spatial distribution of the origin country of the visitors of (a) the Taj Mahal
and (b) the Grand Canyon. The results are averaged over 100 extractions of
200 randomly selected users. Figure extracted from [1].

On account of the differences between the metrics studied, we next compare
the maps of the visitors’ countries of origin for the Taj Mahal and the Grand
Canyon averaged over 100 extractions of 200 users (Figure 2.4). As already dis-
cussed, while most of the visitors of the Grand Canyon were detected as resi-
dents of the US, those of the Taj Majal come from many other countries around
the globe aside India. In fact, for almost all sites the host country is the main
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source of visitors as depicted in Table 2.2, with the remarkable exception of
Angkor Wat. More concretely, touristic sites go from those national visitors dom-
inate such as the Mount Fuji and the Zocalo with 84% and 93% of local visitors,
respectively, to those in which foreigners are the main source of visitors such
as the Pisa Tower and the Machu Pichu welcoming only 21% of local visitors.
Not surprisingly, those sights slightly more isolated tend to attract more interna-
tional tourists.

Site Top 1 Top 2 Top 3

Alhambra (Spain) Spain 71.14% US 6.06% UK 2.61%

Angkor Wat (Cambodia) Malaysia 19.64% Philippines 17.4% US 9.59%

Corcovado (Brazil) Brazil 81.13% US 4.92% Chile 3.08%

Eiffel Tower (France) France 26.75% US 16.62% UK 8.92%

Forbidden City (China) China 26.48% US 14.46% Malaysia 10.95%

Giza (Egypt) Egypt 30.65% US 9.8% Kuwait 5.85%

Golden Pavilion (Japan) Japan 60.74% Thailand 11.72% US 4.84%

Grand Canyon (US) US 75.79% UK 2.87% Spain 2.16%

Hagia Sophia (Turkey) Turkey 71.26% US 5.48% Malaysia 1.67%

Iguazu Falls (Arg-Brazil) Argentina 48.26% Brazil 26.61% Paraguay 8.63%

Kukulcan (Mexico) Mexico 73.78% US 10.07% Spain 2.83%

London Tower (UK) UK 65.61% US 10.24% Spain 2.77%

Machu Pichu Peru 20.43% US 19.95% Chile 10.43%

Mount Fuji (Japan) Japan 84.01% Thailand 5.83% Malaysia 2.66%

Niagara Falls (Canada-US) US 60.5% Canada 16.31% Turkey 3.25%

Pisa Tower (Italy) Italy 20.85% US 13.56% Turkey 10.95%

Sant Basil (Russia) Russia 66.71% US 5.06% Turkey 3.77%

Taj Mahal (India) India 27.97% US 15.59% UK 7.61%

Times Square (US) US 74.32% Brazil 3.26% UK 2.31%

Zocalo (Mexico) Mexico 92.22% US 3.1% Colombia 0.77%

Table 2.2: Ranking of the top three source countries of visitors for the touristic sites
studied. The table extracted from [1].

2.1.2 Touristic site’s visiting figures by country of residence

Hitherto we have focused on the origin of visitors, yet the problem can be also
looked from the other way around and study the touristic preferences as a func-
tion of the country of residence. We start by computing the total number of
users per country visiting a touristic site, displayed as a gray bar in Figure 2.5.
The sites welcoming most tourists are by far the Eiffel Tower, Times Square,
and the London Tower, which together have almost half of the visitors in our
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database. We complete the analysis by running a hierarchical clustering algo-
rithm to group countries according to the visiting patterns of their residents. In
other words, countries whose residents visit similar sights will be assigned to
the same cluster. We used the average linkage as agglomeration method, the Eu-
clidean distance as similarity metric and availed of the silhouette score to select
the number of clusters [198]. The analysis results in two clusters depicted in Fig-
ure 2.5 in blue and red. One including America and most Asia, and the other
including Europe, a part of Africa and Oceania.
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Figure 2.5: Clustering analysis of touristic patterns. (a) Cluster assigned to each of the
countries of origin. (b) Fraction of visitors of each touristic site. Figure ex-
tracted from [1].

2.1.3 Network of touristic sites

Finally, we investigate how the touristic sites relate between each other analyzing
the individuals that visited many of them. To do so, we build a weighted spatial
undirected network connecting two sites if a user traveled to both of them. The
weight of each link corresponds then to the total number of individuals that
visited a given pair of sites. The network is depicted in Figure 2.6, with the
link width and brightness proportional to the weight, and the node size to the
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weighted degree. Our analysis reveals that the most central sites are the Eiffel
Tower, Times Square, Zocalo, and the London Tower. Among them, the Eiffel
Tower outstands with 25% of the total weighted degree. Not surprisingly, the
links accounting for most of the trips (30% of the total weight) connect the Eiffel
Tower with Time Square, the London Tower, and the Pisa Tower. Table 2.3 shows
the ranking of node weight.
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Figure 2.6: Undirected network of trips between touristic sites. The color and width are
set according to the link weight and the node size according its weighted
degree. Figure extracted from [1].

Site Total Weight

Eiffel Tower (France) 0.25

Times Square (US) 0.17

Zocalo (Mexico) 0.10

London Tower (UK) 0.10

Pisa Tower (Italy) 0.06

Hagia Sophia (Turkey) 0.04

Niagara Falls (Canada-US) 0.04

Corcovado (Brazil) 0.03

Alhambra (Spain) 0.03

Grand Canyon (US) 0.03

Table 2.3: Ranking of the total weight of touristic sites. Table extracted from [1].

2.2 tracking tourists in touristic venues

The global perspective on the movement of tourists can be complemented by
tracking them in touristic environments. Concretely, we investigate the move-
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ment and presence of tourists in the Balearic Islands. This section is a result of
a collaboration with the local government of the Balearic Islands, which was in-
terested in the spatial activity of the visitors on the island. We used the same
procedure to query the data, filter users and detect their residence place than in
the previous section.

We show first the number of monthly users distinguishing between residents
and tourists in Figure 2.7. The seasonality of tourism can be identified at first
look. While the number of users detected as residents are constant through time,
there are two clear peaks in the number of visitors during the summers of 2015
and 2016. As well as two minima between January and February. For instance,
there are seven times more visitors in July 2016 than in January 2016. Beyond
the concrete picture provided by this example, a time-series analysis could dis-
tinguish between those sights dominated by winter or summer seasonality from
those hosting tourists during the whole year.

Ja
n-

15

Fe
b-

15

M
ar

-1
5

Apr
-1

5

M
ay

-1
5

Ju
n-

15

Ju
l-1

5

Aug
-1

5

Se
p-

15

Oct
-1

5

Nov
-1

5

Dec
-1

5

Ja
n-

16

Fe
b-

16

M
ar

-1
6

Apr
-1

6

M
ay

-1
6

Ju
n-

16

Ju
l-1

6

Aug
-1

6

Se
p-

16

Oct
-1

6

Nov
-1

6
0

500

1000

1500

2000

2500

3000

3500

4000

N
u
m

b
e
r 

o
f 

u
se

rs

Locals

Visitors

Figure 2.7: Temporal evolution of users detected as residents or visitors.

Visitors can also be classified by country of residence to provide a fuller pic-
ture. Figure 2.8 reveals that most users come from the United Kingdom and
Spain. Yet the difference in penetration rates hinders the extrapolation to real
numbers. The rate of geolocated tweets varies between countries and, thus, the
number of users detected in each country is not necessarily proportional to its
population. Still, the spatiotemporal dynamics of visitors are representative and
can provide insights into the differences between nationalities. In this concrete
case, we observe a peak of Spanish visitors in June, while that of the British is
in July and that of the French in August. Conversely, German tourists are not
concentrated on a single month since their presence is almost constant between
May and October. Again a time-series analysis could unveil common (or distinct)
patterns between nationalities. Some might display, for example, a stronger sea-
sonality than others.
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Figure 2.8: Temporal evolution of visitors as a function of their country of residence.

Finally, we study the spatial distribution of tourists compared to the local
inhabitants. A piece of meaningful information to evaluate the economic, en-
vironmental and social outcomes of leisure trips. Figure 2.9 depicts the spatial
distribution of residents together with German, Spanish and British visitors dur-
ing the summer of 2016. From it, we can grasp that the spatial distribution of
tourists is highly dependent on their country of origin. While tourists coming
from the United Kingdom concentrate on the west side of the island, those from
Spain have an atypical presence in the east and west side. Finally, those coming
from Germany have a higher presence in the eastern regions of the island and
the main city.

2.3 discussion

This work constitutes one of the first attempts to quantify the worldwide scale
of tourism as well as the potential of new data sources. We have quantified the
attractiveness of 20 touristic sites, not by the number of visitors but from the
spatial characterization of their origins. By identifying their residence place, we
ranked the touristic sites through three metrics. The results from all rankings
display similarities with the Taj Mahal, the Eiffel tower and the Pisa tower at
the top. Yet the coverage at the country level shows steeper differences. When
examining the origin of tourists in detail, some sites stand out with a high share
of local tourists, while others host tourists from a wider range of countries. Our
methodology can also be reversed to study the visiting patterns of countries
and clusterize countries according to them. Our analysis results in two clear
clusters including Europe Africa and Oceania for the one side and America
and Asia for the other. Finally, the analysis of LBSNs data and the mobility of
individuals allows us to link touristic sites if one tourist has visited many of
them. By building an undirected weighted network connecting sites we found
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Figure 2.9: Map of user activity for locals and visitors coming from the United Kingdom,
Germany and Spain.

out that the most central places are the Eiffel Tower, the Times Square, the Zocalo,
and the London Tower.

On the last section, we provided a glimpse of how LBSNs data can unveil
the activity patterns of visitors in touristic environments. Our work centered in
the Balearic Islands reveals that the spatiotemporal presence of visitors varies
as a function of their country of origin. Yet it may not be the case for other
touristic sites. As further work, a measure of entropy [199] could be used to
distinguish between the sites displaying higher segregation and those displaying
well-mixed patterns. Besides, the penetration rates of geolocated tweets should
also be included in further extensions to provide a more accurate picture.

Overall, this work provides an insight into the potential of new sources of
data to study worldwide tourism at an unprecedented scale. Our method is
straightforward and could be applied to a wider range of touristic sites, to other
types of sites or even to evaluate the potential danger in protected areas [200].



3
A S Y S T E M AT I C C O M PA R I S O N O F T R I P D I S T R I B U T I O N
L AW S A N D M O D E L S

The recent increase of human mobility paired with the access to better datasets
has boosted the interest in unveiling the laws governing human movement or,
to put it in simpler terms, the construction of models to reproduce and predict
how many individuals move from one place to another. Admitting the scientific
relevance of identifying the fundamental mechanisms behind human movement,
such information is also essential to many fields as are the study of traffic [16]
or the spread of pathogens [11]. Particularly, in the context of this thesis, the
connection between human mobility and the structure of cities or transporta-
tion systems is especially relevant. The structure of cities, tackled in Chapter 4,
shapes and is shaped by human mobility and, thus, it can be better understood
through human movement than from the mere static information commonly pro-
vided by censuses and surveys. Similarly, due to the irretrievable entanglement
between human mobility and transportation infrastructures, a detailed knowl-
edge of our spatiotemporal patterns of movement is needed to investigate the
robustness of public transportation networks (Chapter 5) or the implementation
of transportation policies (Chapter 6). Despite both chapters make use of new
data sources, trip distribution models provide mobility patterns with minimal
data requirements and, therefore, their development is essential to surmount the
common absence of detailed mobility data. The results shown here are based on
[2], in which the author of this thesis performed a part of the calculations and
comparisons.

Models to predict and understand the mechanisms behind the mobility of
individuals have attracted the attention of many researchers, from geographers
to physicists. Following the early work of Ravenstein [22], who outlined the
"laws" ruling the movement of migrants in the UK, human mobility models
have done nothing but grow. Among them, the two most widely used models
at present are the gravity and the intervening opportunities (see Chapter 1),
along with their variations and extensions. While the first depends explicitly on
the distance between the origin and destination of a trip, the latter relies upon
the number of job opportunities between both. The idea that the flow between
two areas is proportional to their population and inversely proportional to the
distance separating them was introduced long time ago [31, 33, 34], and has
been developed and refined over the last years [125]. Similarly, the intervening
opportunities approach was introduced more than fifty years ago [35], yet it was
recently reinvigorated with the development of the radiation model [41, 43, 127].

While a few prior comparisons between trip distribution models exist, they
are not done in most of the cases under the same circumstances and are seldom
systematic. Either the inputs are not the same for both models or the level of
constraints applied to them differs. Already since the introduction of the gravity

41
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and the intervening opportunities models by the mid-XX century, comparisons
between both started to appear. Most of them focusing on migration [201, 202]
and commuting flows [203]. Despite both models gave similar results, the gravity
model was imposed on account of its simpler mathematical formulation and the
lower input requirements. With the recent revival of trip distribution models and
their posterior refinement, the interest in their systematic comparison is again
on the table. Yet the differences of inputs still hinder a fair comparison. For
instance in [42], while the main input for the gravity model is the population, in
the case of the radiation it is the number of jobs. In addition, the different level of
constraints of each model also needs to be evaluated. While the radiation models
are production constrained by construction –the number of trips departing from
each region is conserved–, the gravity model can be unconstrained preserving
only the total number of trips, constrained in the number of trips originated or
ended at each location, or both.

Hence, this chapter aims to solve the lack of a rigorous and systematic com-
parison based on the same inputs and constraints and shed light on the many
trip distribution models used today. To evaluate those models, we need to com-
pare them against ground truth or, in other words, data. Unfortunately, despite
the recent widespread of new technologies, their limitations and restrictions are
still a major hindrance. Whereas online social networks have worldwide cover-
age, their irregular inter-event times difficult the accurate evaluation of mobility
models. Conversely, mobile phone data provides enough spatiotemporal reso-
lution yet it is commonly restricted to a single country. Therefore, this study
makes use of census data provided by official entities, which at least for com-
muting trips, provides trustful information. While this chapter is constrained to
the study of commuting trips, these models could be extended to capture touris-
tic flows (Chapter 2). Here we evaluate the capability of both gravity and the
intervening opportunities model to effectively reproduce the commuting flows
of six countries and two cities obtained from census data (Figures 3.1 and 3.2).
To fairly compare them, we distinguish here between the statistical laws that de-
termine the probability of a transition between two areas –e.g. the gravity or the
intervening opportunities laws– and the model or types of constraints applied
to obtain the final number of trips. The variants of the laws studied here are the
gravity with an exponential and power-law deterrence function, the Schneider’s
version of the original intervening opportunities and the recent radiation model
and its extension, which includes a tunable parameter. From them, we will build
the models by applying all the possible constraints: the unconstrained, the pro-
duction constrained, the attraction constrained and the doubly constrained.

3.1 regions of study

The trip distribution laws and models are compared against commuting data
of six countries: England and Wales (E&W), France (FRA), Italy (ITA), Mexico
(MEX), Spain (SPA) and the United States of America (USA) (Figure 3.1) and the
cities of London (LON) and Paris (PAR) (Figure 3.2). The sources of each dataset
are:
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Figure 3.1: Map of the six countries studied with the centroids of the census units. 〈S〉
is the average surface of the units in each of the countries. Figure extracted
from [2].

• England & Wales. Official census from 2001 provided by the Office for
National Statistics [204].

• France. Census from 1999 provided by the French Statistical Institute [205].

• Italy. Census from 2001 provided by the National Institute for Statistics
[206].

• Mexico. Commuting trips between municipalities from 2011 provided by
the Mexican National Institute for Statistic [207].

• Spain. Census from 2001 provided by he Spanish National Statistics Insti-
tute [208].

• United States of America. Commuting trips between counties from 2000

provided by the United State Census Bureau [209].

Due to the different data sources, the area of the census units 〈S〉 are of a wide
variety, going from an average of 1.68 km2 in London to 2596.8 km2 in the US
(see Table 3.1).

For each region, the basic information analyzed can be summarized by the
number of trips between every pair of census units Tij, the distance between
them dij calculated with the Haversine formula, and the population of each
unitmi. Only flows between different units were accounted for as they cannot be
straightforwardly obtained for the radiation model. To achieve the constrained
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 <S> =  1.68 km2 <S> =  9.93 km2
10 km

London Paris

20 km

Figure 3.2: Maps of London (left) and Paris (Right) with their centroids in color and
their boundaries in black. The boundaries correspond to the Greater London
Authority and the french département Ile de France. 〈S〉 is the average surface
of the units in each city. Figure extracted from [2].

Case study Number of units
Number of

links
Number of
Commuters

England & Wales 8,846 wards 1,269,396 18,374,407

France 3,645 cantons 462,838 12,193,058

Italy 7,319 municipalities 419,556 8,973,671

Mexico 2,456 municipalities 60,049 603,688

Spain 7,950 municipalities 261,084 5,102,359

United State 3,108 counties 161,522 34,097,929

London 4,664 Output Areas 750,943 4,373,442

Paris 3,185 municipalities 277,252 3,789,487

Table 3.1: Dataset description. Number of units, links and commuters in each dataset.
Table extracted from

versions of each model we need to consider the total number of commuters
N =

∑n
i,j=1 Tij, residents Oi =

∑n
j=1 Tij and workplaces Dj =

∑n
i=1 Tij.

3.2 trip distribution laws and models

Trip distribution models aim to provide an OD matrix T̃ = (T̃ij)16i,j6n that
encapsulates how many individuals move between the areas of a city or region.
In the case of commuting, the trips in T̃ go from the residence to the workplace of
a commuter and, thus, the total number of trips coincides with the total number
of commuter N. It is important to distinguish between the statistical laws that
determine the probability of a trip between two areas and the model from which
trips are extracted.
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From each of the models studied in this chapter we construct a statistical law
that provides the probability that a trip starts in unit i and ends in j, pij. Intra-
unit trips are disregarded from the analysis (pii = 0), and the trips probability is
not necessarily symmetric (pij 6= pji). The probability pij is not the conditional
probability, yet they can be connected through the probability that a trip starts
in i as

pij = P(i)P(1|i, j). (3.1)

While our basis is pij, the conditional probability as a function of the job
opportunities between origin and destination sij and their populations mi and
mj (P(1|mi,mj, sij)) plays a major role in the laws of internvening opportunities.

3.2.1 Gravity laws

The commuting probability between two areas i and j in the simplest formu-
lation of the gravity law is proportional to their populations mi and mj, and
inversely proportional to the distance separating them, and can be written as

pij ∝ mimj f(dij), i 6= j. (3.2)

The deterrence function decays with the distance and usually takes the form
of a power-law

f(dij) = dij
−βG , (3.3)

or an exponential

f(dij) = e
−βG dij . (3.4)

In both functions, the parameter βG adjust the decay with the distance and
is usually fitted from the data. Since we have seen that in most of the cases the
function that achieves the best results depends on the dataset or the spatial scale,
both of them are studied in this chapter [210].

3.2.2 Intervening opportunities laws

Conversely to the gravity laws, in the intervening opportunities, the flow be-
tween two areas does not depend on the distance between them. It is propor-
tional to the population of the origin mi and to the conditional probability
P(1|mi,mj, sij) that a commuter that resides in i is attracted by a unit j with
population mj taking into account that there are the number of opportunities
between them is sij. Therefore, the probability of a transition from unit i to unit
j can be written as

pij ∝ mi
P(1|mi,mj, sij)∑n
k=1P(1|mi,mk, sik)

, i 6= j, (3.5)
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which has been normalized so that all trips are contained within the region
of study. The Schneider’s approach to the intervening opportunities does not
depend upon the population of the origin mi model and yields the conditional
probability

P(1|mi,mj, sij) = e
−γSsij − e−γS(sij +mj). (3.6)

However, the most recent reinterpretation of the intervening opportunities
approach can be found in the radiation model [41], wherein the conditional
probability is given by

P(1|mi,mj, sij) =
mimj

(mi + sij) (mi +mj + sij)
. (3.7)

The previous expression needs to be normalized since for a finite system the
probability that an individual with residence i is absorbed by any other unit
is equal to 1 − mi

M instead of 1. Despite it was shown that this approach can
effectively reproduce mobility flows, its struggles to match short displacements
[42, 128, 211] led to the development of an extension [43]. That extended version
includes a parameter αR that controls for the relevance of sij to select the trip
destination and can be written as

P(1|mi,mj, sij) =
[(mi +mj + sij)

αR − (mi + sij)
αR ] (mi

αR + 1)

[(mi + sij)
αR + 1] [(mi +mj + sij)

αR + 1]
. (3.8)

3.2.3 Constrained models

From the trip distribution statistical laws we can obtain the commuting network
of the N individuals encapsulated in the OD matrix T̃ = (T̃ij)16i,j6n by per-
forming N extractions from (pij)16i,j6n. In this chapter we will consider four
variants according to the constraints applied:

• Unconstrained. No constraint is applied except for the total number of
trips Ñ sampled, which in our case is equal to the total number of com-
muters N given by the empirical data. Those Ñ = N trips are sampled
from the multinomial distribution

M
(
N,
(
pij
)
16i,j6n

)
. (3.9)

• Production constrained. It preserves the total number of trips originated at
each area or unit Oi by sampling trips at each area i from the multinomial
distribution

M

(
Oi,

(
pij∑n
k=1 pik

)
16j6n

)
. (3.10)
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• Attraction constrained. It preserves the number of trips towards an area or
census tract j by sampling Dj trips at each of them from the multinomial
distribution

M

(
Dj,

(
pij∑n
k=1 pkj

)
16i6n

)
. (3.11)

• Doubly constrained. It is a combination of the production and attraction
constrained versions, which avails of the balancing factors Ki and Kj to
fix both the trips originated and ended at each location or unit. Both
parameters are calibrated through an Iterative Proportional Fitting Proce-
dure (IPFP) approach [212]. The relation between the commuting flows and
Ki, Kj, pij can be written as


T̃ij = Ki Kj pij∑n
j=1 T̃ij = Oi,∑n
i=1 T̃ij = Dj.

(3.12)

Conversely to the previous models, the use of the IPFP is deterministic and
leads to a fully connected network wherein the weights are reals and not
integers. As we aim to study the capability of the models to reproduce not
only the weights of the commuting networks but also their topology, we
sample N trips from the multinomial distribution

M

N,

(
T̃ij∑n

k,l=1 T̃kl

)
16i,j6n

 . (3.13)

On account of the normalization used in the intervening opportunities laws,
we also propose a normalization for the gravity laws

pij ∝ mi
mj f(dij)∑n
k=1mk f(dik)

, i 6= j, (3.14)

so that the outgoing flow is proportional to the population in census unit i.

3.3 goodness-of-fit metrics

In this section, we describe the metrics used to compare the trip distribution
laws and quantify to what extent they reproduce empirical data.

• Common Part of Links (CPL). It measures the capability of models to
recover the topological structure of the empirical networks and is given by

CPL(T , T̃) =
2
∑n
i,j=1 1Tij>0 · 1T̃ij>0∑n

i,j=1 1Tij>0 +
∑n
i,j=1 1T̃ij>0

, (3.15)
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where 1X is equal to one if the condition X is fulfilled and zero, otherwise.
The common part of links measures the proportion of common links be-
tween the simulated and the observed networks (i.e. links such as Tij > 0
and T̃ij > 0). It is null if there is no link in common and one if both net-
works are topologically equivalent.

• Common Part of Commuters (CPC). It measures the capability of a model
to reproduce the commuting flows observed in empirical data. Inspired by
the Sørensen index [213] in ecology and introduced in [128, 214], it can be
written as

CPC(T , T̃) = 1−
1

2

∑n
i,j=1 |Tij − T̃ij|

N
. (3.16)

It has been simplified since both networks display the same number of
commuters. Its value goes from 0, when both networks are completely
different, to 1 when their topology and weights are identical.

