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Abstract

The communication networks (mobile phone networks, social media platforms) produce digital
traces from their usages. This type of information help to understand and analyze the human
mobility in very accurate way. By these analyzes over cities, it can give powerful data on daily
citizen activities, urban planners have in that way, relevant indications for decision making on
design and development. As well as, the Call detail Records (CDRs) provides valuable spatio-
temporal data at the level of citywide or even nationwide. The CDRs could be analyzed to
extract the life patterns and individuals mobility in an observed urban area and during ephem-
eral events. Whereas, their analysis gives conceptual views about human density and mobility
patterns.

In this study, the mobile phone traces concern an ephemeral event called Armada in Rouen
city. However, important densities of individuals are analyzed and are represented to extract the
life patterns by classifying the most active regions during observed period in this urban area.
Then, the collective mobility patterns are investigated in aggregated urban mobility patterns
via extracting the universal mobility law (power-law distribution). This investigation explores
the characteristics of human mobility patterns, and model them mathematically depending on
substantial parameters, that are the inter-event time, traveled distances (displacements), and the
radius of gyration.

The main purpose of this study is to determine the general pattern law of the population. And,
its contribution is the resulting outcomes, which are revealed and visualized in both static and
dynamic perspectives. They can be capitalized as guidelines to explore the urban pulse and
life patterns. The numerical simulation results endorse the previous investigations. Hence, they
found that the real system patterns almost follow an exponential distribution. Additionally, the
experiments classified the mobility patterns into major classes as general, work, and off days.

Keywords : Complex systems, urban, mobility, CDRs, mobile phone, spatio-temporal, net-
work, radius of gyration, individual trajectory, city pulse, simulation, power-law distribution.
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Problem Statement
This thesis intends to study the human mobility inside urban environment by using mobile
phone data during an ephemeral event. It analyzed the collected data from the mobile commu-
nication network. There are many questions may be raised when studying a specific event in
the urban city such as:
How cities form the places of pulsation according to human mobility along the day? How indi-
viduals are moving inside the city for their daily activities? Do city structures are well adapted
to these human mobilities ? Are we able to identify some common fluxes of individuals moving
[C H14] inside the city revealing specific usages and how to be more efficient to support them?
Does these collective mobilities are generating congestions or traffic jam? During an unusual
event, how the city life pulsation is reorganized? How to manage some specific event like con-
certs or sportive manifestations in order to control the flow of human crowds? What are the
fluctuations in dynamic patterns of city life during these specific events [And10]? How to have
the right information at the right time in such event to deal with security? How finally better
understand the human mobility behavior in usual time and in unusual events? [Dar13, Rob15].

All these questions need to analyze many aspects of city organizations and citizen behaviors.
We will not answer to all these questions in detail in this work, but we will explain how a
large amount of data produced by the traces of mobile phone can be interpreted to give relevant
information to initiate a concrete reflection to answer to these complex questions. Hence, it
will be easier for local administrations, and services appliances to analyze the events with high
fluently responding. Therefore, any anomalous or emergent event in the city could be handled
in appropriate time.

Mobile phones could be considered as a geolocalization devices for tracing each individual
[Yua13]. They are considered as the most propagated and preferred communication devices in
the world, also it is the close friend to almost people and accompanied them always. The mobile
existence means the physical individual existence and mobile spatial behavior refers to the in-
dividual dynamic behavior at urban area. The mobile phone data have several aspects with a lot
of indications for revealing human mobility patterns. These patterns are characterized by dif-
ferent scales of time and distances [Cha10a], which reflecting the daily circadian rhythm either
in long or short distance/time scales to understand the global or local spreading of individuals,
epidemics ...etc. [YAN11, Oll13, Chr13b].

Undoubtedly, the mobile phone data sets open the way to a new paradigm in urban planning,
i.e. collecting the city data from real-time sensors (real-time cities), and highlighting the beha-
vior analysis and spatio-temporal data mining. It became well known that urban structure has
strong impact on urban-scale mobility patterns, indicating that different areas inside the city are
associated with different inhabitants motion patterns.