• Common Part of Commuters by distance (CPCd). Similarly to the CPC, it
measures the capability of models to reproduce the commuting flows, now
disaggregated by distance. If Nk is the number of individuals commuting
a distance between 2k− 2 and 2k kilometers, the CPCd is given by

CPCd(T , T̃) =
∑∞
k=1min(Nk, Ñk)

N
. (3.17)

3.4 model comparison results

We investigate here to what extent the gravity and intervening opportunities
laws reproduce the mobility patterns of the eight case studies availing of the
prior metrics. All model parameters βG, γS and αR were calibrated so that the
CPC is maximized. Due to the stochastic nature of the models, results are aver-
aged over 100 realizations of each trip distribution. In the case of the constrained
models, the statistical properties of the networks are not affected since replicas
are highly stable across realizations, with a CPC that varies no more than 0.09%.

Figure 3.3 displays the CPC for each of the laws and their corresponding mod-
els in each of the case studies. Overall, gravity models are more adjusted to
the empirical data than the radiation and the intervening opportunities ones.
Among the first, the normalized version with exponential decay is on the lead in
almost all cases. Regarding the radiation models, the original version provides
the worst results in the majority of cases and the best results are obtained for
the extended version. The performance of the models also varies between case
studies. Whereas the gravity model with exponential decay obtains the best re-
sults in France, the extended Radiation works better in the US. One interesting
observation is that all models display a lower CPC in London and England and
Wales.

We average the results for all eight case studies to evaluate their global perfor-
mance (Figure 3.4). The prior tendency for the CPC is confirmed in Figure 3.4(a),
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Figure 3.3: Common part of commuters for the constrained and unconstrained gravity
and intervening opportunities laws. Circles and squares correspond to the
normalized gravity with exponential and power-law decay functions, respec-
tively. Their crossed counterparts correspond to the original version. The up
and down pointing triangles correspond to the Schneider’s intervening op-
portunities and the original radiation laws, respectively. Finally, the green
diamonds correspond to the extended radiation. The symbols are the same
throughout all the figures of this chapter. Error bars provide the minimum
and maximum observed in the 100 realizations, yet they fall next to the aver-
age in most of the cases. Figure extracted from [2].

with the gravity laws performing far better than their radiation counterparts. A
general, yet not surprising, observation is that the constrained versions fall closer
to the empirical data since they include more information. The CPC increases
around 0.2 for all laws from the unconstrained to the doubly constrained case.
An interesting non-trivial fact is that the attraction constrained model yields
better results compared to the production constrained despite the information
they include is equivalent. Likely as a consequence of a more accurate estima-
tion of the job demand opposed to the job offer estimation, in which economic
circumstances may play a more relevant role.

We investigate next the capacity of the models to reproduce the commuting
network topology through the CPL (Figure 3.4(b)). Again the gravity law with
an exponential decay performs far better than the rest, except for the doubly
constrained case, in which the power-law decay and the extended radiation give
almost identical results. For the unconstrained and the single constrained mod-
els, the gravity with power-law decay, the extended radiation and the Schneider
models yield almost identical results. As for the CPC, the original radiation
model provides the worst results, reproducing only around 0.37 of the links in
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Figure 3.4: Comparison between the unconstrained and constrained models according
to three metrics and their randomized counter part. (a) CPC, (b) CPL and
(c) the CPCd. (d) The same three metrics from black to gray for a uniform
distribution. Figure extracted from [2].

all but the doubly constrained model. In any case, none of the models replicates
more than 55% of the observed links.

To further investigate this relation, we depict in Figure 3.5 the ratio between
the number of links observed and simulated. Overall, the exponential normal-
ized gravity and the Schneider laws provide the best results closer to 1. As for
the CPL, the original radiation model displays the highest deviations from the
empirical data, underestimating the number of links by almost 50%. Conversely,
the extended radiation and the gravity with power-law decay produce an over-
estimation.

Finally, we consider the role of the trip distance through CPCd, which com-
pares how models reproduce the number of commuters taking the distance trav-
eled into account (Figure 3.4(c)). Likewise the previous metrics, the worst results
are obtained for the original radiation model, while the other models are very
similar, reproducing from the 0.8 in the unconstrained case to the 0.9 in the
doubly-constrained. To analyze it in detail, Figure 3.6 displays the distribution
of commuting distances for France and the United States. The general obser-
vation, common for both cases, is that the gravity law with exponential decay
reproduces almost perfectly the empirical data for short distances. Conversely,
the original and extended radiation models capture the empirical distribution
for large distances. Despite the capacity of the radiation model to reproduce
large displacements, the fact is that the commuters traveling that distance are, at
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Figure 3.5: Ratio between the links observed and simulated by the constrained and un-
constrained gravity and radiation laws for all the case of studies. Figure ex-
tracted from [2].
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Figure 3.6: Empirical and simulated probability density function of the commuting dis-
tances with the production constrained model of each law in (a) France and
(b) the United States of America. The census data and the models are de-
picted in black and color, respectively. Figure extracted from [2].

most, around the 6%. Moreover, such distances might not be accurate to reality.
Individuals traveling more 300 km each day seems rather unrealistic.
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Figure 3.7: Comparison between the constrained and unconstrained gravity and inter-
vening oportunities laws when the in/outflows are used as input instead of
the population. (a) CPC, (b) CPL and (c) the CPCd. Figure extracted from [2].

3.5 robustness against different inputs

The models described above use the population of the origin mi and the desti-
nation mj as main input for the mass. A common approach since it is a more
accessible information. However, as we have access to detailed commuting infor-
mation, we can use the outgoing commuters Oi as the mass of the origin i and
the incoming commuters Dj as the mass of the destination j. In other words, mi
is replaced by Oi and mj is replaced by Dj in the formulation of the laws. We
then compute the CPC, the CPL and the CPCd to compare the performance of
the models under different inputs (Figure 3.7). A high agreement between both
is confirmed, with an improvement for the unconstrained and single-constrained
cases when the in/outflows are used. An expected outcome since the population
may not always be a good proxy for the number of job opportunities. The sim-
ilarity between the constrained versions can be explained by the fact that they
include information on the number of commuters even if they use the popula-
tion as input since the in/outflows are used as constrain.

3.6 model calibration in the absence of inputs

So far, the model parameters (βG, γS and αR) were fitted from the data to max-
imize the CPC in each dataset. However, no input data might be available for
calibration, hindering the attainment of a value for these parameters. [11, 43,
128]. Even in that case, they can be estimated as a function of the average area of
a census unit 〈S〉. It was shown that βG can be obtained from βG = 0.3 〈S〉−0.18,
in the case of the gravity law [128], and αR from αR = 0.0085

√
〈S〉1.33

, in the
case of the extended radiation law [43]. This relation is a consequence of the
connection between average unit surface and the average commuting distance.
More concretely, the average commuting distance increases with the average unit
surface.

We investigate this relation in the context of this chapter by plotting the value
of the parameters βG, γS and αR as a function of 〈S〉 (Figure 3.8). Figures 3.8(a)
and (b) show the value of βG for the gravity law in the exponential and power-
law forms, respectively. The results for the the exponential deterrence function
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Figure 3.8: Value of the fitted parameters depending on the average unit surface 〈S〉 for
each of the studied laws. The normalized gravity laws with (a) an exponen-
tial and (b) a power-law deterrence function, (c) the Schneider’s intervening
opportunities law and (d) the extended radiation law. Figure extracted from
[2].

are in agreement with previous works [128], and are qualitatively the same for
the power-law. Yet the relation between βG and 〈S〉 is inverted as a consequence
of its different shape.

On the contrary, no strong relation between γS and 〈S〉 is found for the Schnei-
der intervening opportunities law (Figure 3.8(c)) and, therefore, no meaningful
conclusion can be drawn from it. Finally, the results for the extended radiation
law (Figure 3.8(d)) are also in agreement with prior works [43].

We next investigate if the parameters estimated from the regression are reli-
able enough to reproduce the empirical mobility flows. To do so, we compare
the CPC calculated from the parameters fitted from data with the estimated ones.
Figure 3.9 shows the absolute error of the CPC as a percentage of the original
value for each of the laws averaged over all the constraints and datasets. To
provide a fuller picture, we also performed the comparison using the in/out-
flows as input (notched boxplot). In both cases, however, the parameters were
estimated from the population laws. Overall, the best performance is obtained
for the gravity laws, where a maximum error of 4% and 10% is obtained for the
exponential and power form, respectively. Despite the error increases in the case
of the extended radiation model, it remains acceptable with most of the results
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below 10% and a maximum error of 22%. On the contrary, the Schneider’s in-
tervening opportunities law leads to the largest discrepancies. While the errors
are acceptable when γS is estimated from the population, it goes beyond 60%
when we recover them from the in/outflows. Likely, these discrepancies are a
consequence of the weak correlation between γS and 〈S〉 shown in Figure 3.8(c).

3.7 discussion

This chapter provides a systematic comparison of trip distribution laws and
models. On account of the disparity of inputs and constraints used in prior com-
parisons, we have provided here a systematic one that uses the same inputs
and constraints. Overall, the gravity law outperforms the radiation in most of
the metrics studied. More concretely, the exponential deterrence function gives
far better results than the other laws and models, despite it fails to reproduce
the commuting flows at large distances. The identification of the best models
to obtain mobility flows is crucial due to the many things sustained upon the
mobility of individuals as are the transportation infrastructures or the emission
of pollutants. The outcome of this chapter evinces the crucial role of the dis-
tance in front of the distribution of job opportunities. Still, this chapter is mainly
focused on commuting trips and, therefore, the performance of these laws to
predict and reproduce tourism, migration or freight transportation has yet to be
investigated.



4
T H E H I E R A R C H I C A L O R G A N I Z AT I O N O F C I T I E S
U N V E I L E D B Y M O B I L I T Y

Beyond the fundamental characterization and modeling of human mobility (Chap-
ters 2 and 3), the analysis of the movement patterns might reveal insights on the
world we live in. Among them, here we investigate the hierarchical organization
of cities. Urban science, the so-called Science of Cities [19], has progressively be-
come a major interdisciplinary research topic. Its study implies a great challenge
as cities are out-of-equilibrium systems subject to internal and external shocks
wherein the changing social, economic and political circumstances play a major
role. Understanding the dynamics and mechanisms taking place in cities is cru-
cial as they affect the environment and the life of citizens, among others. Yet if
there is any field related to it, it is, out of any doubt, urban transportation. Hu-
man mobility and urban organization shape the development of transportation
infrastructures just as the development of new infrastructures modifies the ur-
ban structure and the mobility of citizens. Hence, its understanding is essential
to develop more efficient transportation infrastructures (Chapter 5) and policies
(Chapter 6). The results presented are based on [3], a work in which the author
of this thesis is the first author and has contributed in the design of the study,
the development of the concepts, the work methodology and the analysis of the
data and results. The connections and correlations obtained therein are much
stronger thanks to the use of a more comprehensive dataset provided by an ICT
company.

From an urban planning perspective, most of the discussion on city organiza-
tion has focused on the dichotomy between compactness and sprawl. Whereas
most definitions of urban sprawl are vague and broad such as "The spreading
of urban developments (such as houses and shopping centers) on undeveloped
land near a city" [215], it is commonly understood through a combination of
decentralization and low-density regions. On the other end of the spectrum, we
find compactness, which is characterized by higher densities and a stronger land
use mixing. Most of the discussion has focused on American cities due to the
unified census and the wider range of structures displayed. The research on ur-
ban sprawl can be divided between the measurement of its multidimensional
features [46], and how it influences the transportation, health, and environment
of cities, among others [216]. The most direct and early introduced measure of
sprawl was the average urban population density. Yet more sophisticated metrics
were progressively developed such as the Gini coefficient of the density distribu-
tion, the land use mixing or the complexity of the street patterns. Most of these
urban sprawl metrics are, however, based on static information provided by cen-
sus and surveys, which hinders the dynamics occurring in cities. Moreover, they
are hard to acquire at a worldwide scale as each country has a different census
methodology.

55
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In parallel to the development of metrics to quantify urban sprawl, countless
works appeared investigating its relation with the health in cities, the emission of
pollutants and the transportation [217]. Asserting, often, a connection between
higher sprawl and higher use of car and emission of pollutants [218] as well as
harmful consequences for the health of citizens such as higher crash rates [219].
Even though not systematically, sprawl has been also associated with higher
Body Mass Index (BMI)s [220].

Nonetheless, most of the previous studies were mainly descriptive. With the
digital revolution knocking on the door, by 1995 the emerging complexity sci-
ence rushed in the field. Following previous works on the fractal structure of
cities [137], the statistical properties of the growth of cities were reproduced as
two-dimensional aggregates of particles [139], evincing the self-organized na-
ture of urban systems and, as highlighted in [138], constituting the first steps of
complexity science into urban systems. The work proposed by Makse et. al [139]
constituted a prove that physicists could develop simplified, yet not simplistic,
models to identify the main ingredients driving the processes and interactions
that take place within cities. Additionally, it also stressed the need for an in-
terdisciplinary approach bringing together models from geography, economy,
transportation, physics and network science, among others.

From a fundamental perspective, one of the first conundrums was if the ag-
glomeration of citizens in urban areas had either a positive or negative impact on
cities. The scaling of a set of urban indicators with city population [221], revealed
that economic indicators such as the GDP or wages, as well as innovation indica-
tors such as the number of patents or inventors, displayed a superlinear scaling
with the population. Yet indicators with negative impact in our society such as
new AIDS cases or serious crimes also showed a superlinear scaling. These re-
sults suggested that the agglomeration of citizens and the ensuing increase of
human interactions led to the emergence of new behaviors. Nevertheless, these
results were called into question in [222, 223], wherein a systematic inquiry of
the urban scaling laws against different definitions of city boundaries revealed
that the exponents were not stable, and many of them moved from a superlinear
to a linear regime. In fact, the "correct" definition of city boundaries is still a
subject of strong debate in the scientific community.

However, cities are by no means univocally defined by their population. De-
spite many urban areas across the world with similar population exist, they
display a whole range of structures. Most of the discussion revolved around the
mono- or poly-centric structure of cities. It was analytically proven that conges-
tion induces a poly-centric transition and sublinear scaling of the number of
centers or hotspots with the population increase [140].

The vast majority of works mentioned above measure the structure and or-
ganization of cities through censuses and surveys, which if not biased, provide
only a partial picture of them. Over the last years, new data sources have al-
lowed the investigation beyond those surveys, usually weighted down by their
lack of spatiotemporal resolution or limited sampling. Hotspots were quantified
according to the spatial activity of mobile phone users [13] and a scaling with
the population in agreement with [140] was found. Similarly, land uses can also
be identified on almost real-time [14]. Nevertheless, as stressed in Mike Batty’s
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Science of Cities [19], nowadays cities are much more than a set of locations. While
the distribution of population may provide a global picture of city organization,
it says little about the dynamics that take place therein. To grasp the interactions
taking place within cities and the new behaviors that emerge, we should focus,
instead, on the flows and networks of individuals, goods, money and so forth. In
this context, the access to data of how, where and with whom we interact when
we move, became recently a game-changer. In an era dominated by the increase
of online and offline interactions, data is crucial to face the current economic,
environmental and social challenges. For instance, beyond the static measure
of the number of hotspots, in [224] they investigated the organization of flows
between hotspots, showing that the flows between hotspots are proportionally
larger in smaller cities. Bolstering, as in [133], the diversification of spatial ac-
tivity with city growth. Despite the new data sources provide a richer picture
of urbanscapes, the study of their organization through the mobility of citizens
has been scarce and limited to a few cities [92, 224]. Moreover, whereas the hi-
erarchical organization of urban settlements was formulated by Christaller long
time ago, the hierarchy within cities still has to be explored.

In this chapter, we quantify the hierarchical structure of the most populated
cities across the world by introducing a measure solely based on the mobility
of citizens. In contrast to most of the extant urban structure metrics, which are
constructed from static information, our metric can be easily updated and de-
ployed at a worldwide scale. By developing a null model we show that all cities
are more hierarchical than we could expect. Finally, we investigate the connec-
tion between the hierarchical mobility and the transportation, environment, and
health in cities.

Figure 4.1: Map of flows in the US with a zoom in New York City. Figure extracted from
[3].
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4.1 the hierarchical structure of cities unveiled by mobility

4.1.1 Trip flows aggregation

First of all the space is tessellated using S2 cells, a hierarchical tesselation devel-
oped in 2005 by Eric Veach [225], which has different levels according to the cell
size required. Concretely, we used level 13 whose cells have a size between 0.76
km2 and 1.59 km2. The trip flows account then for the weekly trips between any
pair of cells worldwide, yet only those accounting for more than 100weekly trips
are considered so that individuals information cannot be extracted. The weights
or trips between cells are normalized by a constant value and account only for
the movement of users who agreed to share their location data in Location His-
tory [226] and has been properly aggregated and anonymized. On account of
the growing popularity of Android devices, the dataset includes up to 5% of the
worldwide population. Semantic trips are extracted from the raw anonymized
GPS traces through a machine learning algorithm. For further privacy guaran-
tees, trips are aggregated and anonymized over time through a combination of a
differential private mechanism and a k-anonymity [227, 228]. The method adds
random noise from a Laplace distribution so that the privacy is ensured but the
statistics are not significantly distorted. A map of the flows departing from the
US and a zoom in New York City is shown in Figure 4.1. To build the network of
each city only those flows between cells within the city boundaries are included.
The details on the boundaries of the cities studied can be found in Appendix B.

Figure 4.2: Hotspot calculation up to level 5 in (a) New York City and (b) Los Angeles.
Figure extracted from [3].

4.1.2 Flow-hierarchy

We start by classifying city cells according to their activity by assigning a hotspot
level to each of them. We extend previous works wherein urban regions were
split dichotomically between hotspots and non-hotspots to assign a hotspot level
to each of the city cells. To do so we use the Loubar method [13], which is based
on the Lorenz curve, to set the threshold above which nodes are defined as
hotspots. The Lorenz curve is widely used in economics to measure inequality
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New York City Los Angeles

(a) (b)

(c) (d)

Figure 4.3: Distribution of nodes and outflows per hotspot level. Nodes per hotspot level
in (a) New York City and (b) Los Angeles and the total outflow per hotspot
level level in (c) New York City and (d) Los Angeles. Figure extracted from
[3].

and is calculated by plotting the normalized cumulative distribution of wealth
or income against the share of the population holding it. The area between the
curve and the diagonal is commonly known as the Gini coefficient. In the case
of a homogeneous distribution, the Gini coefficient is equal to zero as it would
correspond the diagonal.

Conversely to previous works in which hotspots were identified from static
measures such as the distribution of human activity or population density [13,
229], we have mobility information. Hence, the total flow entering or exiting
a cell provides the best proxy for its activity. Since both measures are almost
symmetric due to the closed shape of human trajectories, we focus only on the
outflow. Thus we calculate the Lorenz curve by plotting the normalized cumu-
lative distribution of cell outflow against the cumulative number of cells within
each city. The threshold that determines the hotspots is then obtained from the
crossing between the derivative of the Lorenz curve in (1, 1) and the x-axis. To
obtain more than one level, hotspots are removed from the outflow distribution
after each iteration, and the threshold is recalculated until a level has been as-
signed to all city cells. The procedure up to Level 5 is illustrated in Figure 4.2 for
New York City and Los Angeles. The transparent blue lines correspond to the
Lorenz curve after each iteration and the colored bold lines are their derivative
in (1, 1). As can be seen, the distribution of outflows reduces its inequality after
each iteration since the cells with higher outflow are progressively withdrawn
from it.
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Figure 4.4: The cities on the top are Paris (France), Bangkok (Thailand) and Los Angeles
(USA) and have a similar population ∼ 10 milions. The cities on the bottom
are Alexandria (Egypt), Santiago (Chile) and Sydney (Australia) and have a
similar population ∼ 5 milions. Figure extracted from [3].

We observe significant differences in the shape of the Lorenz curves depend-
ing on the city. As shown in Figure 4.2, the curvature is steeper for New York
City as a consequence of a more unequal outflow distribution. Such differences
lead to variability in the number of cells assigned to each hotspot level, as can
be seen for New York City and Los Angeles in Figure 4.3(a) and (b), respectively.
While the maximum of cells is assigned to level 5 in New York City, it is assigned
to level 4 in the case of Los Angeles. On the contrary, the total outflow of the
cells assigned to each level is very similar in the same two cities (Figure 4.3). A
reaffirmation of the convenience of the Loubar method, as it distributes a similar
share of outflows in each level independently of the flow distribution.

Once we have assigned a hotspot level to each cell, we inspect their spatial dis-
tribution and the presence of common features. In Figure 4.4, we plot the maps
of six cities divided into two groups with similar population. On the top, with
a population around 10 millions, we show the distribution of hotspot levels in
Paris, Bangkok and Los Angeles. Whereas Paris displays an onion-like structure
with cells of the same level grouped together, top hotspots start to spread out
in Bangkok and are almost completely scattered across the city in Los Angeles.
On the bottom, with a population of around 5 millions, we show Alexandria,
Santiago and Sydney. Despite the sea modifies the shape of the city, Alexandria
has a similar structure as Paris, with hotspots organized in an onion-like struc-
ture. On the contrary, Santiago and Sydney display a higher mixing of hotspot
levels and some top-level hotspots outside the core of the city. Overall, the maps
illustrate that cities show a wide range of structures in terms of level mixing
independently of their population.
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Figure 4.5: Calculation and results of Φ. (a) Flow-matrix H of New York City with the
entries included in Φ highlighted in yellow. (b) Flow-hierarchy for a subset
of cities accross the world. The cities previously shown in Figure 4.4 are high-
lighted in bold. (c) Flow-hierarchy for all the cities studied, colored according
to the continent of each city. The inset shows the average and standard de-
viation over contitents. The list of worldwide cities studied can be found in
Table B.2 and their location in Figure B.2 in Appendix B. Figure extracted
from [3].

Beyond the spatial distribution of hotspots, we dispose of mobility flows and,
hence, we can study their interaction or, in other words, the mobility occurring
between them. To do so, we aggregate the cell-to-cell flows into a matrix H that
encapsulates level-to-level flows. Each entry Hij accounts then for the total flow
going from level i cells to level j cells. To allow a fair comparison between cities,
we normalize it so that

∑L
i,j=1Hij = 1, where L is the number of hotspot levels.

An example of H is shown in Figure 4.5(a) for Los Angeles, wherein a higher
concentration of flows next to the diagonal is observed. The shape of H in most
of the cities evinces a hierarchical mobility, with stronger flows between closer
hotspot levels. Thus we propose the flow-hierarchy Φ as a measure to quantify
the hierarchy, calculated as the sum of flows between hotspots of the same or
consecutive levels

Φ =

L∑
i,j=1

Hij(δij + δi(j−1) + δ(i−1)j), (4.1)

where δij is the Kronecker delta. The entries summed up to calculate Φ are
marked in yellow in Figure 4.5(a).

We calculate Φ for 174 cities across the globe a subset of which is depicted
in Figure 4.5(b). As shown in the inset, the flow-hierarchy captures effectively
the different shapes of H, matrices with steeper values next to the diagonal
produce a higher flow-hierarchy. Moreover, the flow-hierarchy for the cities de-
picted in Figure 4.4 (bold) evince a correlation between the spatial distribution
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Figure 4.6: Matrices of flows between hotspots levels for (a) the empirical networks and
(b) the null model (Eq. (4.2)) in New York City. (c) Flow-hierarchy obtained
from the null model and the empirical data for a subset of US cities. Real
cities are significantly more hierarchical than their randomized counterparts.
Figure extracted from [3].

of hotspots and the hierarchical organization of flows. While Alexandria and
Paris are among the cities with higher Φ, Sydney and Los Angeles display much
smaller values. An expected outcome since it is more likely that the flow between
hotspots will be higher if they are close together.

The values of Φ for the 174 cities of study ranked and colored by continent
is depicted in Figure 4.5(c). They do not appear dichotomically distributed but
continuously within a range of values between 0.78 and 0.95. Moreover, a conti-
nental trend is outlined and confirmed by the inset in Figure 4.5(c). Asian and
African cities are among the most hierarchical, followed by European, American
and Oceanian cities.