There are many researches according to these concepts and perceptions, which analyze urban
systems of cities, where the mobile phone data are the main material [And10]. The analyz-
ing and tracing mobile phone activities are outlined in the geographical representation of hu-
man mobility in the cities [Dar13]. These data could be captured, processed, and analyzed
in real time, because they are real temporal data and came from real infrastructure of the city
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space [Lin12]. Also, they could be analyzed as aggregated [San12] or disaggregated (collect-
ively/individually) with different analysis patterns [Oll13, Mar14b]. Therefore, it would be a
suitable depicting for future city characteristics and features.

The geographic and urban space representation could be depicted graphically, mainly to get a
partial understanding of traffic dynamicity and uncover the activity patterns of the urban city,
either for pedestrians or cars [Mar14a]. This kind of studies enables the understanding of in-
dividuals interaction with events, their reactions, responses, environmental effects on them in
various city sectors, and revealing the transportation traffic. It would be easier to make decisions
based on the impact of the simulation of all these effects. These studies are useful to uncover
when and how individuals are arriving and leaving a specific area, when and how aggregation
of crowd appears [And10], as well as the authority of their existence at this area. So, if there
is any unpredictable event and emergency, hence the situation could be handled accurately as
soon as possible [Dap15].

Objectives
The data of Information and Communications Technology (ICT) contribute to form an impres-
sion of the city dynamic evolution over time. With this intention, the social communication
networks are a backbone tool for analyzing and understanding the individuals communication
and city dynamics [P. 11]. This will reconstruct the comprehension of population and city man-
agement relative to the urban utilization [And10, Mar14b]. The produced acquaintances help
researchers to obtain deep perception of individuals mobility and stream movement inside the
urban area [Joh15]. This would help the decision makers and urban planners to improve the city
life patterns sustainability, and to have active smart cities diagnosis [Chr10].

The study of human mobility patterns helps in deep understanding many of related disciplines
like economy, urban planning, travel, health, crimes ... etc. [Yua13]. The researchers make
their efforts to analyze the enormous data, and represent the acquired knowledge on different
modes like statistical sheets, statistical diagrams, and the most effective way is the Geograph-
ical databases using a Geographical Information System (GIS) platform, in order to give more
realistic and comprehensive perspective to the analyzed data. It is in fact characterizing the
human behavior patterns in different daily activities [Dar13, Oll13, Chr13a, Mar09].

Several human mobility studies investigated the ephemeral events, especially the wide fest-
ivals and occasions (sportive competitions, public ceremonies,... etc.) by analyzing, modeling,
and simulating human mobility of an observed event based on mobile phones traces analyzes
[And10].

In this research the mobile phone traces are used in order to understand the human mobility.
The investigated data concern important densities of individuals, that attended ephemeral event.
These data concern 12 days of mobile phone activities during Armada festival, which is held
periodically in Rouen city in the Upper Normandy region in the north west of France. The ana-
lyzed data called Armada DataBase (DB), which is a group of registered records known as Call
Detail Records (CDRs), they are obtained from Orange company for mobile communications
and services [Org16].
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Contributions
Armada event could be considered a rich repository for miscellaneous human dynamic activ-
ities. Hence, human mobility patterns generated during this event would been estimated by
investigating the Armada DataBase. It is analyzed using the SQL language, ArcGIS platform,
Excel applications, MatLab platform, Gama platform, the geo-visualization, and statistical tech-
niques. They are used in this thesis for studying the human mobility collectively and individu-
ally. The undertaken substantial parameters are the density, inter-event times, travel distances
(displacements), and radius of gyration. They have been modeled and simulated using comput-
ing platform by integrating various applications for huge database management, visualization,
analysis, and simulation.

Accordingly, general population pattern law is extracted from the data. The study contribution
outcomes have revealed both the individuals densities in static perspective, and the individuals
mobility in dynamic perspective with multi levels of abstraction (Macroscopic, Mesoscopic,
and Microscopic). A synthetic diagram of the research as shown in figure 1.1.

Figure 1.1 – Full project diagram.

The present work can be divided into two stages. The first stage deals with analysis, and acquire
the activities densities, which indeed represent the individuals densities. The second stage is
devoted to model and simulate the human mobility patterns of the observed data.
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Analysis and Representation
The observed data are analyzed in the first phase, they require high computational resources
and DB management techniques. Whereas, the available resources (in LITIS laboratory) were
unable to accommodate them. However, these data are treated using an SQL query language
to extract the information, then using the statistical application for drawing the histograms and
diagrams to represent the individuals densities (activities). Then, the produced data sheets have
been analyzed, and geographically represented using the ArcGIS platform. These data are lined
upon the Rouen city map in association with the towers distribution all over the observed area
around 30x30 Km. This stage is performed in the macroscopic level of abstraction, and is
represented in figure 1.2.

Figure 1.2 – Densities analysis.

The observed urban area is divided by Voronoi polygons technique, based on the spatial distri-
bution of the mobile phone towers. Each Voronoi polygon is associated with the tower coverage
area [Pu 09a, Rob15, Van12a], as in figure 1.3.

5
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Figure 1.3 – Divide the coverage area using Voronio.

Modeling and Simulation
In the second stage, the life patterns and activities in the observed area are investigated during
general, work days, and weekends of the observed period, i.e. determine the general mobility
patterns law according to spatio- temporal mode.

Additionally, this stage is developed in mesoscopic and microscopic level of abstraction to
model and simulate the individuals mobility. This is performed using statistical calculations by
using sufficient parameters, which are the activities in inter-event times, traveled distances, and
radius of gyration. However, the Matlab is used to model and simulate the observed data in
the mesoscopic level. Whereas, the multi agent simulatoin platform MAS (Gama-Platform) is
used to reconstruct the individual mobility with GIS coordination at the microscopic level, as
represented in figure 1.4.

6
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Figure 1.4 – Multi agent physical statistics.

Organization of the Thesis
The thesis is constructed of 7 chapters.
Chapter one gives an introduction to research problem definition, its objectives and methodo-
logies. As well as, the used contributions with explanation of major two stages of the thesis.
The first stage is the analysis and representation, and the second stage is the modeling and
simulation.

Chapter two describes how to analyse urban mobility with mobile phone traces. The introduc-
tion of this chapter declares the relation between the urban mobility and mobile phone data, and
the benefits of urban mobility studies. Then, the city is described as a dynamical complex sys-
tem according to complexity theory. The mobile phone traces are explored as a tool for catching
urban mobility patterns.

The mobile phone data management section explains the CDRs features, and the mobile net-
works characteristics with their common produced data. Finally, the conclusion of this chapter
considers the mobile phone a good proxy for human mobility in urban, in spite of some limita-
tions.
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Chapter three describes how modeling in spatio-temporal approaches the urban mobility with
CDR, MAS and GIS. In the introduction, the common urban modeling is investigated, espacially
the approaches using CDRs, MAS, and GIS with respect to spatio-temporal properties. Then,
the mobility modeling with GIS describes the data analysis and visualization in a way close to
real time.

The basic models of attraction mobility in city with gravity and radiation models are presented
as a kind of urban mobility modeling. Then, multi-scale modeling of human mobility describes
the major used approaches, which are Macroscopic models, Mesoscopic models, and Micro-
scopic models. Additionally, the section of modeling mobility dynamics and spatial constraints
explores the common models that are respect to the physical laws of acceleration, velocity, and
rate of change of direction.

The urban mobility patterns section presents the approaches that are used to capture the urban
mobility using probability distributions of human activities, data mining, and some other ap-
proaches are mentioned. Then, integrated MAS and GIS platform explored the contribution
between the MAS and GIS approaches to produce adequate models of spatio-temporal proper-
ties. Also, common agent-based platforms are presented.

Finally, the conclusion of this chapter endorsed the ABM to model the urban dynamics, and the
major human mobility perspectives.

Chapter four describes the macro analysis of mobile phone traces based on the case study (the
Armada event in the city of Rouen). The introduction gives an overview about the CDRs ana-
lysis phase and its contribution in human mobility and urban environment. Then, the Armada
DB as case study is described in all aspects as a DB of ephemeral event, and as a periodic fest-
ival. The research methodology in analysis phase described the approach of data analysis using
several DB management techniques, ArcGIS, and Gama platforms. As well as, data analysis
and visualization in Marcoscopic perspective is explored with respect to the individuals dens-
ities using Voronoi technique and statistical manipulation. Finally, as a conclusion the density
variation between several urban areas can explore the tendency of these areas, and verify the
normal or anomalous events.