4.1.3 Null model

Despite the flow-hierarchy allows us to compare the hierarchical organization
of cities, without a proper null model we cannot assess if they are hierarchical
above expectations on account of their characteristics, such as the number of
hotspot levels or the cell outflow. The simplest null model would be a flat matrix
H in which all entries are equivalent and, thus, the flow-hierarchy would be only
a function of the number of levels L and could be written as Φu = (3 L− 2)/L2.
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To give an example, New York City has L = 14 levels giving Φu = 0.20, far
smaller than the empirical 0.91. Nevertheless, this first approximation is rather
unrealistic since top levels accumulate far more flows than the rest (Figure 4.3).

Therefore, we propose a null model that takes the distribution of in/outflows
of the hierarchical levels into account. More concretely, each entry of the null
matrix of flows Hnullij will be given by

Hnullij =

∑L
k=1Hik ×

∑L
m=1Hmj∑L

p=1

∑L
q=1Hpq

. (4.2)

This formulation takes into account the higher number of flows between top
hotspot levels. The flow going from level i hotspots to level j hotspots is propor-
tional to the outflow of i (

∑L
k=1Hik) and the inflow of j (

∑L
m=1Hmj). However,

this null model leads to matrices with a strong nested-like structure compared
to the empirical ones (Figure 4.6(a) and (b)). When the flow-hierarchy obtained
from the null model and the empirical one are compared, the latter one is al-
ways above (Figure 4.6(c)). Hence, our results reveal that while the extent of the
hierarchical organization of cities differs, all of them are hierarchical above what
we could expect from their distribution of flows.

4.2 linking intra-urban hierarchy and city livability

The previous investigations on the connection between the urban organization
and the transportation, health and environment [217] suggest that the mobility
in cities might also influence them. Therefore, we investigate next the relation
between Φ and a set of urban indicators.
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Figure 4.7: Relation between Φ and transportation in US cities. Modal share of com-
muting trips by (a) car, (b) public transportation and (c) walking as a func-
tion of the flow-hierarchy. Cities in the plots: ATL (Atlanta), CHA (Char-
lotte), CHI (Chicago), HOU (Houston), LA (Los Angeles), MIN (Minneapo-
lis), NY (New York City) and SF (San Francisco). Significance *p-value< 0.05,
**p− value < 0.01 and ***p− value < 0.001. Figure extracted from [3].

First of all, we investigate if the organization of mobility flows is related to the
use of different transportation modes. Figures 4.7(a)-(c) show the modal share
of commuting trips by car, public transportation and walking as a function of
Φ. The correlations are significant (p-value< 0.001) and above 0.4 in all cases,
evincing a connection between more hierarchical cities and higher use of public
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transportation, more walking trips, and lower car use. Conversely, cities with
a weaker hierarchical organization display more private and less public trans-
portation and walking trips. These results reinforce the well-known connection
between urban structure, mobility, and transportation infrastructures. It could
be understood as a feedback loop, such that the development of infrastructures
reinforces a hierarchical organization of cities inasmuch as a hierarchical city
organization promotes the use of public transportation infrastructures.
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Figure 4.8: Relation between Φ and the emission of pollutants in US cities. Emission
of (a) NOx, (b) CO and (c) PM10 in metric tons per capita as a function of
the flow-hierarchy. The cities and p-values correspond to those in Figure 4.7.
Figure extracted from [3].

The correlation between Φ and the use of transportation modes suggests that
it could be also related to the environment. More concretely, to the emission
of pollutants [230, 231]. Figures 4.8(a)-(c) connect Φ and the emission of NOx,
CO, and PM10, respectively. A highly significant correlation (p-value< 0.001)
between 0.3− 0.5 is again observed for the three of them, yet it is particularly
higher for the emissions of NOx. Cities with a stronger hierarchy tend to emit
fewer pollutants whereas those less hierarchical emit more. Nonetheless, more
emissions do not necessarily imply higher concentrations, since other factors
such as the orography or the weather play a relevant role.

Given the influence of the environment and the walking habits in the wellness
of citizens [232, 233], our next step is to connect Φ to the health of citizens. We
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from [3].
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investigate first its relation with the mortality by ischemic heart stroke (Figure
4.9(a)), which has been proved to be influenced by the environmental pollution
[234, 235]. The correlation is corroborated and suggests that cities with a stronger
hierarchical structure display lower mortality by ischemic heart stroke. Interest-
ingly more, the correlation is only significant for the mortality and not for the
incidence, which could be explained by an easier access to healthcare facilities in
cities with stronger hierarchical mobility. We further investigate this hypothesis
by plotting Φ against the average distance to the closest hospital in Figure 4.9(b).
The correlation between both reinforces our hypothesis. As a last reinforcement
of the crucial role of health accessibility, we depict in 4.9(c) the relation between
Φ and the traffic fatalities, also heavily influenced by an efficient displacement
of injured to hospitals [236, 237]. The connection is significant, once again, with
an R2 above 0.3, which constitutes a further prove of the relation between hier-
archical cities and faster access to healthcare facilities.

4.3 discussion

In summary, we have developed a metric to quantify the hierarchical organiza-
tion of cities only based on mobility. Unlike previous measures such as sprawl
indices, it provides a richer picture of the urban organization as it captures the
dynamics occurring therein. Moreover, the large adoption rate of smartphones
facilitates its deployment at a worldwide scale. Despite the differences between
cities, we revealed through a null model that all cities have an intrinsic hierar-
chical organization. While we have focused on urban systems, the methodology
developed could be extended to measure the hierarchical organization of many
other complex systems.

After that, we have shown that the hierarchical structure of urban mobility is
related to many urban indicators. The general trend suggests that hierarchical
cities display a higher use of public transportation. Likely as a consequence of
a structure that facilitates the development of efficient public transportation in-
frastructures. Not surprisingly, the lower use of private on-road transportation
leads to a lower emission of pollutants in cities with a stronger hierarchy. Fi-
nally, we found a connection between the hierarchical structure of cities and the
health of citizens, likely as a consequence of a better accessibility to healthcare
facilities. Compared to previous metrics such as sprawl indices, our metric is
much simpler and only based on the mobility of citizens. Thus, we expect it will
contribute to the contemporary discussion on urban structure and organization.





5
M O D E L I N G U R B A N T R A N S P O RTAT I O N S Y S T E M S A N D
T H E I R R E C O V E RY F R O M M A S S I V E E V E N T S

Although we have seen before that the hierarchical structure of cities is related
to the use of transportation modes (Chapter 4), hitherto we have disregarded the
structure of the underlying transportation networks. Here we develop a model
to simulate the use of public transportation infrastructures and study the con-
gestion arising as a consequence of massive events such as concerts. To do so,
we need a realistic transportation demand. Since this work investigates massive
events in cities across the world, we will use data from LBSNs as in Chapter
2. While it is not the case, in the absence of data, the trip distribution models
described in Chapter 3 would a suitable alternative. While more sophisticated
traffic models exist (see Chapter 6), the one we developed has a minimal set of
parameters so that we can provide analytical solutions. The results presented are
based on [4], in which the author of the thesis played a major role; participating
in the conception and design of the research, the development of the model, the
achievement of the analytical solutions as well as the analysis of the data and
the scientific discussions.

The contemporary relentless growth of urban population, as well as the in-
crease of tourism towards cities, unprecedentedly defies the management of
transportation infrastructures. Not surprisingly, transportation policies are nowa-
days on the top of the urban agenda to confront the increase of emissions and
the rise of congestion [238]. For many years now, urban mobility has been dom-
inated by the dichotomy between public and private on-road transportation. Al-
though road transportation might be more comfortable and time-efficient than
other modes, it is the intra-city transportation mode which emits more pollu-
tants and, therefore, it has a steeper impact in the environment and health of
citizens. While some of its drawbacks could be potentially overridden by recent
technological advances such as electric cars, congestion points to public trans-
portation as the mode of the future [239, 240]. It is cleaner, more efficient and,
overall, it offers transportation with lower energy consumption and optimal use
of space. Yet two main challenges raise with it: the reduction of travel times to
compete with on-road transportation and avoiding the risk of overload. Hence,
it is no wonder that the study of public transportation systems has attracted the
interest of the scientific community and private companies as well.

The study of public transportation systems has been longtime constrained and
incomplete inasmuch as the interconnected modes were analyzed separately. A
hindrance recently surmounted with the development of the multilayer network
framework [164, 165]. Succinctly, a multilayer network is constituted of a set
of networks represented in interconnected layers. If the set of entities or nodes
that appear in each layer are the same and the inter-layer links only connect
the replicas of each node across layers, they are known as multiplex networks.

67
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In its broader definition, neither all the nodes nor all inter-layer connections
are necessarily present. Multilayer networks provided a major leap to depict
situations in which the actors or nodes are the same but the interactions between
them are of a different kind. A prototypical example wherein this framework is
particularly suitable is the interaction of individuals in different social networks.
Each social network (and its connections) is depicted in a different layer but the
persons (or nodes) interacting are the same.

From a theoretical perspective, new transportation properties arise with the
multilayer framework. Multiplexity can induce congestion if there is a disequi-
librium of the shortest paths and most of them go through one of the layers
[241]. Similarly, the multiplicity of the shortest paths needs to be accounted for
to calculate the onset of congestion [242].

Aside from social networks, the multilayer framework provides a major advan-
tage in the study of interconnected transportation systems. Wherein each loca-
tion is represented as a node and each line or mode as a layer. In such a way that
a node will appear in two layers if two lines (or modes) have a stop in the same
spatial location and an inter-layer link will connect their counterpart. In addi-
tion to the theoretical and methodological development of multilayer networks,
the prevailing availability of detailed data on transportation infrastructures has
enabled the construction of realistic networks. The early works depicted each
transportation mode as a layer, allowing, for instance, the evaluation of the over-
all structure of the network and its robustness [141]. Yet such representation
disregarded the unique characteristics of lines such as their frequency or capac-
ity. To preserve them, an alternative representation was proposed by depicting
each line in an independent layer [143, 144]. A comparison between both ap-
proaches revealed that the appropriate representation depended on the aim of
a work [144]. While the mode representation provides a clearer picture of the
network topology and structure, a realistic evaluation of robustness and conges-
tion requires the depiction of lines separately. The line representation revealed,
for instance, the existence of privileged routes in a set of French cities [143].
Trips of the same distance displayed a high variability of travel times. The latest
measures on multilayer networks have been also used to identify topological fea-
tures of transportation networks. In [243], a method based on the Von Neumann
entropy showed that 12 out of the 13 London subway lines were topologically
relevant. Yet a redundant line can still be important to mitigate congestion. An
alternative way to capture the schedule variability and the unique line character-
istics of public transportation networks is their depiction as temporal networks
[142]. A framework effectively used to study the efficiency of the transportation
system of the whole Great Britain [9] and reveal that a large fraction of travel
times is lost in waiting times. In the majority of transportation networks, the ca-
pacities of nodes and lines are different and, thus, they should be incorporated
into the analysis [141, 143, 144].

On-road transportation is commonly disregarded from the analysis of public
transportation systems as individuals seldom combine public and private trans-
portation within the same trip. Yet their interconnectedness may still be relevant
in some situations. In [244], the investigation of the optimal paths in the inter-
connected subway and road networks of London and New York revealed that
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an increase of the subway speeds could eventually lead to higher congestion.
A similar study was performed in Riyadh, bringing in a realistic transportation
demand and an Iterative Traffic Assignment model that distributed aggregated
flows through the network. It was shown that even in the limit of a subway with
infinite speed, the travel times were "only" reduced by 43% as a consequence of
the travel demand patterns [245].

A more realistic picture of transportation systems is often provided by traf-
fic models, either the aggregated ones based on the distribution of flows or
the agent-based. While aggregated models are computationally cheaper and can
eventually capture the potential congestion in the network, insights on how in-
dividuals chose their routes and results at a disaggregated level are usually pro-
vided by agent-based models. In parallel to the development of realistic trans-
portation models, usually with a countless number of parameters, simpler traffic
models in complex networks were developed in the early XXI century. They fo-
cused on the context of the exchange of packets between computers [246, 247],
and found that the global state of the system could change depending on the
routing protocol followed by the packets. Whereas a shortest path protocol leads
to a continuous phase transition in the number of packets delivered, an adaptive
one leads to a discontinuous one. Despite the analogy between the navigation
of real transportation systems and random walks might seem rather simplistic,
they have provided interesting insights into the potential consequences of fail-
ures [141].

An accurate reproduction of the mobility in urbanscapes cannot be attained
without a proper knowledge of how individuals choose their routes. Humans
are not computers that calculate the fastest routes and, many times, other fac-
tors beyond travel times are contemplated [248]. An analysis of GPS traces re-
vealed that individuals do not always follow the trajectories that minimize travel
times. The trajectories followed also depend on the idiosyncrasy of a trip, rou-
tine journeys vary less than sporadic ones [249]. From a modeling perspective,
transportation models are ruled by the dichotomy between the user equilibrium
and the system optimum route assignment. The user equilibrium framework is
regulated by Wardrop’s first equilibrium principle, in which no individual can
reduce its travel time by rerouting. Conversely, the system optimum is governed
by Wardrop’s second principle, which sets the routes of individuals so that the
global travel time is minimized. A clear picture of the confrontation between
user equilibrium and system optimum route assignment can be found in [15].
The seek of a minimal travel time route is counterbalanced by a parameter that
takes the consequences on the other individuals into account. The "altruism" pa-
rameter suggests that the time lost in congestion could be reduced by 15%− 30%
with a minimal effect on the travel time of individuals. Most of the research has
focused on the study of congestion due to its economic and environmental costs.
A study of the congested phase in cities investigated the transition between the
free-flow regime, the appearance of traffic jams and the complete network col-
lapse [250]. They also provided an analysis of the recovery times.

Many of the previous works include one extra ingredient crucial to under-
stand the performance of transportation systems, transportation demand. The
spatiotemporal mobility requirements of citizens are not by any means homoge-
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neous. In fact, modeling transportation demand or the spatiotemporal variability
of the origins and destinations of trips has puzzled researchers for almost half
a century [251, 252]. More recently, the new technologies have facilitated the ac-
cess to spatiotemporal information of human activity. Early since the first work
on individual mobility from CDRs [50], the methods have been progressively re-
fined, and nowadays trustful OD matrices can be extracted from mobile phone
data [54–57]. Yet the restricted access to mobile phone data, especially across
countries, has led researchers to generate OD matrices from LBSNs, which pro-
vide worldwide coverage and have been proved against surveys and CDRs [106].

Within this chapter, we will accomplish the two-fold objective of developing
a stylized model that reproduces the mobility of citizens through the public
transportation system and investigating the emergence of delays from massive
events such as sports matches or concerts.

While an optimal path routing might provide a global picture of the features
of a transportation system [143, 144], it lacks an accurate description of the be-
havior of the system under realistic circumstances. Hence, we propose a model
in which individuals use a locally adaptive routing algorithm which takes the
local congestion into account. With it, we will investigate how the global state of
the system and the congestion depends on the adaptability of individuals.

Thereafter, we use our model to study the effect of massive events into the
public transportation system. Despite infrastructures are usually prepared for
the daily transportation demand, the agglomeration of citizens in a small loca-
tion can lead to congestion and delay when attendants leave. Not surprisingly,
such events are drawing increasing interest from official institutions [253]. Yet
they have been largely disregarded by researchers. Arguably one of the few
works tackling the question focused on the congestion and delays produced by
the sports events taking place during the Olympic games of Rio in 2016 [254].
While the work provides solutions to mitigate the potential congestion such as
an informed mode change of trips, it lacks an interpretation of the fundamental
mechanisms behind the emergence of delays. Thus, we investigate systematically
the effect of massive events in both the event attendants and the individuals in
the background performing their daily activities. We will measure the scaling of
a set of variables related to the congestion and delay as a function of the num-
ber of attendants and unveil the mechanisms behind it. To do so, we start by
studying regular lattices, where our model can be solved analytically, and prove
that the network dimension plays a crucial role. We then switch to empirical
networks and simulate events with an increasing amount of attendants in eight
cities across the world (Amsterdam, Boston, Berlin, Madrid, Milan, New York
City, Paris, and San Francisco). Through a new measure of network dimension,
we show that the scaling in cities and lattices is governed by similar mechanisms.
Aside from the scaling, we also investigate the spatial patterns of the disruptions
and delays, providing informative insights into the most suitable areas to host
massive gatherings.
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qc

Walking layer

Figure 5.1: Sketch of the public transportation system model. The colored and grey lines
correspond to the transportation and walking layers, respectively. The nodes
sharing the same spatial coordinates are connected through inter-layer links,
represented by discontinuous lines. Individuals accumulate in the queues q
and are only able to board vehicles if the number of passengers is below the
capacity c. For visualization purposes, our framework is depicted as a 1D
lattice. Figure extracted from [4].

5.1 modeling the public transportation system

We develop a stylized model to mimic the movement of individuals through
the public transportation system. So that we can reproduce the emergence of
congestion and delays. Its main ingredients are the public transportation sys-
tem represented as a multilayer network, the movement of vehicles with limited
capacity, the spatial distribution of demand (transportation demand) and the
routing protocol used by individuals.

The public transportation system of cities is, in general, composed of different
transportation modes with its unique characteristics, such as speed, frequency or
capacity. Similarly to [143, 144], in our multilayer framework, each transportation
line is represented in a distinct layer to avoid edge overlap and preserve their
characteristics. To build the network, we first tessellate the space through a grid
of cells of size 400m× 400m and assign each stop to one of them. After that, in
each line or layer, intra-layer links are created between cells hosting consecutive
stops with a weight equal to the distance between cell centroids divided by the
average mode speed. If two consecutive stops are assigned to the same cell, they
are merged into one and the travel times are updated accordingly. Since each
line is depicted in an independent layer, the stops of different lines assigned to
the same cell or location are connected through inter-layer links. The weights of
the inter-layer connections are given by the average waiting time of the new line,
estimated as half the period, plus a 30 seconds penalty for changing line. In addi-
tion to the transportation layers, a connected walking layer with infinite capacity
is created by connecting all grid cells within a certain radius. The weights of the
intra-layer links of the walking layer are calculated by dividing the Haversine
distance between cell centroids by an average walking speed of 5 km/h. The
weights of the inter-layer links directed towards the walking layer only account
for the 30 seconds penalty. From now on, and throughout all this part of the
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thesis, we will call node to a stop in one of the layers and location to the set of
nodes assigned the same spatial coordinates connected through inter-layer links.

The transportation lines layers have vehicles running on them that individuals
need to use to travel through the links. The vehicles depart from the origin of
the line with a time-lapse equal to the line headway or period obtained from the
schedule and go through all the nodes of the line until the terminal. The travel
time between stops corresponds to the previously calculated weights. Every time
a vehicle reaches a node, individuals waiting therein are allowed to board in
as long as the number of passengers is below the line (or vehicle) capacity c.
Otherwise, the individuals stay at the queue until the next vehicle arrives. The
capacity of vehicles is equal to the capacity of the transportation mode to which
the line belongs. A sketch of the model in a 1D lattice is shown in Figure 5.1.

The structure and schedule of public transportation systems are commonly
adjusted to the daily movement of citizens and, thus, the rigorous simulation
of a daily scenario requires a realistic distribution of origins and destinations
(transportation demand). In the absence of official data for all the eight cities
studied through this chapter, we have used commuting patterns extracted from
Twitter. Admitting its possible biases [104], the commuting patterns extracted
from Twitter have been already corroborated against surveys [106]. After filter-
ing users traveling faster than 300 km/h and tweeting faster than a certain rate,
we assign the work and home places to their the most common location be-
tween 8:00 and 20:00 and between 20:00 and 8:00, respectively. The commuting
trips with the home location as origin and the work location as destination are
then aggregated into an OD matrix, which is normalized by the total number of
users.

During the simulation of a normal scenario, ρ individuals enter the public
transportation system with an origin and destination extracted from the OD
matrix. Their movement is then separated into two phases, the planning, and
execution. They select the route to follow during the planning and perform the
displacements during the execution. While the route is calculated upon the pre-
viously described multilayer network, during the execution, the penalty of inter-
layer links is of 30 seconds since the period of lines is included in the movement
of vehicles. Similarly to models on computer systems [246, 247], the model we
proposed is adaptive with local information and, thus, individuals may return
to the planning phase if they encounter congestion. Additionally, to avoid loops,
they have memory and are not allowed to return to previously visited trans-
portation nodes. In the absence of congestion, individuals follow the route that
minimizes the travel time (optimal path) of the multilayer network. Yet, when
a congested node is reached, their route is recalculated taking into account an
effective waiting time given by

twait,i =

(
1

2
+
[qiα
c

])
f, (5.1)

where f and c are, respectively, the period and capacity of the line, qi is the
queue observed by individual i and the parameter α accounts for the adapt-
ability of individuals. Succinctly, the effective waiting time is given by the base
value f/2 plus the number of vehicles necessary to empty the queue times the
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frequency. While in the limit of α = 0 (twait,i = f/2) individuals follow the op-
timal paths disregarding the local congestion, for α > 0 the individuals readapt
their routes according to the congestion. Even though a value of α > 1 could
seem unrealistic, it accounts for the possibility that the incoming vehicle might
not be empty and, thus, have an effective capacity lower than c. For example,
whereas for α = 1 individuals assume that c of them will fit in each vehicle, for
α = 2 they assume that all vehicles arrive at the half of its capacity and only c/2
will be able to board in.
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Figure 5.2: Temporal evolution of the number of individuals in the public transportation
system of Madrid for (a) α = 0 and (b) α = 1. The total duration of the
simulations is 30000 seconds.

5.1.1 The delay transition in public transportation systems

We start by investigating if our model can reproduce the features of public trans-
portation systems and which is the effect of α and ρ on it, focusing on the
public transportation network of Madrid. In analogy to models on computer
systems, the most direct measure of the macroscopic state of the system is the
temporal evolution of individuals running through the network. If it is constant
through time –its derivative is equal to zero– the system is in equilibrium, and
all the individuals that enter the system reach their destination. Conversely, if
it increases with time –its derivative is greater than zero– the system is on the
congested phase and not all the individuals that enter the system get out of it.
As our model seeks to be realistic, all individuals entering the system should
reach their destination at the expenses of higher travel times, if necessary.

We depict in Figure 5.2 (a) and (b) the number of individuals in the system
as a function of time and ρ in Madrid for α = 0 and α = 1, respectively. In the
first case, the number of individuals in the system is constant for low ρ (free-
flow phase) until a critical value ρc after which it increases with time (jammed
phase). This transition from a free-flow to a jammed phase wherein not all the
individuals entering the system reach their destination is known as jamming
transition [247]. Due to the limited capacity of vehicles, for ρ > ρc in at least
one node more individuals are waiting than those it can process, which leads
to the emergence of congestion. Therefore, an optimal path routing with no
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adaptability provides an unrealistic picture of the public transportation system
where individuals do not reach their destination.
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Figure 5.3: Average walking time per individual in Madrid as a function of ρ for differ-
ent values of α.

For α = 1 (Figure 5.2(b)), instead, the number of individuals in the system is
constant independently of ρ. Yet for larger values, it needs more time to reach
the stationary state. Unlike previous models and works that simulated the move-
ment of packets through networks, we do not observe a discontinuous phase
transition when agents have adaptability. Thanks to the walking layer with in-
finite capacity, individuals are always capable of finding an alternative route to
reach their destination at the expense of higher travel times. To assess this effect,
we depict in Figure 5.3 the average walking time per individual for different val-
ues of α as a function of ρ. While it only increases slightly for α = 0, for α > 1
the walking time increases significantly with ρ as a consequence of the increase
of congestion. Naturally, the higher the value of α, the higher the increase of the
average walking time with ρ.