Chapter five describes the micro-modeling and simulation approaches based on reconstruction
of human trajectories and human patterns. The introduction presents the modeling and simula-
tion benefits, and the levels of system data analysis either individually or collectivelly. Then,
data set section describes the CDRs as a discrete data, and explains their type as estimated geo-
graphic data. Describing individuals activities (Mesoscopic Perspective) section describes the
population according to their activities in time using probability distribution. Also, the section
of fixed inter-event time observations indicates the main parameters used in this thesis, that are
inter-event time ∆t, the travel distance ∆r, and the radius of gyration rg.

The section of trajectories in intrinsic reference frame presents the human trajectories charac-
teristics into spatio-temporal mode, and their properties within rg. Then, the real and simulated
individual trajectory estimation is decribed in Microscopic Perspective. Finally, as a conclusion
the CDRs provide common paramters can reflect the human mobility in multi level of abstrac-
tion.
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Finally, last chapter describes conclusions and perspectives of the work presented in this PhD
thesis.

9





Chapter 2

Analysing Urban Mobility with Mobile
Phone Traces

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2 City as Dynamical Complex System . . . . . . . . . . . . . . . . . . . . . . . 13
2.3 Catching Urban Mobility with Mobile Phone Traces . . . . . . . . . . . . . . . 15

2.3.1 Individuals as Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.3.2 Individual Mobility Patterns . . . . . . . . . . . . . . . . . . . . . . . 17

2.4 Mobile Phone Data Management . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.4.1 CDRs Properties . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.4.2 Mobile Networks Coverage . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4.3 Mobile Phone Traces Localization . . . . . . . . . . . . . . . . . . . . 20

2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

11



Chapter 2. Analysing Urban Mobility with Mobile Phone Traces 12

Introduction
The recent spread of ubiquitous technologies, even in emerging economies population, is lead-
ing to a variety emergence of mobile phone based services for low-income populations in several
areas like health, education, or banking [Alb13, Van12c]. This diversity is proved in 2012, when
the mobile phone number is counted as 104.8 million Android, 26 million iOS smart phones all
around the world [Lin12]. The massive spreading of the computing and sensor devices became
a backbone of the modern daily life. Therefore, using their data to study the human mobility is
a natural evolution for one of the most important life aspects in the new century, thanks to the
fast progress in the embedded systems, and wireless networking technologies [Xia12, Van12b].

The infiltration of mobile phone networks around the world allows to capture data sets for mil-
lions of interactions, which are stored in real time [San12]. Such data could be taken from
telecommunication companies, internet companies, or mobile networks for a wide geographic
areas in national scale [Van12c]. These data do not contain detailed demographic or socio-
economic factors for the networks subscribers [Mar10b, V. 11]. However, mobile phone net-
works could assist in providing a comprehensive vision for urban area usages through human
mobility traces [Mar14b]. An efficient understanding could be reached with the help of GIS
platform augmented by statistical and dynamical analysis, as will be mentioned later.

The urban term refers to the city, which is composed of many grouped items like number of
buildings, streets, public or private educational organizations, shopping areas, residential build-
ings, ... etc., that are existing in predefined spatial space, so the open areas, and the streets
are the linkages between these items. However, studying urban mobility is essential for urban
planning. The analysis of citizen mobility enables the understanding of how individuals are
evolving inside the city, and how they use the city services. This helps the city planners which
have to deal with the cities development, and to be sure that the services like transportation are
efficient and able to meet the citizens needs [Yih11].

The advantages of studying human mobility are to put the plans for emergency events prior to
their existence, to verify and estimate the evacuation strategies by simulating the event and eval-
uating its rescue efficiency, to control and manage the crowd movements to avoid the potential
problems, and to support and interconnect multi scientific fields (traffic engineering, architec-
ture, socio-psychology, safety science... etc.) [Nir08, Mar13, Dap15].

Furthermore, all needed information about human mobility either as a walker, in a car [Xia12],
behavior, and motion has become more affordable in a short time. As a consequence, the
researchers have now rich data repositories for making their studies. Starting from extracting
knowledge of social networks [P. 11, Bal13], dynamics of population [Alb13], human mobility,
gender identification as performed in [Van10], till the analysis of different urban environment
events in relation with land use [Jam12, C H14].

Therefore, the clear insights which extracted from identifying the urban areas give the plan-
ners useful information to manage many cases, like developing transport system, determine the
specific times that demands special kind of services [Yih11], and verifying the areas that have
fast spreading of panic diffusion in collective crowd behavior, so based on urban areas stud-
ies, the planners can do the necessary to deal with every situation according to predetermined
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strategies. With respect to characterize urban environments, it is very important to identify the
dense areas [Alb13], which have high population at specific period of times. This is a principle
aspect, because it gives a precise description of where and when high density of individuals
takes places? [Pu 09a, Mar14a]. The former researches on the identification of dense areas
have been carried out by using three main approaches as density-based clustering techniques,
detecting dense fixed-size grids as spatio-temporal data, and spatial-based techniques to detect
local maxima areas [Mar10b].

Whereas, the recording and analyzing of human mobility for a limited time in traditional meth-
ods was difficult and costly, since it needs to do interviews, observations for period of times
for collecting data [Dan09]. However, the new technologies made this recording and analyz-
ing easier and more flexible [Xia12, Jam12]. Nevertheless, there is a biggest challenge fa-
cing this evolution of capturing the huge data, it is the subscribers privacy that uses different
network types, and their rights to be fortified against any interloper or unwanted monitoring
[Van10, Oll13].

This chapter is organized as in the following sections: The first section is the city as dynamical
complex system section describes the city as a complex system according to the complex system
theory, and differentiate between the complex and complicated systems. Then, the next section
is the catching urban mobility with mobile phone traces, it describes the mobile phone data
utilization in urban mobility studies. However, this section is branched into two subsections as:
Individuals as sensors and the individual mobility patterns. The first one explores the highly
penetration of mobile phone and its accurate acquired spatio- temporal data from it, this make
each individual carried mobile phone as a sensor. The second one describes the capability of
mobile data to extract the human mobility patterns.

The mobile phone data management section gives a general overview of the mobile phone net-
works architecture. It is branched into three subsections as: The CDRs properties, the mobile
networks coverage, and the mobile phone traces localization. The first one elaborates the com-
plex nature of CDRs, and their ability to reflect human dynamic behavior in real time. Then, the
second one illustrates the main elements of the mobile phone network, as well as the utilization
of Voronoi technique to divide the urban under the covered area. Finally, the third one describes
the procedure of the communication within the mobile phone network.

Then, the resulted tracing data from this kind of networks are classified into two main types as:
Active cell phone localization and passive cell phone localization. Then, the technical and com-
munication data section presents the location traces from Mobile Switching Center data(MSC),
and other data collection methods like the Global System for Mobile Communication (GSM).
Hence, the billing data section describes the data of formal type (CDRs) that are used for billing
purposes, which are related to the mobile user activities specifically. Finally, the chapter conclu-
sions consider the mobile phone as a continuous spatial monitor in real time property. Whereas,
the urban area division is considered as a challenge issue.

City as Dynamical Complex System
The complexity theory becomes a common aspect in most of research fields that are aimed to
understand systems like social and human developments, that have the features as nonlinear
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behavior, self-organization, irreducibility, and emergent properties [Yik13].

The complex systems are used to describe natural environmental systems for understanding,
analyzing, and modeling them. Such systems are dynamical interaction systems which could
be organized or disorganized during their evolution [Raw08a]. One of the main propertiy of
complex systems consists of dealing with the feedback processes over their own components,
as well as dealing with processes which emerged from their own entities interaction. These
systems have different outputs that could be traditional results or new processes as in figure 2.1
[Raw09f, Arm10].

Figure 2.1 – Complex adaptive system [Wik14].

The difference with complicated systems will be explained to better understand the meaning
of complex systems. Complicated systems can be decomposed to be studied with each part
separatly. But complex systems cannot be studied in that way because every entity affects the
whole system reactions and results. They have adaptive mechanisms as emergent process from
their interaction among entities. These adaptive processes correspond to responses of the system
as reactions to dynamic usage. Another charateristic of complex systems are the feedback
processes as new processes distribution according to system evolution, because even the resulted
events could be returned back to the system as new activities [Raw09f, Hak08]. However,
complex systems deal not only with emergent organization processes from the interaction of its
own entities, but also with the feedback processes of the organization over its own components,
to represent complex multi- center, and multi-criteria self-organizations.