While the jammed state is avoided for values of α equal or greater than one,
the number of individuals in the stationary state changes as a function of α
evincing that the performance of the system has a dependency on α (Figure 5.2).
Therefore, we further inspect the functioning of the public transportation system
by showing in Figure 5.4(a) the average value of individuals in the stationary
state as a function of ρ for different values of α. The first general observation is
that the curve shows two different behaviors before and after the ρc for α = 0

(ρ ∼ 35). For low values of ρ, there is almost no difference with α since the
optimal paths are not yet congested and, hence, there is no rerouting. Instead,
as the injection rate increases, queues start to appear and α modifies the value
of the plateau. More concretely, the lower values are attained for α = 2 and
α = 3, while values above 3 increase the average the number of individuals
in the system. Likely as a consequence of an over-rerouting of the individuals,
which leads to higher travel times.

In Figure 5.4(b), we plot the value of the plateau as a function of α for high
values of ρ. The results confirm that there is an optimal value of α between 2
and 3 which minimizes the number of individuals within the system and, thus,
the travel times. Moreover, for α > 3 the systems moves away from the optimal
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Figure 5.4: Number of individuals in the stationary state as a function of ρ and α in
Madrid. (a) Average value of individuals running through the system in the
stationary state as a function of ρ for different values of α. (b) Average value
of individuals running through the system in the stationary state as a func-
tion of α for different values of ρ.

performance and the value of the plateau increases. Even though the number
of individuals in the system provides insights on the global state and serves
a proxy of the average travel times in the network, it lacks information on the
concrete level of congestion in the network.

Figure 5.5: Map of the normalized queues qn averaged over the last 3600 seconds of
simulations in Madrid for (a) α = 0 and (b) α = 1. Both simulations were
performed with ρ = 40. qn is calculated as the number of individuals waiting
at the queue divided by the line capacity.

The map of congestion is significantly different between an optimal path pro-
tocol (α = 0) and an adaptive one (α = 1), as it is shown in Figure 5.5(a) and
(b), respectively. To take into account the capacity differences, we plot the nor-
malized queue qn, calculated as the number of individuals waiting at the queue
divided by the line capacity. Comparing both, it becomes clear that α has a
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Figure 5.6: Delay transition for different values of α in Madrid. Total delay in the net-
work as a function on the injection rate ρ.

strong impact on which nodes get congested and the extent of the congestion.
While one node accumulates most of the congestion when there is no adaptation,
more but less congested nodes appear in the adaptive case. Interestingly more,
the highly congested node for α = 0 only displays a slight congestion for α = 1,
which means that there are alternative routes. The strong differences between
both maps highlight, once again, the necessity of adaptive protocols to assess
the real congestion and robustness of public transportation networks in contrast
to optimal path protocols, which provide a too simplistic picture [143, 144].

While previous works on computer networks observed a transition from a free-
flow to a congested phase in the time derivative of the number of individuals, we
face a realistic scenario in which all individuals should reach their destination
independently of ρ. In our model, the adaptability of individuals combined with
a walking layer with infinite capacity prevents a jamming transition. Yet for high
values of ρ, there is an increase of travel times. Hence, in our case, the delay
suffered by travelers is a more informative measure of the global state of the
system. The overall congestion of the system ∆τtot will be given by the sum
of the delay over all delayed individuals. Calculated as the real τreal minus
the expected τop travel time, which is given by the optimal paths on the static
network.

We plot in Figure 5.6 the total delay in the system ∆τtot as a function of ρ
for different values of α. Indeed, there is a transition in the delay as a function
of ρ, yet its shape and the critical value after which it appears depends on α.
While for α = 0 no significant delay is observed below ρ ∼ 30, delays appear
much before for α > 0. Moreover, increasing values of α lead to more rerouting
and, therefore, an earlier appearance of delays. After the emergence of delays
for α = 0, an inversion occurs, and α = 2 becomes the best possible strategy
leading to the lowest delay. In agreement with the previous results concerning
the number of individuals in the system in the stationary state (Figure 5.4). For
α > 3, the total delay in the system increases with α due to an over-rerouting.
Overall, before the optimal paths get congested, rerouting is unnecessary and,
thus, a bad strategy. Conversely, after they get congested, a moderate rerouting
(1 6 α 6 3) becomes the best strategy.
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5.2 scaling of urban transportation systems from massive events

Massive events gathering thousands of people are common in most cities across
the globe and can lead to extensive disruptions and congestion. In this section,
we explore their effect on the public transportation system by investigating the
scaling of the average delay, and the congestion, with the number of attendants
I. We start by solving our model analytically in lattices to prove the existence
of the scaling and unveil its relation with the network topology. Thereafter, we
simulate events in the empirical networks of eight cities (Amsterdam, Berlin,
Boston, Madrid, Milan, New York City, Paris, and San Francisco), and put the
results in the context of our findings in lattices.

In order to reduce the degrees of freedom of our model, we will focus only on
the case α = 1 of equation (5.1). Therefore, the waiting time of an individual i
as a function of the queue qi observed by individual i will be given by

twait,i =

(
1

2
+
[qi
c

])
f. (5.2)

Throughout this section, individuals are separated between the event atten-
dants and the background citizens carrying out their daily activities. In the case
of the background, ρ individuals will enter the public transportation system each
second, with their origin and destination determined by the Twitter OD matrices.
We ascertain that ρ is small enough so that delays are only consequence of the
event attendants. In parallel, I individuals will be introduced in a location with
a destination extracted from the distribution of residence places obtained from
Twitter. When studying regular lattices, all origins and destinations are selected
with the same probability.

5.2.1 Scaling in regular lattices

Despite regular lattices constitute a realistic example only in two dimensions,
they allow the analytical treatment of our model, which can provide insights
on the mechanisms behind the scaling. We will start studying the scaling of
the attendants of the event and continue with the background individuals. In
each simulation, I individuals are introduced in a location, along with those in
the background. Simulations last until all the individuals in the perturbation, or
event, reach their destination.

5.2.1.1 Event Individuals

1d lattices. The 1D lattices studied here are composed of two lines going in
the opposite direction and an infinite capacity walking layer connecting adjacent
nodes (See Figure 5.1). Within this framework, the individuals leaving the event
can only wait at their current location or walk to the next one on the way to their
final destination. The critical amount of individuals q? that wait at each queue
until walking to the next stop becomes the optimal route can be calculated from
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Equation (5.2). If the travel time between two stops by walking and using a
vehicle is t2 and t1, respectively, we can obtain q? by matching

t2 = t1 + twait,i =

(
1

2
+

[
q?

c

])
f, (5.3)

which solving for q? yields

q? =

[
t2 − t1
f

+
1

2

]
c. (5.4)

As the stream of individuals walks away from the event, q? of them will wait
at each node and the rest will move on to the next location until the number of
individuals walking goes below q?. The individuals in the event I are split in
two independent streams I ′ = Iright, Ileft in a rate that depends on the event
location x

I ′ =

Iright = I (L−1−x)
L ,

Ileft =
Ix
L .

(5.5)

Given that each side can be treated independently and has a size L ′ = L ′right,L ′left,
we can write a continuity equation for the I ′ individuals as

I ′ =

node 0︷︸︸︷
q? +

node 1︷ ︸︸ ︷
q? +

I ′ − q?

L ′
+

node 2︷ ︸︸ ︷
q? +

I ′ − 2 q?

L ′
−
I ′ − q?

L ′2
(5.6)

+

node 3︷ ︸︸ ︷
q? +

I ′ − 3 q?

L ′
−
2 I ′ − 3 q?

L ′2
+
I ′ − q?

L ′3
+ . . .

≈
r ′c−1∑
β=0

q? + β∑
α=1

(−1)α+1
(
β−1
α−1

)
I ′ −

(
β
α

)
q?

L ′α

 .

Where r ′c is the radius of congestion towards each lattice side r ′c = rcright, rcleft
and is defined as the distance to the closest non congested node. The above
equation shows the calculation up to the third node from the event location, yet
the series goes up to the node at distance x± (r ′c − 1). The origin of the event
has only one term q? which accounts for the individuals that wait at the queue.
The rest of locations have two main contributions: the q? individuals that stay at
the queue and the individuals that arrived by walking to that destination, which
correspond to the terms divided by powers of L ′. By compacting the previous
expression and solving for r ′c as a function of I ′ and L ′ (Appendix C) we can
obtain

r ′c ≈ 1+
ln
(

q? L ′

I ′+q? (L ′−1)

)
ln
(
1− 1

L ′
) . (5.7)
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Figure 5.7: Scaling in 1D lattices. Scaling of (a) the radius of congestion rc and (b) the
average delay per individual ∆τav for an event located at the center of the
lattice. Simulations were performed in a lattice of size N = L = 1500 nodes,
capacity c = 600 persons and period f = 600 seconds. Figure extracted from
[4].

Our solution provides the distance to the closest non congested stop –or the
number of congested nodes– towards each side of the lattice as a function of the
event attendants I and the event location x. We compare the analytical solution
with the simulations in Figure 5.7(a), finding a good agreement between both.
In the infinite size limit, the scaling of r ′c yields

r ′c ∼
I ′

q?
. (5.8)

From r ′c we can calculate the average delay per individual ∆τav for each lattice
side as a function of I ′ and L ′ (Appendix C). Separating between those individ-
uals who arrive at their destination by walking (walkers) and using a vehicle
(riders). The comparison between our analyical solution and the simulations de-
picted in Figure 5.7(b) shows a strong agreement. As for r ′c, a linear scaling with
I is observed. Since our solution does not assume a concrete event location –I ′

and L ′ are a function of x and I–, it also provides ∆τav for any event location.
Figure 5.8 depicts the average delay for a fixed perturbation of I = 50, 000 as a
function of the event location. Further reaffirming our analytic solution.

The scaling of ∆τav in the limit L→∞ is dominated by the delay of the indi-
viduals arriving to their destination using a vehicle ∆τtot,v. Therefore, recalling
that r ′c ∼ I ′ and combining both lattice sides we obtain

∆τav ∼
f I

2 c
. (5.9)

Despite the previous discussion disregards the movement of individuals in
the background, an analytical solution that takes it into account can be also
attained (see Appendix C). Succinctly, the capacity of the lines is reduced to an
effective capacity that depends on the betweenness centrality of each link. Still,
the scaling obtained is the same as long as ρ is small enough so that it does not
induce delay by itself.

2d lattices. The linear scaling of both the radius of congestion and the aver-
age delay in 1D lattices is produced by the lack of alternatives. Individuals either
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Figure 5.8: In a 1D lattice, average delay per individual obtained from simulations and
the analytical solution as a function of the event location for a perturbation
of I = 50, 000 individuals. The results correspond to the same parameters as
in Figure 5.7. Figure extracted from [4].

(a) (b)

Figure 5.9: Sketch of 2D lattices within the multilayer framework. (a) The four trans-
portation lines and the walking layer intersecting in a location. (b) Multilayer
2D lattices with the lines sharing direction aggregated in one layer for visu-
alization purposes.

take the only available line or walk towards their destination. Conversely, in 2D
lattices, the alternatives grow as individuals move from the event location, in
addition to a degeneration of the optimal paths. The 2D lattices studied are sim-
ilar to the 1D lattices, with one line in an independent layer and four lines (one
in each direction) intersecting at each location. An illustration of the lines and
the walking layer intersecting in one location and an aggregated sketch of the
multilayer network are shown in Figure 5.9(a) and (b), respectively. To calculate
rc, the relevant quantity is q? given again by Equation (5.4). Since q? individuals
will wait at each node, to calculate the radius of congestion rc we start with the
number of nodes sitting at a distance r from the event

N(r) = δr,0 + 4 r. (5.10)

While in 1D lattices there is only one line going on the emptying direction for
each stream, in 2D lattices this is no longer the case, and there are more than
one convenient emptying directions at each location. There will be three types



5.2 scaling of urban transportation systems from massive events 81

Figure 5.10: Sketch of the number of convenient queues per node. In green, the event lo-
cation with four convenient queues, in red, the nodes with three convenient
queues, and in dark blue the nodes with two convenient queues.

of nodes depending on the number of downstream directions departing from it.
The node where the event is located has four convenient directions, the nodes
along the main axes have 3 and, finally, the rest have only two (Figure 5.10).
Transforming the previous expression into the number of convenient queues as
a function of the distance r, we can obtain

Nq(r) = 4 δr,0 + 12Hr,1 + 8 (r− 1)Hr,2. (5.11)

Wherein Hr,x corresponds to the discrete step function which becomes 1 for r
equal or greater than x, and δr,x is the Kronecker delta that becomes one for
r = x. Treating each direction (quadrant) independently, we can write a continu-
ity equation for the I ′ individuals as a function of the radius of congestion r ′c
towards each lattice quadrant as

I ′ ≈
distance 0︷︸︸︷

q? +

distance 1︷ ︸︸ ︷
3 q? +

I ′ − q?

L ′x L
′
y

+

distance 2︷ ︸︸ ︷
5 q? +

I ′ − 4 q?

L ′x L
′
y

−
I ′ − q?

(L ′x L
′
y)
2

(5.12)

+

distance 3︷ ︸︸ ︷
7 q? +

I ′ − 9 q?

L ′x L
′
y

−
2 I ′ − 5 q?

(L ′x L
′
y)
2

+
I ′ − q?

(L ′x L
′
y)
3
+ . . .

=

r ′c−1∑
β=0

{
(2β+ 1)q? +

β∑
α=1

(−1)α+1

(
β−1
α−1

)
I ′ − 2β−(α−1)

(α+1)

(
β
α

)
q?

(L ′x L
′
y)
α

}.

Where we have accounted for the number of convenient queues per node Nq(r),
and L ′y and L ′x are defined as the side size of the quadrant as a function of
the event location and the direction from it. The previous expression can be
compacted and solved for r ′c (Appendix C) yielding

r ′c = −
1

2
+ L ′ −

Plog
(
(1− 1

L ′ )
L ′−32 ( q

?−I ′

2L ′q? + L
′ − 3

2) log(1− 1
L ′ )
)

log(1− 1
L ′ )

.

Where L ′ = L ′x L
′
y and Plog() is the product log function. The agreement be-

tween the simulations and the analytical solution for a perturbation in the center
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Figure 5.11: Scaling in 2D lattices. Scaling of (a) the radius of congestion rc and (b) the
average delay per individual ∆τav for an event located at the center of the
lattice. Simulations were performed in a lattice with size N = L2 = 702

nodes, a capacity c = 80 persons and period f = 600 seconds in all lines.
Figure extracted from [4].

of a 2D lattice is high as can be seen in Figure 5.11(a). In the infinite lattice limit
(L ′ →∞), r ′c scales with I ′ as

r ′c ≈

√
I ′

q?
. (5.13)

Despite the scaling of the number of congested nodes is the same as in 1D
lattices, they now ocuppy a 2D space leading to a scaling of 1/2.

From the analytical expression for r ′c, we can then calculate the average delay
∆τav as a function of I (Appendix C), which comes from summing up the delays
of walkers and riders for each of the quadrants. Our analytical solution and the
simulations show a high level of agreement as depicted in Figure 5.11(b). The
scaling of ∆τav in the limit L → ∞ can be obtained by recalling that rc ∼ I1/2,
and is given by

∆τtot ∼
q?2 f

c
I3/2. (5.14)

Which divided by the I individuals in the perturbation yields

∆τav ∼ (q?2 f/c) I1/2. (5.15)

Here again, an analytical solution taking the background into account can be
obtained by taking into account an effective capacity(Appendix C).

Higher dimension lattices. The exact calculation of the average delay for
a general dimension D > 2 becomes highly demanding, yet we can obtain an
approximate expression for the scaling of ∆τav in the large L and I limit. Since q?

individuals wait at each node independently of the dimension, the total number
of congested nodes can be approximated as QT = I

q? for any dimension D.
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Figure 5.12: Scaling in 3D lattices. Scaling of (a) the radius of congestion rc and (b)
the average delay per individual ∆τav for an event located at the center.
Simulations were performed in a lattice with size N = L3 = 253 nodes,
c = 600 persons and f = 600 seconds. Figure extracted from [4].

In the infinite size limit, those QT nodes occupy a hypervolume that can be
approximated as ∼ rDc , so that the radius of congestion yields

rc ∼

(
I

q?

)1/D
. (5.16)

In the infinite size limit, the delay of walkers tends to zero for any dimension
D and, thus, the average delay is dominated by the individuals using vehicles.
As a function of the convenient number of queues NDq (r) sitting at a distance
r from the lattice center in a dimension D, we can write the total delay of the
individuals taking vehicles as

∆τtot,v ∼
q?2f

c

rc−1∑
r=0

NDq (r). (5.17)

Basically, the delay accumulated by the q? individuals waiting at a queue is the
number of vehicles necessary to empty it q?/c multiplied by the line period f
and the distance from the event r. Despite the shape of NDq (r) gets involved for
higher dimensions, we can still write its scaling with D as

rc−1∑
r=0

Nq(r) ∼ rc
D+1 ∼ I

D+1
D . (5.18)

From which the scaling of ∆τav can be written as

∆τav ∼ I
1/D. (5.19)

Figure 5.12(a) and (b) shows the results of the simulations in a 3D lattices, prov-
ing that the scaling ∆τav ∼ I1/D and rc ∼ I1/D hold also in the 3D case.



84 modeling urban transportation systems

2d lattices with heterogeneous capacities. We have seen how the di-
mension of the network determines the scaling of the delay in lattices when
there is a peak of demand. Yet conversely to empirical public transportation
networks, the lattices studied thus far have homogeneous frequencies and ca-
pacities. On account that in the following section we will study highly heteroge-
neous transportation networks composed of different modes, we investigate if
heterogeneous capacities can modify the effective dimension of a 2D lattice and
the scaling of ∆τav.
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Figure 5.13: Scaling of ∆τav with I in 2D lattices with heterogeneous capacities. The
three scalings of capacity tested are a constant one C ∼ const in red, a
linear C ∼ r in yellow and a quadratic C ∼ r2 in green. The size of the lattice
is the same as in Figure 5.11. Figure extracted from [4].

While keeping a fixed 2D topology, we impose an increase of capacity from the
origin and investigate if the scaling of ∆τav with I can eventually go below 1/2.
Hence, the capacity of a node cn will depend on its distance to the center of the
lattice r. Aside from the already studied constant capacity (cn(r) ∼ const), we
consider a linear cn(r) ∼ r and a quadratic cn(r) ∼ r2 scaling with the distance
from the event. As in the prior sections, we focus on the scaling of ∆τav with
I (Figure 5.13). While a constant capacity leads to the expected scaling of 1/2,
when there is a scaling with r the scaling is modified. The linear and quadratic
increase of capacity leads to a scaling close to 1/3 and 1/4, respectively. As
would correspond to an effective dimension resulting from the combination of
the topological dimension and the "capacity" dimension. These results highlight
the necessity of a new formulation of network dimension in the case of networks
with heterogeneous capacities since they modify scaling.

5.2.1.2 Background individuals

Besides the event individuals, the citizens in the background performing their
daily activities may also suffer the disruptions produced by the massive event.
In this section, the effect on the background is evaluated through three differ-
ent metrics: the number of background individuals delayed Nτ, the number of
origins affected NO, and their average delay ∆τbav. As before, we will measure
their scaling with I, and connect the exponents with the network dimension.
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Figure 5.14: Scaling of the background individuals in 1D lattices. Scaling of (a) the num-
ber of delayed individuals Nτ, (b) number of origins affected NO, and (c)
the average delay per delayed individual ∆τbav. The size and parameters of
the lattice are the same as in Figure 5.7. Figure extracted from [4].
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Figure 5.15: Scaling of the background individuals in 2D lattices. Scaling of (a) the num-
ber of delayed individuals Nτ, (b) number of origins affected NO, and (c)
the average delay per delayed individual ∆τbav. The size and parameters of
the lattice are the same as in Figure 5.11. Figure extracted from [4].

Starting with 1D lattices, Figure 5.14(a) depicts the scaling of Nτ with I, with
an exponent close to 2. The scaling is produced by a combination of, first, the
linear growth of nodes congested that will be the origins of those trips and,
secondly, the linear growth of the lapse of time that the nodes remain congested,
which is related to and scales as the radius of congestion (∼ 1/D). In the case
of NO (Figure 5.14(b)), the scaling is almost linear since the origins affected by
the event correspond to the locations hosting congested nodes, or the total area
congested, which grow linearly with I. Finally, the average delay ∆τbav (Figure
5.14(c)), although noisier, scales linearly with I since their situation is parallel to
the event attendants but with different origins.

Switching to 2D lattices, Figure 5.15(a) shows the scaling of Nτ with an ex-
ponent near to 1.5, which is in agreement with the previous argument on 1D
lattices. Again the number of congested nodes scales linearly with I, yet the
time-lapse of congestion scales now as 1/2. Regarding the scaling of NO, it is
again linear due to the linear scaling of the number of congested nodes indepen-
dently of the dimension (Figure 5.15(b)). Finally, the delay of the background
individuals scales similarly to the delay of the event attendants (Figure 5.15(c)).



86 modeling urban transportation systems

5.2.2 Scaling in cities

We study the scaling of congestion and recovery from massive events in em-
pirical networks of eight worldwide cities and investigate if, similarly to regular
lattices, it is dominated by the network dimension. We show the results for Paris,
yet similar results hold for the other cities studied (see Appendix D). The data
of the transportation networks was obtained from [255].

5.2.2.1 Event individuals

In regular lattices of general dimension D, the number of congested nodes al-
ways scales linearly with I whereas the radius of congestion scales as I1/D.
However, the measurement of rc in empirical networks is hindered by the hetero-
geneity and the presence of long-range links. Therefore, we calculate the scaling
of the number of congested stops QT with I, which we have shown is linear
in regular lattices independently of their dimension. A stop is considered con-
gested if the queue is larger than the capacity of the line at any time during
a simulation. Figure 5.16(a) depicts the scaling QT ∼ Iδ in four Paris locations.
The scaling is slightly sub-linear in all four locations, likely a consequence of the
heterogeneous capacities and local topologies. On a closer look, the distribution
of the exponents in all locations is widely distributed between 0.6 and 1.1 and
centered around 0.95 (Figure 5.16(b)). Results that are, overall, compatible with
the linear scaling observed in regular lattices.

We continue with the scaling of the average delay ∆τav ∼ Iγ in the same
locations (Figure 5.16(c)). The scaling with I not only holds similarly to regular
lattices, but the exponents are close to 0.5 in all four locations. As we could
expect from a spatial network in a scaling governed by 1/D [256]. Furthermore,
the distribution of exponents (Figure 5.16(d)) for the 100 locations is centered
around 0.5 evincing that the local structure of the network is, in general, two-
dimensional. Nonetheless, there are also exponents closer to 0.3 and 0.7 as would
correspond to a local dimension closer to 3D and 1D, respectively.

However, as shown in Figure 5.13, the scaling is modified in the presence of
heterogeneous capacities and, therefore, we need to reformulate the network di-
mension in the case of empirical transportation networks. To do so, we measure
for each event location the growth of capacity C in persons per second with the
distance r from it. The scaling C(r) ∼ rD` can be, thus, interpreted as a measure
of dimension. In contrast to previous works [257], we measure capacity instead
of nodes, calculated as the capacity divided by the period of the line c/f. An
example of how we calculate the network dimension in two Paris locations is
shown in Figure 5.17(a), with the growth C(r) ∼ rD in color and the power-law
fit in a black dashed line. When we plot the distribution of exponents arising
from the inverse of the network dimension in each location D` (Figure 5.17(b)),
it comes out to be centered around 0.5 and between 0.3 and 0.7, similarly to the
distribution directly obtained from simulations (Figure 5.16(d)).

As a final test, we compare directly the exponents obtained from the simula-
tions γ` and from the inverse of the network dimension 1/D` in all 100 locations
(Figure 5.18). Despite the noise expected from simulations, both measures show
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Figure 5.16: Scaling of the event individuals in Paris for 100 locations. (a) Scaling and
(b) distribution of exponents for the congested nodes QT . (c) Scaling and
(d) distribution of exponents for the average delay ∆τav. Figure extracted
from [4].

a reasonable agreement which serves as additional confirmation of the role of
the network dimension in the recovery from massive events.

Whereas the scaling with I captures the behavior of the system in the limit
I → ∞, the average delay for an event hosting a realistic number of attendants
is more related to the total capacity available next to a given location. In other
words, if the scaling arises from the growth of capacity around a location, the
average delay for an event with I attendants should be related to the total capac-
ity within a certain radius. Therefore, we plot in Figure 5.19 the total capacity
within a radius of 3 km C(r = 3km) as a function of the average delay for a per-
turbation of 50, 000 individuals ∆τav(I = 50, 000) in all the eight cities studied.
We observe a strong agreement between both in all cities, which reaffirms the
connection between network dimension and scaling. Not only that, it links the
structural properties of the network with its dynamical features and congestion.

Finally, we investigate the spatial distribution of both the scaling exponents
and the average delay for a fixed perturbation of 50, 000 individuals in Figure
5.20(a) and (b), respectively. Concerning the spatial distribution of exponents, no
clear spatial pattern is observed. A consequence of the almost unique network
characteristics around each location. Conversely, the average delay for events
with a fixed number of attendants shows a strong spatial pattern. Locations
near to the city center display much less delay than those in the periphery. A
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Figure 5.17: Calculation of the local dimension D` in the multilayer network of Paris.
(a) Scaling of the capacity C(r) as a function of the distance to the event
location with the scaling in solid line and the power- law fit in a dashed
line. (b) Distribution of the inverse of the local dimensionD` in the same 100
locations where simulations were performed (Figure 5.16). Figure extracted
from [4].
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Figure 5.18: Inverse of the local dimension D` vs the exponent obtained from the simu-
lation γ`, the dark and light gray bands correspond to margins of error of
0.1 and 0.2, respectively. Figure extracted from [4].

natural outcome since the center of the city avails of a wider variety of lines.
The results in Paris hold for the other seven cities studied as depicted in Figures
D.1-D.4 of Appendix D.

5.2.2.2 Background individuals

The measures studied in the case of the background are the same as in regu-
lar lattices: the number of delayed individuals Nτ, their unique origins affected
NO and their average delay ∆τbav. The first general observation is that similarly
to regular lattices, all three metrics show a scaling with I. The number of de-
layed individuals depicted in Figure 5.21(a) scales similarly to 2D lattices, with
exponents close to 1.5. However, the number of origins affected scale slightly
super-linearly (Figure 5.21(b)), likely as a consequence of a sub-sampling of ori-
gins. Not all of them are necessarily affected and there is almost one individual
delayed per origin affected. While noisier, the scaling of the average delay of
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Figure 5.19: Comparison between the average delay for a fixed perturbation of 50, 000
individuals and the total capacity C(r) for r = 3km for 100 locations in each
of the eight cities studied. (a) Amsterdam, (b) Berlin, (c) Boston, (d) Madrid,
(e) Milan, (f) New York City, (h) Paris, (i) San Francisco. Figure extracted
from [4].

Figure 5.20: Maps of ∆τav for the event individuals in Paris. (a) Map of the scaling
exponents of the average delay. (b) Map of the average delay for an event
of 50, 000 individuals. The empty circles indicate the locations of the scaling
shown in Figure 5.16. Figure extracted from [4].

the background individuals is sub-linear as we could expect since they follow
the same routing protocol than the event individuals, but have different origins
(Figure 5.21(c)).

Finally, we study the spatial patterns of the background disturbances for an
event hosting 50, 000 individuals in Figure 5.21. We observe a strong similarity
between the number of individuals and origins affected as illustrated in Figure
5.21(d) and (e), respectively. Conversely, the spatial patterns of their average
delay (Figure 5.21(f)) display a more differentiated pattern. While an event on
the west side of the city leads to a greater number of individuals and origins
affected, events around the southern regions of the city induce a higher average
delay. The scaling of the background observed in Paris is reproduced in the other
studied cities (Figures D.5-D.11 in Appendix D).
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Figure 5.21: Scaling of the background individuals in Paris. Scaling of the (a) delayed
individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav with the
number of event individuals. Map of the (d) delayed individuals, (e) origins
affected and (f) average delay for an event of 50, 000 individuals. The empty
circles indicate the locations of the scaling. Figure extracted from [4].

5.3 discussion

We have presented a stylized model that can effectively reproduce the move-
ment of individuals through the public transportation system as long as they
have adaptability. If instead, they follow the optimal paths, there is an unreal-
istic scenario in which some of the individuals stay trapped in the system. By
investigating the number of individuals in the system as a function of α, we
found that there is an optimal functioning of the system for 2 6 α 6 3.

Whereas previous works observed a switch from a first to a second-order
transition in the derivative of the number of individuals in the system, the in-
troduction of a walking layer prevents its appearance in our case. Instead, we
studied a transition in the total delay ∆τtot of the individual in the system as
a function of ρ. Again a different behavior is observed depending on α, and
2 6 α 6 3 emerges as the optimal strategy. Our framework could be particularly
suitable to reduce delays in critical situations in which there is a reduction of
the normal capacity of the network such as a strike.

On the second part of this chapter, we have used our model to simulate mas-
sive events in eight worldwide cities and unveil the mechanisms behind the
emergence of delays and disruptions. In regular lattices, we have solved the
model analytically proving that the scaling of both the radius of congestion
and the average delay of the event attendants is governed by the inverse of the
network dimension. Not only that, but the disturbances produced in the back-
ground individuals also appear to be connected with the network dimensionality.
Besides the topology, we have also shown that heterogeneous capacities can ef-
fectively modify the dimension of a network by simulating events in 2D lattices
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with heterogeneous capacities. We then simulated the scaling in eight worldwide
cities and showed that the scaling also holds in that case. Moreover, the distri-
bution of exponents is centered around 0.5 as would correspond for 2D lattices
embedded in space. By proposing a new measure of dimension that takes the
topology and the capacity of lines into account, we were able to reproduce the
scaling of the average delay and prove that it is also governed by network dimen-
sion in cities. On a more applied perspective, we connected the average delay for
a fixed perturbation in a location and the local capacity within a certain radius.
Hence, connecting the topology and dynamics of networks. For the individuals
in the background also affected by the event, a scaling similar to 2D lattices was
also observed. Overall, we have linked the dynamical features and congestion
of transportation networks with their structure and capacity. This methodology
allows us to probe the dimension of a place and assess the aftermath of an event
located therein.





6
A G E N T- B A S E D M O D E L I N G A N D I C T D ATA F O R
T R A N S P O RT P O L I C Y E VA L U AT I O N

New challenges have emerged as a consequence of the agglomeration of citi-
zens in urban areas and their increasing mobility. While we have seen how the
mobility organization is related to the urban environment and transportation
(Chapter 3), the increase of congestion, and its economic and environmental out-
comes, has led institutions to implement transportation policies. Among them,
toll policies have recently gained popularity to mitigate congestion as well as its
aftermaths. We investigate here the implementation of a toll policy in the city of
Barcelona through a combination of ICT data and a traffic simulation tool. The
model developed in Chapter 5 has proven to be useful to show that the net-
work dimension dominates the scaling of delays. However, the detailed repro-
duction of the real urban mobility requires more sophisticated models, which
incorporate a detailed travel demand and parameters to capture all the factors
at play. The requirement of a detailed demand at an individual-level makes CDRs
a more appropriate data source opposed to LBSNs (see Chapters 2 and 5). Neither
trip distribution models offer an alternative since they provide only aggregated
movement (Chapter 3). Still, they could be useful to calibrate traffic models. The
fact that this chapter is limited to only one city also facilitates the procurement
of a mobile phone dataset. The results and conclusions obtained are based on [5],
a study in which the present author contributed to the model implementation,
performed the simulations and analyzed the results.

Ever since the mid-XXs, researchers have developed models to understand
traffic, and evaluate congestion and infrastructure development. The first rele-
vant attempts to study traffic can be traced back to the 50s [166–169], when the
increase of road traffic and mobility demand draw the attention of researchers.
Transportation and traffic models can be generally classified according to the
scale they focus on. From the macroscopic models, which provide aggregate
traffic flows, to microscopic models, which simulate all individuals or agents
and their interactions. In the middle ground between both, we find the meso-
scopic models, which can provide information at an individual level but do not
simulate their interaction.

The pioneering macroscopic traffic model was arguably developed by Lighthill
and Whitham [167], in which the movement of cars through crowded road arter-
ies was treated as a kinetic wave, similar to the flow of water in rivers. Soon after,
the work was extended by Paul I. Richards [168] leading to what is nowadays
known as the LWR (Lighthill-Whitham-Richards) model. From then on, many
other models and frameworks appeared such as the proposed by Dirk Helbing
[258] and Harold J.Payne [259]. In a nutshell, macroscopic models provide the
spatiotemporal characterization of variables such as the density, the speed or
the number of cars passing per unit of time but do not capture microscopic ef-

93
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fects as could be the interaction between individuals. Macroscopic models are
designed to provide insights on the overall congestion level of a system and the
most vulnerable spots. Yet they are not the optimal tool to, for instance, bet-
ter understand driver behaviour. As the main advantages, they do not require
large scale simulations and are computationally less expensive since they do
not model each individual in the system. Additionally, their global perspective
eases its analytical treatment. Apart from proving capable of reproducing the
aggregated features of traffic flow [260], macroscopic models have also been ap-
plied to real-time traffic optimization [261] or to grasp the effect of introducing
automated vehicles into circulation [262]. A detailed state-of-the-art review on
macroscopic traffic models can be found in [263].

In the middle ground between microscopic and macroscopic models, we find
mesoscopic models, which are nothing but a mixture of both. Instead of aggre-
gated flows, vehicles are simulated by groups or individually yet no interaction
between them –such as lane change or car-following dynamics– is considered.
One of the first mesoscopic models developed was CONTRAM (CONtinuous
TRaffic Assignment Model) [264, 265], in which vehicles are simulated grouped
in packs. A more recent one is DynaMIT [266], which has proven to accurately re-
produce the daily movement of individuals matching the observed traffic counts.
Not only that, it provides a solution to mitigate daily congestion by rerouting
individuals according to it. The lack of interaction between individuals, or group
of individuals, restricts the use of mesoscopic models to situations in which the
causes of congestion and delay are macroscopic such as a mismatch between
capacity and transport demand. Therefore, congestion caused by bad design of
intersections might be missed by such models. Aside from their proved capabil-
ity to simulate a normal daily scenario [267], mesoscopic models have a wider
range of applications such as the study of toll policies [268], road evacuation in
emergencies [269] or the quantification of traffic emissions [270].

Congestion induced by complex street patterns or bad intersection designs
requires the use of microsimulation models, which not only simulate each of
the individuals but also their interactions as are car-following dynamics or lane
change. Even though the work by Louis A. Pipes [166] could be considered the
precursor of microscopic models, the high computational requirements limited
their early development, and their widespread was not until the introduction
of the cellular automaton [271]. Ever since then, many more models have been
developed such as the MITSim [272] and the VISSIM [273]. Microsimulation
tools keep a track of each vehicle and, thus, provide output results at a high
level of detail, allowing the study of microscopic features such as roundabouts
[274]. From a global perspective, they serve for traffic optimization [275], the
study of pollutant emissions [276] or the effect of the incorporation autonomous
vehicles into the daily mobility [277]. Traffic under special circumstances such
as emergency evacuations has also drawn part of the attention [278].

Agent-based models are powerful tools to investigate phenomena arising from
the interaction between agents that are typically not reproduced by more aggre-
gated, top-down models. Yet the practical implementation of these models is
often hindered by the lack of sufficient data. The calibration, validation, and im-
plementation of agent-based models [279] require more often than not abundant
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high-quality data disaggregated down to an agent level. In fact, the main input
information required by transport models, aside from the city infrastructures, is
the spatiotemporal distribution of demand. The dwellers’ mobility in a city is
far from homogeneous and the number of trips between locations is essential to
accurately reproduce the use of infrastructures. Not surprisingly, the spatiotem-
poral characterization of travel demand has attracted a significant amount of
attention since more than forty years ago [251]. Up to the XXI century, the basic
sources of OD matrices were surveys and traffic counts [280]. On the one hand,
surveys provide more direct information, yet they come paired with biases such
as underreported trips [281]. On the other hand, traffic counts provide more
reliable microscopic information but transforming them into OD matrices can
become a challenge inasmuch as many different mobility patterns can lead to
similar traffic counts values. The need for a reliable and trustful origin and des-
tination information led to the development of travel demand models. The most
widespread transport demand model is the so-called Four-step model, which
consists of the trip generation, the trip distribution, the mode choice, and the
route assignment phases [252, 282]. The trip generation determines the number
of trips that start or end in a location as a function of its economic and sociode-
mographic characteristics. The trip distribution determines the number of trips
Tij between every pair of origins i and destinations j, matching the total number
of trips obtained in the first step. Finally, a mode of transport is chosen between
the available ones, and a route is assigned. The four-step model is largely used
in transportation research due to its many advantages such as an easy interpreta-
tion given its compartmental-like structure and the few input data required. Yet
it is not free of drawbacks. Although its partition into four ordered and indepen-
dent stages simplifies the process, it has no resemblance with how individuals
take their decisions. Moreover, their main limitation is at its fundamentals, since
it focuses on the trips, it lacks the interpretation of a trip as a part of a whole.
Your trip to a grocery after work can only be understood in the context that you
are on the way to home.

Such flaws led to the proposal of the alternative activity-based models, in
which the trip or journey loses its prominent role in favour of the activities to
be performed [283]. Human livelihood is (unfortunately) attached to the per-
formance of certain activities such as working or purchasing basic needs, and
trips are just an inevitable product of it. Ever since their proposal in the early
70s [284, 285], activity-based models have drawn increasing attention. Succinctly,
activity-based models aim to understand how individuals decide which activi-
ties to perform and where, along with the routes connecting them. The two main
approaches are the maximization of a utility function [286] or a set of conditional
situations which try to mimic human decision-making processes [287].

The development of models to understand the spatiotemporal evolution of
demand occurred many years ago, prior to the emergence of new sources of
data. The soaring adoption of geolocated devices in our daily life has bestowed
scientists with an almost unbearable amount of data related to human mobility
and has boosted the understanding of the multiscale spatiotemporal properties
of human movement [50, 59, 110]. From an applied perspective, ICT data has
opened new possibilities in many fields like transportation [288], retail predic-



96 agent-based modeling and ict data for transport policy evaluation

tion [289], or epidemic spread modeling [11]. In the context of urban systems, the
spatiotemporal monitoring of human presence has shed light on the structure
of cities [13] and the dynamical identification of land uses [14], among others.
Not surprisingly, the availability of such data has also turned the transporta-
tion field upside down. While official surveys are often at an aggregated level
and do not provide an accurate picture of urban mobility, ICT data outstand by
providing individual-scale information at a wider spatiotemporal resolution. In
fact, the analysis of daily mobile phone data collected by telecommunication
providers can effectively complement traditional censuses not always available
at the required level of detail [290] and go beyond home-work activities com-
monly included in surveys. Asserting the privacy risks of individual-level data
[74, 75], individual trajectories can be studied to infer trips and activities [291]
and aggregated into origin-destination matrices, which provide an almost com-
plete picture of urban mobility [53–57]. However, there is still work to do to
generate reliable individual travel demand on account of the biases of ICT data
[72, 292], among other things. Even though individual mobility patterns have
been proved to be consistent with other aggregated data sources [57], the con-
struction and validation of individual diaries [293] is still hindered by the high
variability on daily activities [294, 295].

Despite the detailed information provided by CDRs, works merging them with
traffic models are still scarce as a consequence of a lack of spatiotemporal res-
olution, inappropriate format or data incompleteness. Still, there have been a
few recent efforts. In [60], OD matrices obtained from mobile phone usage were
validated by introducing them into a traffic model and matching the observed
traffic counts. CDRs were also used in [15] to evaluate the congestion in five ma-
jor worldwide cities, stressing the need for high-quality origin-destination data
to understand urban travel. Most of the previous works, however, focus mainly
on private transportation, disregarding the use of public transportation, walk-
ing or biking. The effective evaluation of policies requires the inclusion of the
multidimensional aspects of urban mobility.

The congestion reigning in (highly populated) cities has driven policy-makers
to the adoption of tolls around city centers. Examples can be found in European
cities such as Stockholm, Milan or London, in Asian cities such as Singapore or
in American cities such as New York. The goal of a toll is the modification of
the travel patterns to reduce congestion and the emission of pollutants. Despite
the concrete policies might differ between cities, on summary, citizens willing
to enter the city center pay an amount of money that can be constant or vari-
able along the day. The interest of planners in these policies has gone parallel
to that of transportation researchers and economists, among others. With the
first formulation of road-pricing schemes as early as 1920 [296], the study of toll
schemes has become timely. From an economic perspective, the essential chal-
lenge resides in the identification of the optimal price and temporal scheme that
maximizes the reduction of the negative effects and minimizes social refusal. An
extensive review of the main findings during the XX century can be found in
[297].

From a transportation management perspective, the development of traffic
models during the beginning of the XXI century has provided additional tools
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to evaluate the application of toll policies. Beyond the more theoretical (and
abstract) research by economists, these tools allow for the evaluation of the opti-
mal toll prices, timing schemes and scenarios. As well as their effect on the daily
travel patterns and the transportation infrastructures [298]. Both [299] and [300]
availed of a macroscopic model first and an agent-based model later to test the
optimal toll configuration to reduce congestion. The schemes considered therein
include a constant and/or a time-varying price throughout the day. Among the
interesting findings, non-work activities suffer a higher rescheduling. When com-
paring toll schemes, a flat toll led to mode changes while a time varying one to
a higher rescheduling of activities. As many cities have already implemented
toll policies, a data analysis perspective can also be used to compare the travel
patterns before and after their application [301].

Overall, the recent development of ABMs capable of simulating dwellers’ mo-
bility in a metropolitan area, combined with methods to extract the activity pat-
terns from ICT data, provides a unique framework to investigate the implemen-
tation of transport policies. Hence, through this part of the thesis, we extract
activity diaries from CDRs to feed an activity-based traffic model and investigate
the implementation of a cordon toll around the city of Barcelona. First of all, we
ascertain the enormous potential of ICT data to feed activity-based agent-based
models by calibrating our model and matching the empirical traffic counts. Sec-
ondly, we show the consequences of a cordon toll policy by testing different ring
scenarios and a variety of timing schemes. We provide a detailed analysis of the
effect in the reduction of car trips, the travel times and the public transportation
system.

6.1 model implementation

In this section, we discuss the implementation and calibration of the traffic sim-
ulation model and detail the inputs required. These are the activity diaries, built
from mobile phone data, and the transportation infrastructures. The model used
in this chapter is the MATSim [302], which lies on the frontier between micro-
scopic and mesoscopic models. Every agent is simulated independently and
outputs are provided at the individual level, yet no interaction between vehi-
cles –i.e. lane change– is taken into account.

Initial 
conditions Execution Score Analysis

Replan

Figure 6.1: MATSim workflow chart. Further details on it can be found in [302]. Figure
extracted from [5].
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6.1.1 MATSim: Multi-Agent Transport Simulation

MATSim is an activity-based multi-agent transport model that simulates the daily
movement of individuals carrying out their scheduled activities. Conversely to
models based on aggregated origin-destination information, individuals per-
form a set of activities using the transport infrastructures to move between lo-
cations. As soon as an activity ends, individuals move through the city to reach
the next destination. The set of activities to be performed, their location and the
start and end times are provided by the activity diaries. In our case they were
are extracted from CDRs.

Each individual takes decisions based on a utility function which provides a
daily score of Vplan calculated as

Vplan =
∑
j

Vtrav,j +
∑
i

Vact,i. (6.1)

The utility function is composed of two parts, the traveling score and the activ-
ity score. The agents try to maximise Vplan by minimizing the absolute value
of the traveling score (Vtrav =

∑
j Vtrav,j), which is negative, and maximise the

activity score
∑
i Vact,i. Since only one day is simulated, the first and last activi-

ties are the same and are joined to reach an equal number of trips and activities
NTr − 1.

The score of performing an activity, Vact,i, is given by the logarithmic function
of the activity duration

Vact,i = βdurttypln

(
tdur,i

t0,i

)
, (6.2)

where βdur corresponds to the utility of performing an activity, ttyp to the
typical duration of an activity, tdur,i to the actual duration of the activity i, and
t0,i to the minimal duration after which the utility starts to be positive. Early
and late arrival penalties were disregarded in this work.

Conceptualy, the trip (dis)utility Vtrav,j reflects the temporal and monetary
value of traveling between two activities, and is given by

Vtrav,j = Cmode(j) +βtrav,mode(j) ttrav,j +βm∆mj

+
(
βd,mode(j) +βm γd,mode(j)

)
dtrav,j, (6.3)

where mode(j) is the transportation mode used in trip j, Cmode(j) is a constant
penalty for using a mode mode(j), βtrav,mode(j) is a penalty proportional to
the travel time, βm and ∆mj are the value of money and money lost(gain) re-
spectively, βd,mode(j) is a penalty proportional to the distance traveled using
mode mode(j) and, finally, γd,mode(j) is the monetary cost of using a mode
mode(j). The cost of the toll policy implemented in the later section of this chap-
ter is captured by ∆mj. Every time an individual crosses it there is a change
in the amount ∆mj. The parameter βm is then responsible for converting the
monetary value into an utility value or in other words quantifies the utility of
the money.
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Each iteration of MATSim simulates the mobility of a whole day. After each
iteration of MATSim, a rate of the agents replan their route and recalculate their
score, if the new score is higher than their previous plan it is modified accord-
ingly, otherwise, the older plan is kept (Figure 6.1). The route replanning can
involve either a route change or the use of a different mode. The process is re-
peated and the plans modified until no individual can improve their score. A
detailed description of MATSim is provided in [302].

The basic inputs required by MATSim are the travel diaries and the transport
infrastructures. The travel diaries include the location and the start and end time
of each activity that agents need to perform. Due to the high computational cost,
only a sample of the population is simulated, and the transportation capacities
are rescaled accordingly. In our case, we performed the simulations with 10%
of the total population. The input infrastructures include the road network and
any other network that individuals may use to move between activities, such as
the public transportation system.

6.1.2 Region of study

The region considered in this work is the metropolitan area of Barcelona, which
is composed by the city of Barcelona and 36 surrounding municipalities. Ac-
cording to official statistics, it is the second largest urban area of Spain with
3, 2393, 37 inhabitants and the densest one with 5, 093 persons per square kilome-
ter [303]. The municipality of Barcelona concentrates most of the leisure, retail,
and workplaces and attracts and, thus, most of the daily trips. With respect to
the transportation infrastructures, it has a dense network with four main modes
–bus, subway, tramway, and train [304]– organized in 6 concentric zones with an
increasing fare. Yet only the first fare zone is considered here, the residents of
which are responsible for the vast majority of trips in the region. Aside from the
public transportation system, it also has highly developed road infrastructures.
Within the city, the two main roads are the Gran Via, which crosses the city hori-
zontally and the Diagonal Avenue, which goes from the Northwest corner down
to the sea in the Southeast corner. The main city is surrounded by a high capacity
ring (Rondas) split in a seaside (Ronda Litoral) and a mountainside section (Ronda
de Dalt). Outside the city, there are four main high capacity highways, one West,
one East and two more to the North departing from the West and East ends of
the city. The travel modes allowed in our framework are, in addition to road and
public transportation, walking, and bicycle riding. Both the road and the public
transportation networks are sketched in Figure 6.2.

6.1.3 Travel demand: Population generation

Beyond the transportation infrastructures, realistic travel demand is crucial to
the optimal functioning of traffic models and the accurate reproduction of real
features such as the traffic counts. Previously obtained from censuses and sur-
veys, we nowadays can extract such information from ICT data. Concretely, we
use CDRs to obtain the residence place of citizens as well as to reconstruct their
activity diaries. Due to the strong computational requirements of traffic models,
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Figure 6.2: Road (red) and public transportation (blue) networks used in the simulations.
The layout was obtained from Open Street Maps [305]. Figure extracted from
[5].

we will use a subsample of 10% of the population, a standard not only in MATSim
but in many other traffic models [302, 306, 307]. The subsample should meet, in-
dependently of its size, the sociodemographic characteristics of the whole popu-
lation due to its proved influence in the travel patterns [308].

The data was provided by Orange, a company that accounts for one-third
of the Spanish telecommunication market, and includes the months of Octo-
ber and November 2014. Our study is, therefore, framed in 2014 and includes
only individuals older than 15 since the adoption of handheld devices is not
homogeneous prior to that age, and the official statistics used to calibrate the
model disregard them. CDRs contain a record of the spatial and temporal infor-
mation every time an individual interacts either through an SMS, a call or an
internet connection. Their main limitations are the uneven temporal sampling,
consequence of the uneven interevent times, and the limited spatial resolution
restricted to the density of antennas. Fortunately, their density in urban areas is
high, providing a cell resolution between 100 and 200 meters. On another note,
the uneven temporal sampling is solved by including into the analysis only the
most active users whose activities can be accurately identified and discarding
users without activity during large times. After the filtering process, the final
sample of users contains around 15% of the population.

With the filtered users, we divide the space into Voronoi areas with the Base
Transceiver Station (BTS) towers as centers. Thereafter, we build an activity pro-
file at the level of Voronoi cell for each sample user capturing the higher and
lower phone activity times and their common locations. From which the home
and work positions are then identified. Whereas the home place corresponds to
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Figure 6.3: Correspondence between the real and the simulated modal split for the
Metropolitan area of Barcelona and the Barcelonès (Barcelona shire). Figure
extracted from [5].

the most common location during the low activity period, the workplace cor-
responds to the most frequent location during the high activity period as long
as the activity is longer than a certain threshold. Conversely to the usual time
window approaches –the home(work) place is the most common location during
the night(day) during weekdays– [106, 309], this procedure allows the identifi-
cation of residence places for atypical working patterns such as night workers.
Although some MATSim implementations allow the modification of activity loca-
tions through land use information, this feature has not been considered here.

Henceforth, a daily diary containing the typical activities is reconstructed
from each activity profile, distinguishing activities from passing by or stop lo-
cations using a stay length criterion. The concrete location within the Voronoi
cell of each activity is selected at random for each non-home activity, and then
a start and end time is set from a probability density function. The start time is
assigned between the prior activity i− 1 last record plus the travel time estima-
tion to activity i and the first record of activity i. Similarly, the time at which an
activity i ends is set between the time at which activity i+ 1 starts minus the
travel time estimation between both and the last records of the activity i. Finally,
individuals whose residence place is outside the region of study are removed
to avoid passing by and freight traffic. Once the activity diaries are built, the
individuals need to be rescaled to meet the desired 10% of the population that
will be the input of MATSim. We use the census to upscale or downscale the ac-
tivity diaries at the level of the census tract and reflect the sociodemographic
characteristics. For each tract, the census provides population information in six
different categories, divided by gender and age groups (0− 15, 16− 64, over 64),
yet the age constraints of CDRs restricts them to only two age groups.
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To perform the expansion, we first assign a residence census tract to each user
from his/her Voronoi cell of residence. The residence place will be assigned to
one of the intersecting or neighboring census tracts with a probability directly
proportional to the square of the population and inversely proportional to the
number of residents already assigned to it. A procedure that guarantees the local
homogeneity of the sample density within adjacent tracts. Once each individual
has been assigned to a census tract, the sample is expanded or reduced in each of
the age-gender categories to meet the desired 10%. If an expansion is required
for an age-gender category a − g and a census tract i, each agent is copied a
number of times given by the integer rate of the desired population sample Pa,g

i

and the actual number of residents Sa,g
i minus one [Pa,g

i /S
a,g
i ] and a random

selection of them is copied an additional time to fulfill the final Pa,g
i . Conversely

if Pa,g
i is lower than Sa,g

i for a given category and census tract, Sa,g
i is simply

randomly subsampled.

6.1.4 Supply networks: Transportation infrastructures

The second important input of MATSim is the supply network, i.e., the transport
infrastructures that agents use to move from one activity to the other. The road
network was obtained from Open Transport Maps [310] and includes the links
conforming it, together with the coordinates of the start and end positions of
each link, its speed limit, capacity and the type of road (from pedestrian streets
to highways). This information has been completed by calculating the length of
each link from the start and end coordinates and the capacity was scaled down
to a 10% to meet the equivalent subsample of the population. Since MATSim only
accepts unidirectional links, in the case of two-way roads reversed links with the
same characteristics were created by switching the start and end locations.

As stated before, the public transportation network is composed of four modes:
bus, subway, tramway, and train. For the first three, the required information was
obtained from the city open data portal. For the latter, the data was extracted
from the websites of the train management companies Renfe [311] and Rodalies
[312]. In all cases, each line was identified and a unique code was assigned to it.
The ordered set of stops was then obtained together with the travel time between
them. Finally, the elapsed time between departures (or headway) was obtained
(Figure 6.2).

6.1.5 Model Calibration and validation

Transport models need to go through a calibration process in which the pa-
rameters are adjusted so that the mobility observed in simulations resembles
the real one [279, 313]. The parameters to be fitted in this work are detailed in
Section 6.1.1 and are calibrated by matching the modal share observed in sim-
ulations with the official surveys [314]. The calibration is done simultaneously
in two different subareas of the region of study: the Barcelones shire and the
whole metropolitan region. The values of the parameters after the calibration
are shown in Table 6.1. As can be seen in Figure 6.3, the comparison between the



6.1 model implementation 103

Parameter Value

βdur 6

Cmode(car) −13

Cmode(walk) 0

Cmode(bike) −22

Cmode(publictransport) −4

βtrav,mode −6 for all modes

βd,mode 0 for all modes

γd,car −7.7× 10−5

γd,mode 0 for all modes but car

βm 1

Table 6.1: Parameter values after the calibration of MATSim. Table extracted from [5].

Road Observed counts Simulated counts

lower-upper limit

Gran via 102,788 89,616− 112,020

(Besos)

Guipuscoa 18,940 23,864− 29,830

Pont de Potosi 39,435 35,168− 43,960

Pg Santa Coloma 17,835 19,456− 24,320

Ronda de Dalt/ 78,683 81,416− 10,770

Pota de Nord

Av. Meridiana 109,885 95,784− 119,730

Ronda de Dalt/ 131,159 120,464− 150,580

Diagonal

Av Diagonal 116,766 79,472− 99,340

(Pedralbes)

Gran via 100,546 101,510− 126,888

(Pl Cerda)

Ronda Litoral 111,548 82,952− 103,690

(Morrot)

Collblanc 32,155 30,920− 38,650

(Hospitalet)

Table 6.2: Comparison between the official and the estimated traffic counts. They have
been calculated by considering an occupancy factor between 1 (upper limit)
and 1.2 (lower limit). Table extracted from [5]

real and the simulated modal share after the calibration shows a high agreement,
with differences lower than 1.5%.

We also compare the traffic counts obtained from the model with the official
data available to further validate the calibration process. For a fair comparison,
the simulated traffic counts need to be rescaled by an occupancy factor since
MATSim accounts for the car trip of an individual yet a car might be occupied by
more than one person. In our case, the occupancy factor ranges from a minimum
value of 1 and a maximum of 1.25 which is the value reported by the sustain-
able urban mobility plan [315]. The official traffic counts are compared with the
simulated upper and lower values in Figure 6.4 and Table 6.2. There is a good
agreement between both, with 9 out of 11 roads showing a GEH statistic below
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Figure 6.4: Comparison between the vehicle counts observed and obtained from simula-
tions. Figure extracted from [5].

10 for an occupation factor of 1.25 [316]. Bearing in mind that traffic counts were
not used during the calibration process, the high agreement evinces even further
the validity of the calibration process.

6.2 case study : cordon toll policy

We propose the application of a cordon toll policy in the city of Barcelona
through two different scenarios, an inner ring surrounding only the city cen-
ter and a peripheral ring surrounding all the municipality. Both schemes are
depicted in Figure 6.5.

Dwellers willing to enter, or exit, the area within the tolled region by car
are charged a certain amount of money independently of their residence place,
which is reflected in the user’s utility function. Every time a traveler uses a link
connecting a point outside the toll with a point inside it, the cost is charged via
the ∆mj described in Equation (6.3). Going through the roads that delimit the
toll do not suppose any charge. In addition to the two scenarios, we also test a
set of timing schemes with varying costs that can be summarized by:

• All-day. A fixed charge during the whole day

• Morning peak. Congestion charge applied only during the morning rush
hours (08 : 00− 10 : 00).

• Afternoon peak. Congestion charge applied only during the afternoon
rush hours (16 : 00− 20 : 00).

• Morning+Afternoon peaks. The charge is applied during both the morn-
ing and afternoon rush hours.
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Figure 6.5: Sketch of the inner and peripheral toll scenarios delimited by a red solid line
and a blue dotted line, respectively. Layout maps were obtained from Open
Street Maps [305]. The point indicates the location of the city center (Plaza
Catalunya). Figure extracted from [5].

The type of trips affected by the toll differs between schemes. While an all-
day scheme affects all type of trips and aims to modify the overall mobility of
citizens, those focusing on rush hours aim to reduce the congestion produced
by commuting trips. The only morning or afternoon tolls only affect commuters
either on the way to work or on the way to home. While charges of 2 e, 5 e and
10 e are investigated in the all-day scenario, only a 10 e charge is considered
in the rush hour schemes. On the ensuing sections, we discuss the effect of the
toll policy from an aggregated and a resident-centric perspective, as well as the
increase of public transportation passengers.

6.2.1 Aggregated results

We start by studying the effect of the toll in the car trips as a function of their dis-
tance in the all-day charge scheme (Figure 6.6). As we could expect, the number
of car trips decreases with increasing toll charges, with a higher reduction for the
peripheral ring. Quantitatively, the peripheral ring results in a 1.7%, 4.4%, 8.8%
reduction and the inner ring in a 1.2%, 3.2%, 6% reduction for the 2 e, 5 e and
10 e fares, respectively. When inspected by distance, shorter trips suffer most
of the reduction, likely as a consequence of less developed public transportation
infrastructures outside the main city. A toll policy only works if citizens have a
transportation alternative, otherwise, they drive assuming the extra cost.
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(b)  Peripheral ring
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Figure 6.6: Car trips as a function of the distance traveled for the (a) inner and (b) pe-
ripheral rings. Figure extracted from [5].

The reduction of car trips is calculated over the total number of trips within
the metropolitan region, yet not all type of trips are equally affected by the pol-
icy. For instance, trips with their origin and destination outside the toll area are
very unlikely to be affected independently of the charge applied. Therefore, we
investigate the modal share disaggregating trips between those going from in-
side to inside the toll, from outside to outside and crossing it, either by exiting
or by entering it (Figure 6.7). As could be expected, there is only a slight re-
duction of trips going from outside to outside the toll zone and from inside to
inside since no charge is, supposedly, applied to them. Quantitatively, there is
a reduction of 1.8% and 2.5% for outside trips in the inner and peripheral sce-
nario, respectively, and a reduction of 9.8% and 7% for inside trips. On the other
hand, car trips entering (or exiting) the tolled area are drastically affected by the
toll policy with a reduction of 18% in both scenarios with most of them being
transferred to public transportation. The detailed tables with the results for all
scenarios, charges, and schemes can be found in Appendix E.

Surprisingly, the reduction of car trips is not translated into faster travel times.
The average travel time per car trip decreases only 25 seconds, a 3% of the
baseline travel time in the case of the inner ring. Likely as a consequence of more
longer car trips and a higher traffic through the main ring, among other things.
In a more detailed look, trips around 20 km suffer a reduction of travel times for
the inner ring, and an increase for the peripheral. In the case of the peripheral
ring, the higher reduction of car travel times occurs for trips around 70 km. If
instead, we inspect the trips in all transportation modes for the peripheral ring,
those between 12 km and 36 km suffer the steeper increase due to the shift
towards less time-efficient modes. Apart from the all-day schemes, we have also
tested time window schemes for a 10e charge. In summary, the reduction of car
trips for the morning and afternoon toll (2.24%) is similar to the one observed
in the all-day scenario with a 5e charge. Likewise, the only afternoon (1%), or
morning (0.8%), toll results in almost the same car trip reduction as the 2e all-
day scheme.
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Figure 6.7: Modal split as a function of the start and end area of trips for the baseline sce-
nario, the inner and peripheral rings in the all-day 10e scheme. (a) Trips that
start and end within the tolled region, (b) trips that enter or exit the tolled re-
gion and (c) trips occurring outside the tolled region. Figure extracted from
[5].
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Figure 6.8: Temporal evolution of car trips between 6:00 and 23:00 hrs for different tim-
ing schemes. Figure extracted from [5].

a) b)

c) d)

Figure 6.9: Number of residents per district crossing the inner ring by car before the
implementation of the policy. During a) any time of the day, b) the morning
and the afternoon peaks, c) the morning peak and d) the afternoon peak. The
maps are generated using the standard layout of Open Street Maps. Figure
extracted from [5].
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Interestingly more, the reduction of car trips goes beyond the time window at
which the toll is charged as can be seen in Figure 6.8. In the morning scheme,
there is a car trip reduction between 14 : 00 and 15 : 00 despite it is outside the
charge time window. Likely persons that left the car at home in the morning
and, hence, cannot return by car. Apart from reducing the number of car trips,
part of the rush hour traffic shifts to a later hour (10 : 00) in which the toll charge
is no longer active. Similarly, in the case of the afternoon scheme, there is a trip
decrease during the charge time window and an increase after it closes at 20 : 00.
We also observe a slight decrease in the early morning corresponding to individ-
uals that want to avoid paying the afternoon toll. The implementation of both
schemes together displays a combination of the separate effects. The shift of trips
and the reduction of car trips outside the charge time window produce a slight
difference in the revenues raised compared to all-day schemes. Comparatively,
the 5 e all-day toll raises more profits than the morning and afternoon schemes
despite a similar car trip reduction. The fact that the mobility of individuals is
constrained by their previous trips constitutes a comparative advantage of agent-
based models in front of more aggregated macroscopic models. From an applied
policy perspective, timing schemes and charges can be combined to meet the de-
sired level of traffic reduction and revenues. If the aim is to maximize the car
trip reduction and minimize the revenues and, thus, the social conflict, time win-
dow charge schemes are a better solution. Conversely, if policymakers seek to
maximize the revenues with the same car trip reduction, an all-day scheme is
far more optimal. While the results described correspond only to the inner ring,
the results for the peripheral ring can be found in Appendix E.

Figure 6.10: Number of residents per district crossing the peripheral ring by car before
the implementation of the policy during the whole day. The maps are gener-
ated using the standard layout of Open Street Maps. Figure extracted from
[5].

6.2.2 Results from a resident-centric perspective

The high-resolution activity diaries used enable us to inspect in detail the effects
of the cordon toll policy on citizens as a function of their residence place. We
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a) b)

Figure 6.11: Average travel time per district of residence in the a) baseline scenario and
b) the 10 e all-day toll. Figure extracted from [5].

investigate first those individuals crossing the toll before any policy is applied
since they will be the most affected by it. Figures 6.9 and 6.10 the number of
residents per district crossing the toll by time window for the inner ring and
during all the day for the peripheral ring, respectively. For the inner ring sce-
nario (Figure 6.9), the first general conclusion is that the number of residents af-
fected increases with the time window of the toll. Additionally, the most affected
districts are those intersecting the toll. Comparing the morning and afternoon
peaks, there are qualitative and quantitative differences, with a stronger impact
of the afternoon peak. Looking at the spatial patterns, the effect of the morning
peak is only perceptible on the East side of the city whereas the effect of the
afternoon peak is much more homogeneous. In the case of the peripheral ring
(Figure 6.10), residents of the East and Northeast districts are far more affected
than the others. Hence, the public transportation or the commuting patterns
therein should be inspected in detail if the policy is applied. Besides the districts
intersecting the toll, the residents within the city are also drastically affected by
the toll policy, likely commuters outside the city. Comparing both the inner and
the peripheral rings, the latter one is crossed by more residents of faraway re-
gions. From a policy-design perspective, public transport infrastructures should
be reinforced in those regions with more residents traversing the tolled region
by car.

A closer look at the travel times after the toll policy implementation reveals a
slight increase of travel times, yet no all districts are affected alike. As portrayed
in Figure 6.11, for the peripheral ring scenario the core districts with a good
public transport infrastructure display only a slight increase, whereas farthest
districts suffer a steeper one. Additionally, the districts next to the sea seem to
have slightly faster travel times than the rest, likely a consequence of better road
and public transportation infrastructures. For the sake of brevity, we only discuss
the change of travel times for the peripheral ring, yet they are qualitatively the
same in the case of the inner ring [5].
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Figure 6.12: Ranking of public transportation lines by number of passengers. In (a) the
top ten lines with a higher number of passengers are shown for the baseline,
the inner (�) and the peripheral (◦) ring scenarios. The map with these same
lines is provided in (b) with arrows indicating the direction. The line code
accounts for the number, direction (0 or 1) and a letter for the transport
modality (R for rail, M for subway and B for bus). The layout has been
generated with Open Street Maps [305]. Figure extracted from [5].

6.2.3 Public transportation

The reduction of car trips observed in the previous sections goes at the expense
of an increase in the use of public transportation. Such increase is a valuable
piece of information for transportation planners since the implementation of the
toll might require an increase of frequency or capacity in some of the lines. Not
surprisingly, the higher increase of passengers is suffered by the high capacity
lines, namely, the subway and rail (Figure 6.12). The two directions of the subway
line L1 (in blue and orange) are on the top of the ranking for both rings with an
increase of around 6%, which is the metro line with a higher capacity and crosses
the whole city from West to East. If otherwise, we look to the percentage of
increase, the line R4 shows a 19% and 29% increase for the inner and peripheral
rings, respectively. A natural outcome since it is a long-range line connecting the
city center and the faraway districts whose residents are heavily affected by the
toll policy.

The total number of passengers might not be, however, the most valuable
piece of information, since those lines with more passengers are also those with
more capacity. Therefore, we study the increase of passengers in relation to the
capacity of each line by defining a normalized load. Dividing each line into the
set of segments i that compose it, we define the normalized load of a segment
as

`i =
Passengers per day in i

Vehicles per day×Capacity of each vehicle
. (6.4)

All the segments of a line are then averaged to obtain 〈`〉. Despite the lack of
temporal resolution (it is a whole day average), 〈`〉 captures the most critical
lines that should be reinforced. Focusing on the 10e schemes, the ranking of
lines with highest 〈`〉 is depicted in Figures 6.13 (a) and (b) for the inner and
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Figure 6.13: Ranking of public transportation lines by normalized load 〈`〉. On the left,
(a) the ranking inner ring and baseline scenario, and (c) the map of these
lines. On the right, (b) the ranking peripheral ring and baseline scenario,
and (d) the map of these lines. Figure extracted from [5].

peripheral ring, respectively. Conversely to the ranking of passengers, it is now
dominated by bus lines. Despite the different toll scenarios, the top lines are
almost the same in both cases and there are only minor changes in the order.
By looking to the maps (Figures 6.13 (c) and (d)), we observe that most of the
lines cross the toll and connect the city center with the West side of the city,
highlighting a West-side dependency on public transportation. This increase is
connected to the fact that the residents from the West side are less affected by
the toll policy according to Figure 6.10. In addition, part of the lines with higher
increase connect the city center with the airport. Even though the results are
similar for all schemes, the line 680, whose load barely increases in the inner
ring scenario, suffers a 25% increase in the peripheral ring scenario.

6.3 discussion

In this chapter we have used a combination of ICT data and a traffic model to
evaluate the implementation of a toll policy. The detailed information obtained
from mobile phone data allows for us to reconstruct trustful activity diaries at an
individual level. Their quality has been certified by the calibration process and
the agreement between the real and simulated modal shares and traffic counts.
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After the model calibration, we have investigated the consequences of the
implementation of a toll policy. The highly detailed activity diaries built from
CDRs and the simulation of the mobility of individuals at a microscopic level
offers a qualitative advantage in front of more aggregated models. Our analysis
reveals features such as the modification of the start and end times of activities
to avoid toll charges as well as continuity effects, which modify the relation
between car trip reduction and money raised.

Aside from expected outcomes such as the decrease of car trips with the toll
charge, the introduction of charges within a specific time window provides pol-
icymakers with insightful information to adapt the policies to the desired out-
come. For instance, afternoon and morning peak tolls lead to a reduction of car
trips beyond the charge time, which gives rise to fewer revenues in comparison
to the trip reduction. A piece of interesting information if we aim to cause the
least possible disturbance to citizens and prevent social contestation.

With regard to the resident-centric perspective, the main general observation
is that the East side of the city would be far more affected if the toll was im-
plemented. Moreover, the analysis of travel times by district reveals that there
is still room for improvement with respect to public transportation services and
their efficiency. Finally, the focus on the public transportation system provides
useful insights on which lines should be reinforced to reduce the impact of the
policy in the population.



"The more we learn about the world, and the deeper our learning,
the more conscious, specific, and articulate will be our knowledge
of what we do not know; our knowledge of our ignorance. For this
indeed, is the main source of our ignorance - the fact that our knowl-
edge can be only finite, while our ignorance must necessarily be infi-
nite."

Karl Popper



7
C O N C L U S I O N S A N D F U T U R E P E R S P E C T I V E S

This thesis investigates the different scales of human mobility from a physics
perspective, covering from the worldwide scale of touristic movement to the
urban daily trips. On the way, we have provided the methodology to measure
and model human movement, to quantify the hierarchical structure of cities and
we brought the crucial role of transportation infrastructures to the forefront.

7.1 what have we learnt?

Summarizing the main findings of this thesis, Chapter 2 proves the potential of
ICT data and applied mathematics for the study of tourism. Succinctly, we mea-
sured human mobility at a worldwide scale and used it as a proxy to quantify
the relevance of touristic sites and complemented it with an exploratory inves-
tigation of their movement in touristic environments. However, it is not only
relevant to measure human mobility, but also to identify its main drivers so that
we can have a proxy when data is not available. Therefore, Chapter 3 provides
a systematic comparison of trip distribution models. The results obtained show
that the gravity model with an exponential decay provides the most accurate
prediction of both flows and links, with the exception of the long displacements,
which are better captured by the extended radiation model.

Beyond the study of the fundamental drivers of human movement, Chapter 4

highlights the potential of mobility patterns to unveil the structure of cities. By
proposing a new metric, the study of the networks across US cities reveals that
they display an intrinsic hierarchical mobility. Furthermore, we show that city
organization is connected to urban indicators related to the transportation, envi-
ronment and health in cities. Hierarchical cities tend to display a higher use of
public transportation, lower emission of pollutants and better health indicators
as a consequence of a better accessibility to healthcare facilities.

The last part of the thesis concentrates on transportation infrastructures, which
play a crucial role in the mobility of citizens. In Chapter 5, we characterize the
delays that emerge as a consequence of massive events such as concerts, sports
matches or demonstrations by developing a stylized model that reproduces the
movement of citizens through public transportation networks. Our analytical re-
sults and simulations prove that the scaling of the delay with the number of
attendants is dominated by a new measure of network dimension which takes
the capacity of lines into account. At last, Chapter 6 evaluates the aftermaths of
a cordon toll policy using mobile phone data to generate transportation demand
at a spatiotemporal resolution by other means unattainable. The individual-level
diaries are used as an input for an agent-based traffic model, which is then used
to evaluate the implementation of a cordon toll policy. We are able to quantify
the decrease of car trips, the districts more affected by the policy and the in-
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crease of the public transportation networks as a function of the charge and the
timing scheme.

This thesis is, out of any doubt, deeply interdisciplinary as it addresses topics
such as tourism, geography, transportation and even social systems as cities are.
Nonetheless, all of them are linked, first, through the main subject of analysis,
human mobility, and, second, through the methodology used and developed,
which come from applied mathematics and statistical physics. Thanks to the
later access to detailed data on human movement and activity, the interest of
physicists in modeling those dynamical processes has done nothing but grown.
We have witnessed how the tools and methodology developed in the fields of
physics have been used to investigate topics beyond the traditional ones. A not
surprising fact as one of the main purposes of statistical physics is the modeling
of the interactions of the components of a system to infer system-level behaviors.
Overall, the present thesis provides another brick in the wall of the modeling of
socio-technical systems from a physics perspective. First of all, the mathematical
methodology is ubiquitous across this thesis and, thus, essential for its develop-
ment as we cannot properly quantify human mobility without the proper tools
(Chapter 2 and 4). More important is the development of models to detect the
main drivers of our empirical observations from data as done in Chapters 3, 5

and 6.
Despite it is not a leitmotiv throughout this thesis, the role of network science

should also be highlighted, especially concerning Chapter 4 and Chapter 5. A
network representation of human mobility in the first case and transportation
networks in the second provides insights otherwise imperceptible. The repre-
sentation of human mobility as a network where nodes represent spatial units
and links the trips between them provides information eluded by previous static
measures of urban structure such as the population density. Chapter 5 evinces
that human mobility cannot be fully understood without analyzing the under-
lying transportation networks, especially in a congested phase. Availing of net-
work science tools, we have identified the structural properties of transportation
networks that rule the recovery and the delays emerging from massive events.

This work constitutes one more reaffirmation of the crucial role of the new
sources of data in the research of socio-technical systems. The present thesis
has been only possible inasmuch as we have access to data on human move-
ment and the underlying transportation infrastructures. In fact, leaving Chapter
3 aside, all the rest of this work makes use of data obtained from Location-based
social networks or mobile phone records. On account of the scarce information
on touristic movement besides heavily aggregated flows or studies limited to
concrete regions, the study of Chapter 2 would be unfeasible. Just as the study
of the structure and organization of cities in Chapter 4 since the metric devel-
oped therein is solely based on mobility. Most of the works on urban structure
and sprawl have focused on static measures such as the spatial distribution pop-
ulation density or the land use mixing. While the mobility of citizens has been
previously used to study the structure of cities, it either to the commuting trips
provided by surveys, mobile phone data displaying a limited country coverage
or sparse spatiotemporal data obtained from. When we compared prior mea-



7.1 what have we learnt? 117

sures of sprawl, often more complex, with urban indicators, our metrics pro-
vided comparable results, yet it is far more transparent and easily deployable at
a worldwide scale. Finally, Chapters 5 and 6 highlight the potential of ICT data
to fulfill the many times highly demanding transportation and traffic model.
Infrastructures are commonly prepared for the daily demand of citizens and,
therefore, a realistic demand is crucial to evaluate their performance in a daily
situation. Before a chimaera, obtaining similar datasets across countries required
by transportation policies is nowadays possible thanks to LBSNs. Chapter 6 uses
mobile phone data to provide the detailed inputs needed by traffic modeling
tools and opens the door to its standardization. Besides human mobility data,
progressive access to homogeneous data on transportation infrastructures has
also facilitated the implementation of traffic models across the world.

The new data sources have allowed a huge step forward in the study of hu-
man mobility and many other fields related to human behaviour, for instance,
Computational Social Science. However, as stressed in Chapter 1, such informa-
tion supposes a serious threat to the privacy of citizens. Within the context of
the present thesis, no individual trajectories of any kind were shown or ana-
lyzed, except for the author ones and the figures and all results are aggregated.
Regarding the data from Twitter, it was queried following the official API and
anonymized so that no user information could be retrieved. Whereas in the
study of worldwide tourism the residence information was aggregated in cells
of big size (Chapters 2), when the mobility of individuals has been considered
(Chapters 4 and 5), trips were brought together into origin and destination matri-
ces so that no individual information was inspected. In the case of CDRs (Chapter
6), individual diaries were used as input to the model since they were a require-
ment to provide a realistic picture of urban mobility. The activity diaries were
built in a collaboration with an ICT company so that the author did not access in-
dividual trace. Furthermore, the results do not show individual trajectories and
only aggregated statistics are provided.

During the development of this thesis, I realized that the amount of personal
data owned by both private and public institutions goes beyond our expectations
and is undeniably scary. From the most obvious ones as are Call Detail Records,
to the more subtle information recorded by almost any mobile phone application.
The traces of the author analyzed in the first Chapter are just a glimpse of the
kind of data recorded by many companies. At the same time, however, this
data has boosted our understanding of human nature, as well as it has fostered
the emergence of new research topics. Moreover, the models developed over
the last few years provide helpful insights into the implementation of policies.
There is little doubt we are moving towards a data-driven world where informed
decisions can be made based on a profuse knowledge of human behaviour. This
thesis provides a few examples of how the management of tourism or urban
systems can be improved.

In the light of these facts, we should advocate for a world in which data is
recorded safely and it is accessed ensuring the absolute privacy of individuals.
In that sense, the implementation of regulations is indispensable, but it should
be also accompanied by the awareness and surveillance of society. In this con-
text, there is still room to ensure the privacy of individuals when dealing with
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user-level information. Hence, researchers should be in the frontline of the fight
for privacy preservation. Otherwise, it can and will certainly become a major
hindrance to allow future access to the data. In this context, there is still room
to ensure the privacy of individuals when dealing with user-level information.
From a consumer perspective, many mobile phone applications are free since
our personal data is the payment method. A feasible solution would be to pay
for the use of apps so that the service is not funded by selling our data to third
parties.

The last two chapters are also an exemplification of the potential of agent-
based models to study human mobility and the use of transportation infrastruc-
tures. Admitting that agent-based modeling is not a tool-for-everything, their
potential to provide insights on the use of infrastructures in many situations is
out of any doubt. We have developed a model which mimics the mobility with a
minimal set of ingredients (Chapters 5), which allowed us to solve it analytically
and obtain insights on the mechanisms driving the scaling, otherwise hardly
perceptible. Nonetheless, a more exact reproduction of the use of transportation
infrastructures often require more complicated models accounting for many pa-
rameters, especially in more applied perspectives such as the evaluation of trans-
portation policies. Summarizing, agent-based models are a powerful tool as long
as we know the situations in which they can provide insightful information.

7.2 what could we learn?

Whereas Chapter 2 provides a proof of the potential of ICT data to study tourism,
it is no more than the first step into it. An extension of it would necessarily in-
clude the use of the penetration rate of geolocated tweets to quantify the number
of visitors on detail as complement to the scarce data available on tourism. On
the modeling side, the flows to touristic sites should be modeled to identify
which features make individuals prefer some sites in front of others. Our ex-
ploration of the visitation patterns exemplified in the Balearic Islands could be
extended to all many other regions. The analysis of the time-series could be used
to distinguish sites according to their temporal patterns of visitation.

Despite the comparison of trip distribution models performed in Chapter 3

is unheard of and provides a fuller picture on their capability to reproduce mo-
bility flows, it is restricted to the study of commuting trips. Although those
constitute a significant amount of the total trips, they account for only 20% of
all displacements. Therefore, a similar comparison could be performed analyz-
ing models on migratory or touristic flow, as they might be dominated by other
factors than distance.

Chapter 4 opens the doors to the profuse investigation of the hierarchical
structure of cities and, more concretely, it should be followed by the construction
of models that identify its main drivers. It could be also interesting to connect
it to tourism, it is very likely that the structure of a city will be differently seen
through the mobility of locals than that of tourists.

The model proposed in Chapter 5 displays a different transition when com-
pared to previous models focusing on the movement of packets through com-
puter networks. Therefore, a deeper study of the transition should be performed
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to characterize it in detail. Regarding the scaling from massive events, despite
the analytical results proving the role of the network dimension in the recovery
of public transportation, further validation of such results through data should
be performed. Our work provides the identification of the causes of congestion
during massive events, yet the solutions to such disruptions deserve a more
profuse investigation. From a theoretical perspective, the role of capacity in the
network dimension requires further exploration.

Concerning the implementation of transportation policies as the one proposed
in Chapter 6, despite our work provides a deep analysis of the mobility out-
comes, further exploration concerning additional policies should be performed.
How we could reinforce public transportation to reinforce the reduction of car
trips or which new lines should be created still need to be investigated in detail.
It would be also interesting to evaluate the role of the mobility patterns in the
reduction of car trips or, in other words, investigate if a modification of such pat-
terns so that the number of individuals affected by the toll policy is minimized
can be promoted.

In the next years, human mobility is only expected to grow, together with
the stress it produces to urban environments and transportation infrastructures,
among others. This thesis, along with several other works, emphasizes the rel-
evance of data-driven models to confront the next challenges to come. Their
further development claims for an easier accessibility to detailed and precise
human mobility data, which nowadays rests mainly in the hands of ICT compa-
nies. In addition, public institutions should also promote the record and release
of data related to public services and infrastructure. For instance, we should
have a better knowledge of how citizens use transportation infrastructures or
how traffic lights are synchronized. Concerning our models, we should move
forward into interdisciplinarity since the picture given by each field is often iso-
lated, when not directly confronted. Finally, and despite the vast research in
socio-technical systems appeared over the last years, it still remains much to do
in terms of policy implementation. Only by proving the potential of our models
to improve the lives of citizens or the environment we will be able to reinforce
and drive interdisciplinary science into a new stage.





A
E X A M P L E C O D E T O Q U E RY T H E T W I T T E R A P I

We share here a sketch of the code used to access and download the Twitter data
from the Streaming API. The keys are personal and can be obtained through the
API.

CONSUMER_KEY = ’’

CONSUMER_SECRET = ’’

ACCESS_KEY = ’’

ACCESS_SECRET = ’’

BOX = [x0, y0, x1, y1]

class MyStreamListener(StreamListener):

def on_status(self, status):

print(status)

if __name__ == ’__main__’:

auth = OAuthHandler(CONSUMER_KEY, CONSUMER_SECRET)

auth.set_access_token(ACCESS_KEY, ACCESS_SECRET)

listen = MyStreamListener()

stream = Stream(auth, listen, gzip=True)

stream.filter(locations=BOX)
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B
T H E H I E R A R C H I C A L O R G A N I Z AT I O N O F C I T I E S
U N V E I L E D B Y M O B I L I T Y

b.1 gathering of urban indicators & cities considered

Here we detail the cities studied in Chapter 4, the definition of their boundaries
and how the data about emissions, transportation and health was gathered and
aggregated. On account of the easier access to urban indicators of cities and their
standardized definition within the same country the analysis is divided in two
parts: US and Worldwide cities. The cities considered are all the metropolitan
and micropolitan areas of the US.Once we have selected the cities that will be
studied, it is crucial to define which are their boundaries. When studying urban
structure in general and its relation with urban indicators concretely,the defini-
tion of the boundaries of metropolitan areas can have a strong influence in the
final results as it has been largely discussed [222, 223]. For this reason, in the
case of US cities the boundaries used will be different when studying them sep-
arately or together with the other worldwide cities. While studied separately, all
metrics will be calculated according to the official boundaries from the census
office of the US, when studied together with other cities the boundaries will be
the ones provided by the OECD.

b.1.1 US cities

Figure B.1: Map of all the metropolitan and micropolitan areas in the US.

The definition of metropolitan areas used for American cities is known as
Core Based Statistical Areas (CBSA), it is given by the Office of Management
and Budget (OMB) ,and it is also used in the census [317]. The boundaries of the
metropolitan and micropolitan areas are delimited by aggregating the counties
associated with an urban center with more than 10000 inhabitants together with
those adjacent ones strongly connected to the core by commuting. The shape
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of the US metropolitan areas studied can be obtained from [318]. The complete
list can be seen in Table B.1. With the proper definition of the boundaries of the
metropolitan areas, we build the mobility network of each city extracting it from
the global mobility data by including all the cells inside the urban area, and the
trip flows between them. The map of all the metropolitan and micropolitan areas
of the US are shown in Figure B.1

City Population City Population City Population City Population

Akron 703 Albany 870 Albuquerque 887 Allentown 821

Asheville 424 Atlanta 5286 Augusta 564 Austin 1716

Bakersfield 839 Baltimore 2710 Baton Rouge 802 Beaumont 403

Birmingham 1128 Boise City 616 Boston 4552 Bridgeport 916

Brownsville 406 Buffalo 1135 Canton 404 Cape Coral 618

Charleston 664 Charlotte 2217 Chattanooga 528 Chicago 9461

Cincinnati 2114 Cleveland 2077 Colorado Springs 645 Columbia 767

Columbus 1901 Corpus Christi 428 Dallas 6426 Dayton 799

Deltona 590 Denver 2543 Des Moines 569 Detroit 4296

Durham 504 El Paso 804 Fayetteville 463 Flint 425

Fort Wayne 416 Fresno 930 Grand Rapids 988 Greensboro 723

Greenville 824 Harrisburg 549 Hartford 1212 Houston 5920

Huntsville 417 Indianapolis 1887 Jackson 567 Jacksonville 1345

Kansas City 2009 Killeen 405 Knoxville 837 Lafayette 466

Lakeland 602 Lancaster 519 Lansing 464 Las Vegas 1951

Lexington 472 Little Rock 699 Los Angeles 12828 Louisville 1235

Madison 605 Manchester 400 McAllen 774 Memphis 1324

Miami 5564 Milwaukee 1555 Minneapolis 3348 Mobile 412

Modesto 514 Nashville 1670 New Haven 862 New Orleans 1189

New York 19567 North Port 702 Ogden 597 Oklahoma City 1252

Omaha 865 Orlando 2134 Oxnard 823 Palm Bay 543

Pensacola 448 Philadelphia 5965 Phoenix 4192 Pittsburgh 2356

Port St. Lucie 424 Portland 514 Providence 1600 Raleigh 1130

Reading 411 Reno 425 Richmond 1208 Riverside 4224

Rochester 1079 Sacramento 2149 Salinas 415 Salt Lake City 1087

San Antonio 2142 San Diego 3095 San Francisco 4335 San Jose 1836

Santa Maria 423 Santa Rosa 483 Scranton 563 Seattle 3439

Shreveport 439 Spokane 527 Springfield 621 St. Louis 2787

Stockton 685 Syracuse 662 Tampa 2783 Toledo 610

Tucson 980 Tulsa 937 Vallejo 413 Virginia Beach 1676

Visalia 442 Washington 5636 Wichita 630 Winston 640

Worcester 916 York 434 Youngstown 565

Table B.1: Set of US cities studied and their population in thousands of inhabitants.

We gathered data about several urban indicators related to modal share, emis-
sion of pollutants and health:

• The modal share of commuting trips was directly obtained for all the
metropolitan areas of the United States from the census website [319],
which provides the percentage of commuting trips performed with each
mode.

• The pollutant emissions were gathered from the United States Environmen-
tal Protection Agency (US EPA) that every three years calculates a National
Emissions Inventory (NEI). We used the last version available from 2014

[320]. The resolution of the inventory is at the county-level, which are then
merged to obtain the emissions at the level of Metropolitan-Micropolitan
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areas. The counties included in each metropolitan area is available at [321].
The emissions of the counties inside the metropolitan areas are summed
up and divided by the total population to obtain the emissions per capita.

• The incidence of ischemic heart stroke, including morbidity and mortality
was acquired from the Centers for Disease Control and Prevention (CDC)
of the United States [322] at the county level. The aggregation procedure
is very similar to the one used for the emissions but converting the preva-
lence, cases per 100000 individuals, to the total cases per county, summing
up the total cases of all counties in the metropolitan area and dividing by
the population.

• Data about the location of acute care hospitals in the United States was
acquired from [323].

Figure B.2: Set of worldwide cities selected for the study.

b.1.2 Worldwide cities

The study of worldwide cities requires an homogeneous definition of urban area
as discussed above. The Organization for Economic Co-operation and Develop-
ment (OECD) provides boundaries for functional urban areas in countries that
belong to it [324]. Using a gridded population dataset, they define urban cores as
clusters of adjoining grid cells with a population density above a certain thresh-
old. The density threshold imposed is 1500 inhabitants per km2 for all regions
except Mexico and United States, where urban areas are less dense and the
threshold is reduced to 1000 inhabitants per km2. To ensure a fair comparison,
the tridiagonal trace will be calculated again for American cities using the new
boundaries provided by the OECD when comparing worldwide cities. This defi-
nition of core urban areas from the OECD is, however, limited to only a member
countries, lacking for example Asian cities. A group of worldwide cities have
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City Boundaries City Boundaries City Boundaries City Boundaries

Abidjan Other Accra AOUE Ahmedabad AOUE Aleppo Other

Alexandria AOUE Amsterdam OCDE Ankara Other Athens OCDE

Atlanta OCDE Auckland AOUE Austin OCDE Baghdad Other

Baltimore OCDE Bamako AOUE Bandung Other Bangalore Other

Bangkok AOUE Barcelona OCDE Barranquilla OCDE Belgrade AOUE

BeloHorizonte AOUE Berlin OCDE Bogota D.C. OCDE Boston OCDE

Braslia Other Brisbane OCDE Brussels OCDE Budapest AOUE

BuenosAires AOUE Busan OCDE Cairo AOUE Calcutta Other

Calgary OCDE Cali OCDE Campinas Other Cape Town Other

Caracas AOUE Charlotte OCDE Chicago OCDE Chittagong Other

Cincinnati OCDE Cleveland OCDE Coimbatore AOUE Columbus OCDE

Copenhagen OCDE Daegu OCDE Daejeon OCDE Dakar Other

Dallas OCDE Damascus Other Dar es Salaam Other Delhi Other

Denver OCDE Detroit OCDE Dhaka AOUE Douala Other

Dublin OCDE Durban Other Faisalabad Other Fort Worth OCDE

Fortaleza Other Fukuoka OCDE Guadalajara OCDE GuatemalaCity AOUE

Gwangju OCDE H Noi Other Hamburg OCDE Helsinki OCDE

Hiroshima OCDE HoChiMinh AOUE Hong Kong Other Houston OCDE

Hyderabad AOUE Ibadan AOUE Istanbul AOUE Izmir Other

Jaipur AOUE Jakarta Other Jiddah Other Johannesburg AOUE

Kabul AOUE Kampala AOUE Kano Other Kanpur AOUE

Kansas City OCDE Karachi AOUE Kiev Other Kigali AOUE

Kolkata AOUE Kuala Lumpur Other Kumasi Other Kuwait City Other

Lagos AOUE Lahore AOUE Las Vegas OCDE Lille OCDE

Lima Other Lisbon OCDE London OCDE Los Angeles OCDE

Luanda AOUE Lucknow Other Lyon OCDE Madras Other

Madrid OCDE Manchester OCDE Manila AOUE Marseille OCDE

Medan AOUE Medellin OCDE Melbourne OCDE Memphis OCDE

Mexicali OCDE Mexico City OCDE Miami OCDE Milan OCDE

Minneapolis OCDE Monterrey OCDE Montreal OCDE Moscow AOUE

Mumbai AOUE Munich OCDE Nagoya OCDE Nagpur Other

Nairobi Other Naples OCDE New York OCDE Orlando OCDE

Osaka OCDE Ottawa-Gatineau OCDE Ouagadougou Other Palembang AOUE

Paris OCDE Philadelphia OCDE Phoenix OCDE Pittsburgh OCDE

Poona Other Portland OCDE Oporto OCDE Porto Alegre Other

Puebla OCDE Pune AOUE Raleigh OCDE Recife Other

Rio de Janeiro Other Rome OCDE Sacramento OCDE SaintPetersburg AOUE

Salt Lake City OCDE Salvador Other San Antonio OCDE San Diego OCDE

San Francisco OCDE Sana’a Other Santiago OCDE Santo Domingo Other

SaoPaulo AOUE Sapporo OCDE Seattle OCDE Sendai OCDE

Seoul OCDE Shizuoka Other Singapore AOUE Stockholm OCDE

Surabaya Other Surat Other Sydney OCDE Tampa OCDE

Tel Aviv Other Tijuana OCDE Tokyo OCDE Toronto OCDE

Vancouver OCDE Vienna OCDE Warsaw OCDE Washington OCDE

Table B.2: Set of cities studied with the corresponding method to calculate its bound-
aries.

been studied by the project Atlas of Urban Expansion [325] (AOUE), which pro-
vides a definition of city boundaries based on the extension of the built-up area.
We include these definitions for the cities for which we have no information yet.
Finally, we complete the list by adding cities not included in any of the previous
datasets, OECD and AOUE, with an definition coming directly from our mobil-
ity data. Within a radius of 50 km from the city center, we cluster together all S2

cells closer than 4km from each other until we get a connected component in the
network. In further sections, we compare the results obtained for the different
definitions of cities to ensure their similarity. The final list of cities include all
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worldwide capitals and the most populated cities distributed across the world.
The list is shown in Table B.2, together with the boundary definition for each
city. In addition, we show in Figure B.2 the location of the cities included in the
final list.

We also gathered data related to modal share and emissions at worldwide
scale.

• Information regarding the modal share in cities has been obtained from
[326].

• Greenhouse gas (GHG) emissions were obtained from the Climate Disclo-
sure Project (CDP) [327] where a set of worldwide cities make public their
annual emissions in equivalent carbon dioxide metric tones per capita.

• The OECD also reports CO2 emissions per capita within their defined
boundaries for a large number of cities [328] .

• Emissions of other pollutants, including NOx, have obtained from the
Emissions Database for Global Atmospheric Research [329], which pro-
vides a grid map of emissions of a set pollutants. The total emissions of
each city have been calculated from it by summing up all the cells included
in the city boundaries and divided by the population to obtain the per
capita emissions. The dataset and procedure used is similar to the used in
[330]
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A N A LY T I C A L S O L U T I O N F O R R E G U L A R L AT T I C E S

c.1 1d lattices

To obtain an analytical expression we continue from the continuity equation for
I ′ = Iright, Ileft described in Chapter 5
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which can be compacted by combining the terms with the same power of 1/L ′

and introducing the radius of congestion towards each lattice side r ′c = rcright, rcleft
to obtain
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Despite the coefficients get complicated as the order of 1/L ′ increases, it can be
expressed using binomial coefficients (.) in the closed form

(1− 1/L ′)r
′
c−1 =

r ′c−1∑
i=0

(−1)i
(
r ′c − 1

i

)
1

L ′i
, (C.3)

which can be then rewritten as
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Finally, solving for r ′c as a function of I ′ and L ′ we can obtain

r ′c ≈ 1+
ln
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) . (C.5)
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From r ′c we can calculate now the delay towards each lattice side. We start by
splitting the individuals between those that reach their destination by walking
–walkers– and using a vehicle –riders–. The total number of walkers can be
obtained from the previously formulated continuity equation (Equation (C.2)),
and since the delay they accumulate by walking i locations is equal to i `/(v1 −
v2)v, we can write

∆τtot,w ≈
`

∆v
{

node 1︷ ︸︸ ︷
I ′ − q?

L ′
+

node 2︷ ︸︸ ︷
2
I ′ − 2 q?

L ′
− 2

I ′ − q?

L ′2
(C.6)

+

node 3︷ ︸︸ ︷
3
I ′ − 3 q?

L ′
− 3

2 I ′ − 3 q?

L ′2
+ 3

I ′ − q?

L ′3

+ . . .}.

Which can be restated by merging the terms with the same order in 1/L ′ as
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Summing up the coefficients with q? and I ′, the delay of the walkers towards
each side of the lattice can be finally written as
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As it is conformed by powers of 1/L ′, in the limit L→∞ we obtain ∆τtot,w → 0.
The second part of the delay is accumulated by the individuals that reach

their destination using a vehicle or, in other words, the q? individuals that wait
at each of the congested nodes. While the delay that the individuals at location
x± i accumulate until the previous stops empty is given by i f q?/c, the delay
produced in emptying the queue is given by

∆τsn = c f

p−1∑
i=1

i+ (q? − p c)p f, (C.9)

where p is the integer part of the ratio [q?/c]. Summing it up, we obtain

∆τsn = f p

(
c (p− 1)

2
+ (q? − p c)

)
. (C.10)
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Combining both parts, the total delay of the riders ∆τtot,v split per node is given
by

∆τtot,v ≈

node 0︷ ︸︸ ︷
f p

(
c (p− 1)

2
+ (q? − p c)

)
(C.11)

+

node 1︷ ︸︸ ︷
q?2

c
f+ f p

(
c (p− 1)

2
+ (q? − p c)

)

+

node 2︷ ︸︸ ︷
2
q?2

c
f+ f p

(
c (p− 1)

2
+ (q? − p c)

)
+ . . . ,

which as a function of r ′c can be compacted as

∆τtot,v ≈ r ′c f p
(
c (p− 1)

2
+ (q? − p c)

)
+
q?2 f r ′c (r

′
c − 1)

2 c
. (C.12)

Finally, the average delay of the individuals attending the event can be written
as

∆τav = {∆τtot,v(Right) +∆τtot,v(Left) (C.13)
+∆τtot,w(Right) +∆τtot,w(Left)} /I.
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Figure C.1: Scaling in a 1D lattice with background. Scaling of the average delay of
agents as a function of the event individuals for a) an event in the lattice
extreme and in (b) the center. Figure extracted from

Besides the event attendants, there are also individuals in the background
performing their daily activities yet the previous results disregard them. The
individuals in the background lead to a reduction of the vehicle capacity and a
new effective capacity ceff, which can be written as a function of the individuals
entering the system ρ, the location x and the line direction as

creff(x) = c− ρ f
(x+ 1) (L− 1− x)

L (L− 1)
, (C.14)
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cleff(x) = c− ρ f
x (L− x)

L (L− 1)
.

Wherein the coefficients (x + 1) (L− 1 − x)/L (L− 1) and x (L− x)/L (L− 1) ac-
count for the rate of optimal paths towards the right and left, respectively. Both
expressions evince that the effect of the background is minimum in the lattice
extremes and maximum in the middle.

With the expression for ceff, and noting that q?, r ′c and ∆τtot,w are not af-
fected by the new effective capacity, we can reformulate ∆τtot,v for each lattice
side as

∆τtot,v =

r ′c∑
i=0

f p(i)

(
c (p(i) − 1)

2
+ (q? − p(i) c)

)

+

r ′c−1∑
i=1

i
f q?2

c ′eff(i)
, (C.15)

where c ′eff(i) corresponds to the capacity at a distance i from the event c ′eff(x±
i), and p(i) holds for the ratio [q?/c ′eff(x± i)]. The dependency of ceff with x
and i hampers the summation and, thus, the attainment of an analytical solu-
tion. As an approximation, we consider a ceff independent of i by imposing a
constant value across all congested nodes equal to c ′eff(x± r

′
c/2). This approx-

imation facilitates the attainment of an analytical expression for ∆τtot,v and
∆τav in the case with background. As can be seen in Figure C.1, the comparison
between the simulations and the new analytical solution taking the background
into account are in complete agreement for both an event in the center (Figure
C.1(a)) and in the extreme of a 1D lattice (Figure C.1(b)). Interestingly more, as
we already discussed, the effect of the background is stronger for an event in the
center of the lattice due to the shape of ceff.

c.2 2d lattices

The procedure to obtain an expression for the radius of congestion and the delay
is similar to 1D lattices, with the additional feature that there are more than one
queue at each node. We start from the continuity equation presented in Chapter
5
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I ′ ≈
distance 0︷︸︸︷

q? +

distance 1︷ ︸︸ ︷
3 q? +

I ′ − q?

L ′x L
′
y

+ (C.16)

distance 2︷ ︸︸ ︷
5 q? +

I ′ − 4 q?

L ′x L
′
y

−
I ′ − q?

(L ′x L
′
y)
2

+

distance 3︷ ︸︸ ︷
7 q? +

I ′ − 9 q?

L ′x L
′
y

−
2 I ′ − 5 q?

(L ′x L
′
y)
2

+
I ′ − q?

(L ′x L
′
y)
3
+ . . .

=

r ′c−1∑
β=0

{
(2β+ 1)q?

+

β∑
α=1

(−1)α+1

(
β−1
α−1

)
I ′ − 2β−(α−1)

(α+1)

(
β
α

)
q?

(L ′x L
′
y)
α

 .

Where Nq(r) is the the number of convenient queues, r ′c is the radius of con-
gestion towards that quadrant and L ′y and L ′x are the quadrant side size. For an
event located at (x,y), the downwards (left) side of a quadrant is L ′y = y (L ′x = x

) and the upwards (right) side is L ′y = L− y− 1 (L ′x = L− x− 1). The previous
expression can be simplified by summing up the terms of the same order on
1/L ′y and 1/L ′x yielding

I ′ ≈ r ′c
2
q? +

r ′c−1∑
α=1

(−1)α+1

(
r ′c−1
α

)
I ′ − 2r ′c−α

(α+2)

( r ′c
α+1

)
q?

(L ′x L
′
y)
α

. (C.17)

This equation can be then rewritten by expanding the binomial (1− 1/(L ′x L ′y))β

as

I ′ ≈

1−(1− 1

(L ′x L
′
y)

)r ′c−1 I ′ (C.18)

+ q?

(L ′x L ′y)
2 r ′c + 1−

(
1−

1

(L ′x L
′
y)

)r ′c
−2 (L ′x L

′
y)
2

1−(1− 1

(L ′x L
′
y)

)r ′c ,

which can be solved for r ′c yielding

r ′c = −
1

2
+ L ′ −

Plog
(
(1− 1

L ′ )
L ′−32 ( q

?−I ′

2L ′q? + L
′ − 3

2) log(1− 1
L ′ )
)

log(1− 1
L ′ )

.
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To calculate ∆τav, we split it again between the riders and the walkers and
assume an event in the center of the lattice so that r ′c = rc in all quadrants.
The number of delayed individuals who walk all along to their destination cor-
respond to the terms with powers of 1/L ′ in Equation (C.16), and their delay
comes from the product of the distance traveled and the difference of speeds be-
tween using a vehicle and walking ∆v = v1−v2. Therefore, similarly to Equation
(C.7), the total delay of walkers in all the network is given by

∆τtot,w =
4 `

∆v
{

distance 1︷ ︸︸ ︷
I ′ − q?

L ′x L
′
y

+

distance 2︷ ︸︸ ︷
2 (
I ′ − 4 q?

L ′x L
′
y

−
I ′ − q?

(L ′x L
′
y)
2
)

+

distance 3︷ ︸︸ ︷
3 (
I ′ − 9 q?

L ′x L
′
y

−
2 I ′ − 5 q?

(L ′x L
′
y)
2

+
I ′ − q?

(L ′x L
′
y)
3
)+ . . . (C.19)

=
4 `

∆v

rc−1∑
α=1

(−1)α+1

(L ′x L
′
y)
α

{
(rc −α) rc
1+α

(
rc − 1

α− 1

)
I ′

−
(rc −α) ((2α+ 4) r2c − (α2 + 2α+ 3) rc +α− 1)

(α+ 1) (α+ 2) (α+ 3)

(
rc

α

)
q?
}

,

which by summing up the coefficients of q? and I ′, yields

∆τtot,w =
4 `

∆v

{[
L ′ − (L ′ + rc − 1) x

rc−1
]
I ′ +

[
(4 L ′(6 (−1+ xrc)L ′3 (12− 5 rc

+ 12 r2c + 2 r
3
c) + 6 L

′2 (18− 18 xrc + 3 (3+ xrc) rc − 5 (−2+ 3 x
rc) r2c (C.20)

+ (3+ 9 xrc) r3c + 2 x
rcr4) − 3 L ′ (12− 12xrc − 4 (−7+ xrc) rc + (17− 6 xrc) r2c

+ (−9+ 22 xrc) r3c + 2(−5+ x
rc) r4c − 2 r

5
c) − rc(−6− 29 rc − 15 r

2
c

+ (25+ 6 xrc) r3c + 21 r
4
c + 4 r

5
c)) − r

2
c (6+ 11 rc + 6 r

2
c

+ r3c) pFq({2, 2, 2, 1− rc}; {1, 1, 5}; 1/L
′]) /(24 L ′ (1+ rc) (2+ rc) (3+ rc))

]
q?
}

.

Here again L ′ = L ′x L
′
y, x = (1− 1/L ′) and pFq() is the generalized hypergeo-

metric function. As in 1D lattices, this expression comes from summing powers
of 1/L ′ and, therefore, tends to zero in the limit L→∞.

As for any other dimension, in the infinite size limit ∆τav is dominated by the
individuals traveling in vehicles. Bearing in mind that there are three types of



C.2 2d lattices 135

nodes and, thus, more than q? individuals wait at each location, the total delay
of riders in all the network can be then written from Equation (C.11) as

∆τtot,v =

distance 0︷ ︸︸ ︷
4 f p

(
c (p− 1)

2
+ (q? − p c)

)
(C.21)

+

distance 1︷ ︸︸ ︷
12
q?2

c
f+ 12 f p

(
c (p− 1)

2
+ (q? − p c)

)

+

distance 2︷ ︸︸ ︷
40
q?2

c
f+ 20 f p

(
c (p− 1)

2
+ (q? − p c)

)
+ . . . ,

where the coefficients of each term come from the number of convenient queues
per node Nq(r) (Equation (5.11)) and p is again [q?/c]. The previous expression
can be compacted by grouping the two type of terms as

∆τtot,v =
q?2

c
f

rc−1∑
r=1

r (8 r+ 4) (C.22)

+ f p

(
c (p− 1)

2
+ (q? − p c)

) rc−1∑
r=0

(8 r+ 4),

which summed up and as function of rc, yields

∆τtot,v =
q?2

c
f
2 (rc − 1) rc (1+ 4 rc)

3
(C.23)

+ f p

(
c (p− 1)

2
+ (q? − p c)

)
4 r2c.

The previous results only hold for the case without background, yet it can be
extended to take it into account. The individuals in the background effectively
modify the capacity, which now depends on the position and direction of a link
going from (x0,y0) to (x1,y1). Since in our framework a change of line has a
penalty of half the period, there are, at most, two possible paths between any
origin and destination. For a lattice of side size L, the betweenness centrality of
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Figure C.2: Scaling of ∆τav with I in the case with background. Simulations are shown
in green dots and the analytical solution in orange line.

a link going from the stop located at (x0,y0) to a stop located at (x1,y1) can be
written as

b((x0,y0), (x1,y1)) =
δ(y1−y0),−1

L2 (L2 − 1)
[(L− y0)y0 + (L− y0) y0 x0

+ (L− y0)y0 (L− (x0 + 1))] +
δ(y1−y0),1

L2 (L2 − 1)
[(y0 + 1) (L− (y0 + 1))

(C.24)
+(y0 + 1) (L− (y0 + 1)) (L− (x0 + 1)) + (y0 + 1) (L− (y0 + 1)) x0]

+
δ(x1−x0),−1

L2 (L2 − 1)
[(L− x0) x0 + (L− x0) x0 y0 + (L− x0) x0 (L− (y0 + 1))]

+
δ(x1−x0),1

L2 (L2 − 1)
[(x0 + 1) (L− (x0 + 1)) + (x0 + 1) (L− (x0 + 1)) (L− (y0 + 1))

+(x0 + 1) (L− (x0 + 1))y0] .

For an event in the center of lattice, a radius of congestion rc, and recalling that
the background individuals in a vehicle is given by ρb((x0,y0), (x1,y1)) f, the ef-
fective capacity ceff for an event in the center of the lattice can be approximated
as c− ρb((L+rc(I)2 , L+rc(I)2 ), (L+rc(I)2 + 1, L+rc(I)2 + 1)) f.

Nevertheless, unlike 1D lattices, the effective capacity is not enough to attain
an analytical approximation for ∆τav in the case with background. In 2D lattices,
individuals only accumulate a delay of q?

ceff
when walking all along the main

axes until their final destination since they have to wait until all the previous
stops empty. If instead they change direction, the previous stops might not be
necessarily congested. Therefore, the delay they accumulate per link is q

?

c in the
initial walking direction, and q?

ceff
in the second direction in which they finally

board a vehicle. To put it simply, an individual that boards in a vehicle at a node
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located in x+ 2,y+ 2 accumulates a delay by walking of 2q
?

c ) and by waiting of
f(2 q

?

ceff
. Rewritting ∆τtot,v accordingly we obtain

∆τtot,v = (
q2

2ceff
+
q2

2c
)f
8

3
(rc − 2)(rc − 1)rc (C.25)

+ 6(−1+ rc)rcfq
2(

1

3ceff
+
2

3c
)

+ f p

(
c (p− 1)

2
+ (q? − p c)

)
4 r2c.

Where the first term corresponds to the delay of individuals taking a vehicle out
of the main axes and the second term accounts for the delay of the individuals
taking a vehicle along the main axes, distinguishing between those that do not
change direction and those who do it. Both the simulations and our analyical
approximation are compared in Figure C.2, showing a good agreement.
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A D D I T I O N A L S C A L I N G R E S U LT S I N C I T I E S

In this Appendix we provide the results for the scaling in the other seven cities
studied in Chapter 5 and show that the results in Paris can be extended to
other cities. Figures D.1-D.4 depict the scaling of the individuals in the event,
and Figures D.5-D.11 the scaling of the background individuals. The scaling is
present in all cases and the range of the exponents is very similar across cities,
which suggest that the public transportation networks have similar structures
in cities across the world. The results provided here are, overall, very similar to
those obtained for Paris, reaffirming the conclusions extracted in Chapter 5.

Figure D.1: Scaling of the event individuals in Amsterdam and Berlin. (a) Scaling of QT
with I and (b) its distribution of exponents. (c) Scaling of ∆τav with I and
(d) its distribution of exponents. Map of (e) the scaling exponents γ and
(f) ∆τav for an event of 50, 000 attendants. The empty circles point to the
locations where the scaling is shown.

139
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Figure D.2: Scaling of the event individuals in Boston and Madrid. (a) Scaling of QT
with I and (b) its distribution of exponents. (c) Scaling of ∆τav with I and
(d) its distribution of exponents. Map of (e) the scaling exponents γ and
(f) ∆τav for an event of 50, 000 attendants. The empty circles point to the
locations where the scaling is shown.

Figure D.3: Scaling of the event individuals in Milan and New York City. (a) Scaling of
QT with I and (b) its distribution of exponents. (c) Scaling of ∆τav with I
and (d) its distribution of exponents. Map of (e) the scaling exponents γ and
(f) ∆τav for an event of 50, 000 attendants. The empty circles point to the
locations where the scaling is shown.
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Figure D.4: Scaling of the event individuals in San Francisco. (a) Scaling of QT with I
and (b) its distribution of exponents. (c) Scaling of ∆τav with I and (d) its
distribution of exponents. Map of (e) the scaling exponents γ and (f) ∆τav
for an event of 50, 000 attendants. The empty circles point to the locations
where the scaling is shown. The deviation in the exponent distribution from
0.5 is due to the finite size of the area considered. Even the scaling of the
variables of the panels (a) and (b) are not of so high quality in this case, with
the curves near a plateau for large I. The empty circles in the maps mark the
locations of the scaling.

Figure D.5: Scaling of the background individuals in Amsterdam. Scaling of the (a) de-
layed individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav
with the number event attendants I. Map of the (d) delayed individuals, (e)
origins affected and (f) average delay for an event hosting 50, 000 attendants.
The empty colored circles in the maps mark the locations of the scaling
shown in (a), (b) and (c).
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Figure D.6: Scaling of the background individuals in Berlin. Scaling of the (a) delayed
individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav with the
number event attendants I. Map of the (d) delayed individuals, (e) origins
affected and (f) average delay for an event hosting 50, 000 attendants. The
empty colored circles in the maps mark the locations of the scaling shown
in (a), (b) and (c).

Figure D.7: Scaling of the background individuals in Boston. Scaling of the (a) delayed
individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav with the
number event attendants I. Map of the (d) delayed individuals, (e) origins
affected and (f) average delay for an event hosting 50, 000 attendants. The
empty colored circles in the maps mark the locations of the scaling shown
in (a), (b) and (c).
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Figure D.8: Scaling of the background individuals in Madrid. Scaling of the (a) delayed
individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav with the
number event attendants I. Map of the (d) delayed individuals, (e) origins
affected and (f) average delay for an event hosting 50, 000 attendants. The
empty colored circles in the maps mark the locations of the scaling shown
in (a), (b) and (c).

Figure D.9: Scaling of the background individuals in Milan. Scaling of the (a) delayed
individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav with the
number event attendants I. Map of the (d) delayed individuals, (e) origins
affected and (f) average delay for an event hosting 50, 000 attendants. The
empty colored circles in the maps mark the locations of the scaling shown
in (a), (b) and (c).
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Figure D.10: Scaling of the background individuals in New York City. Scaling of the (a)
delayed individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav
with the number event attendants I. Map of the (d) delayed individuals, (e)
origins affected and (f) average delay for an event hosting 50, 000 attendants.
The empty colored circles in the maps mark the locations of the scaling
shown in (a), (b) and (c).

Figure D.11: Scaling of the background individuals in San Francisco. Scaling of the (a)
delayed individuals Nτ, (b) origins affected NO and (c) average delay ∆τbav
with the number event attendants I. Map of the (d) delayed individuals, (e)
origins affected and (f) average delay for an event hosting 50, 000 attendants.
The empty colored circles in the maps mark the locations of the scaling
shown in (a), (b) and (c).
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A D D I T I O N A L TA B L E S F O R T H E T O L L P O L I C Y
I M P L E M E N TAT I O N

This appendix provides more detailed results after the implementation of the
toll policity for both the peripheral (Table A1) and the inner ring (Table A2).

Peripheral Ring Baseline Toll 2 e Toll 5 e Toll 10 e Toll 10 e Toll 10 e Toll 10 e

scenario all day all day all day mon & aft morning afternoon

Total number of trips 10,368,560 10,350,070 10,368,850 10,366,690 10,370,410 10,369,390 10,370,040

Total number of car trips 2,541,700 2,497,220 2,427,580 2,336,560 2,468,770 2,513,920 2,506,770

Total travel distance (km) 55,471,436 55,568,329 55,578,228 55,784,940 55,700,637 55,574,185 55,585,917

Average travel distance

per trip (km) 5.35 5.37 5.38 5.38 5.36 5.37 5.36

Total travel distance by car (km) 28,954,043 s 28,118,672 28,026,161 27,101,526 28,389,794 28,748,463 28,645,363

Average travel distance by car 11,392 11,260 11,545 11,599 11.500 11.436 11.427

Average travel time 00:23:09 00:24:17 00:23:45 00:24:17 00:24:00 00:23:43 00:23:45

Average travel time by car 00:14:15 00:13:26 00:14:25 00:14:41 00:14:49 00:14:31 00:14:24

Number of users paying toll 0 378,200 350,490 309,470 122,440 35,070 94,030

Number of trips paying toll 0 504,040 442,750 382,690 140,990 38,510 102,780

Car trips in the toll zone 604,350 671,390 562,120 582,37 585,300 596,940 598,300

Average travel time for trips

in the toll zone 00:18:57 00:20:07 00:19:05 00:19:10 00:19:05 00:19:00 00:19:02

Average travel time for car

trips in the toll zone 00:04:49 00:05:05 00:04:51 00:04:52 00:04:55 00:04:54 00:04:54

Car trips entering the toll zone 396,040 366,270 356,220 325,350 367,170 381,680 379,780

Average travel time for trips

entering the toll zone 00:33:45 00:35:34 00:36:44 00:38:53 00:36:32 00:35:2 00:35:13

Average travel time for car

trips entering the toll zone 00:19:54 00:19:42 00:23:06 00:25:14 00:24:15 00:21:55 00:22:5

Car trips exiting the toll zone 396,490 367,390 357,710 327,400 368,340 382,920 381,150

Average travel time for trips

exiting the toll zone 00:34:13 00:36:22 00:36:08 00:38:03 00:35:46 00:34:50 00:35:2

Average travel time for car

trips exiting the toll zone 00:19:59 00:19:05 00:19:37 00:20:19 00:20:24 00:19:51 00:19:59

Car trips occurring outside the

toll zone 1,144,820 1,092,170 1,131,280 1,121,690 1,107,330 1,097,980 1,096,560

Average travel time for trips

occurring outside the toll zone 00:24:41 00:24:52 00:36:22 00:25:00 00:25:05 00:24:00 00:25:02

Average travel time for car trips

occurring outside the toll zone 00:15:18 00:14:33 00:14:58 00:14:55 00:15:3 00:15:16 00:14:57

Table A1: Aggregated results for the peripheral ring. Table directly extracted from [5]
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Inner Ring Baseline Toll 2 e Toll 5 e Toll 10 e Toll 10 e Toll 10 e Toll 10 e

scenario all day all day all day mon & aft morning afternoon

Total number of trips 10,368,560 10,371,190 10,368,940 10,368,170 10,369,640 10,372,050 10,369,910

Total number of car trips 2,541,700 2,510,470 2,458,000 2,384,000 2,484,540 2,521,250 2,515,220

Total travel distance (km) 55,471,436 55,562,930 55,585,261 55,596,113 55,543,099 55,548,521 55,503,081

Average travel distance

per trip (km) 5.35 5.36 5.36 5.36 5.36 5.36 5.35

Total travel distance by car (km) 28,954,043 28,743,170 28,275,243 27,711,234 28,521,102 28,799,604 28,736,127

Average travel distance by

car per trip (km) 11,392 11,449 11,503 11,624 11,479 11,423 11,425

Average travel time per trip 00:23:09 00:23:17 00:23:28 00:23:43 00:23:40 00:23:34 00:23:36

Average travel time

per trip by car 00:14:15 00:14:14 00:14:04 00:14:04 00:14:02 00:14:10 00:14:10

Average travel time per trip

by car in the morning peak 00:15:46 00:15:41 00:15:39 00:15:36 00:15:42 00:15:38 00:15:51

Average travel time per trip

by car in the afternoon peak 00:16:23 00:16:21 00:15:58 00:16:00 00:15:32 00:16:19 00:15:37

Number of users paying toll 0 319,300 292,260 264,430 112,390 57,970 63,560

Number of trips paying toll 0 411,810 363,410 322,270 121,820 59,110 65,440

Car trips occurring within

the toll zone 254,510 248,190 242,580 229,470 244,400 251,150 249,450

Average travel time for

within toll zone trips 00:15:37 00:15:40 00:15:44 00:15:47 00:15:42 00:15:40 00:15:41

Average travel time for car

trips within the toll zone 00:03:24 00:03:24 00:03:23 00:03:23 00:03:25 00:03:23 00:03:24

Car trips entering the toll zone 276,910 264,620 247,640 225,880 257,340 267,990 266,720

Average travel time for trips

entering the toll zone 00:30:11 00:30:41 00:31:15 00:32:11 00:30:50 00:30:31 00:30:29

Average travel time for car

trips entering the toll zone 00:17:18 00:17:26 00:17:28 00:17:45 00:16:59 00:17:26 00:16:52

Car trips exiting in the toll

zone 277,200 265,160 248,410 227,000 257,660 268,670 267,360

Average travel time for trips

exiting the toll zone 00:30:33 00:30:57 00:31:34 00:32:34 00:31:19 00:30:49 00:30:58

Average travel time for car

trips exiting the toll zone 00:17:33 00:17:34 00:17:23 00:17:33 00:17:28 00:17:23 00:17:40

Car trips occurring outside

the toll zone 1,733,080 1,732,500 1,719,370 1,701,650 1,725,140 1,733,440 1,731,690

Average travel time for trips

occurring outside the toll zone 00:24:35 00:24:36 00:24:39 00:24:41 00:24:33 00:24:33 00:24:34

Table A2: Aggregated results for the inner ring. Table directly extracted from [5]
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