[Mic94] considers cities as complex systems, because there are comprehensive entities interact-
ing at infinite variety. The urban evolution is either bottom-up [Raw08a] or somehow top-down
approach. Whereas, [Mic07] considers urban development as a temporal dynamic, i.e. the urban
evolution includes multiple individuals with different behavioral patterns at spatio-temporal
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manner, and indicates dynamic interactions between socio-economic [Van13, Van12c], and en-
vironmental effects. Hence, Urban environment and city could be regarded as a complex sys-
tem, which is composed of different interacted (subsystems) parameters, that are affected by
land use strategies, population growth, market behavior, and transportation systems.

The human mobility researches tackled the small scale data like origins, destinations, and travel
patterns of daily individual mobility, as well as the large scale ones through long travel patterns
(air-travel for example). These two kinds are the large and small scale data, which have distinct
indications in the level of details, where the small scale provides a detailed description at the
individual level, but not for population, whereas the large scale once describes the conceptual
view of the population without details of individual mobility characteristics.

Catching Urban Mobility with Mobile Phone Traces
The Information and Communication Technology (ICT) has good reputation in human mobility
studies, especially when looking at its most prevalent product "Mobile Phone", since it gives
the researchers very speedy method for collecting real time data with cheap cost in opposite to
old days approaches [Yua13]. Many researches in the field of network tracing emphasize on
common techniques, like the mobile carriers [Lib04], which are used for collecting the time
and location information (momentary location, spatio- temporal). It is determined by giving
the closest mobile tower whenever the individual uses his/her mobile phone, however when no
mobile phone activity, it means that no information will be available, thus the users’ location is
unknown. Also, the available information type is time-dependent location [Cha10b, Cor13].

The researchers explored several methodologies to trace the human mobility, which are partic-
ularly pivoted on the CDRs analysis [Chr13a, Rob15]. They emphasized on duration extension
of the collected data, tracing the mobile phone locally by inside tracer, and exploring the net-
work data (bills, network signaling). All these items are very useful in human mobility studies,
that depend principally on the CDRs [Zbi13, Cor13, Mar10b].

However, there is another technique of active mobile positioning which is used in real time
tracking using either Mobile Positioning System (MPS) or Assisted-Global Positioning System
(A-GPS) Network. The positioning data are useful in several application areas, like direct
travel and transport behavior, traffic flows, and urban engineering. The GPS is a system of 24
satellites that constantly orbit Earth, when the hardware inside the mobile phone receives signals
from at least four of these satellites, then the handset can calculate its latitude and longitude
with an error margin of 10 meters. The drawback of GPS technology is the system not fully
operable when objects block its access. The other method of determining the location of mobile
phone is by triangulation, a process by which mobile phone location can be determined from its
communication with local cell towers [Rei10, Ant05, Yu-05, Mar14a].

Individuals as Sensors
Many ubiquitous sensors are prevalent in the recent decade, one of the most known is the mobile
phone. These ubiquitous sensors are providing instantaneous sensing [Mar13], where spatio-
temporal data can be acquired from mobile networks, and become affordable directly with high
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accuracy. Therefore, mobile user would be sensed "easily traced" due to the provided spatio-
temporal data. Also, the individuals can be considered as human sensors per se, since they give
important georeferenced investigations as independent perceptions [Xia15].

The mobile communication networks offer wireless communication services, therefore the in-
dividuals can communicate in multi locations all over times, which means the acquired data of
this ubiquitous sensors would provide dynamic perception on this service users, so the individu-
als dynamic behavior will be sensed "exploited" inside urban environment in high scale level,
with regard to the wide urban area under mobile networks coverage [Mar14b]. The term "in
situ" is the opposite of "remote", which is used for the tightly closed sensor or the direct contact
sensor with the event/phenomena being sensed. Herein, the mobile phone considered as in situ
sensor according to its closeness for both the mobile user and the sensed event. This combina-
tion gives a user generated traffic inside mobile networks. Therefore, the georeferenced social
media data could be considered as a proxy for the collective human behavior, which considered
social in situ sensor data [Gun14, San12, Van12b].

Thus, the individuals can act as a human sensors by giving their investigations according to each
individual perception, these perceptions are gathered from them as geographic information for
example on Web 2.0 and social media. Then a huge spatio-temporal data will be acquired in
high level of accuracy and in situ sensor environmental/ social, which reflects human dynamic
behavior inside urban space with large-scale activity and mobility [Gun14, Den13, Van12b,
V. 11].

The varied data nature could be unified in spatio-temporal mode to make more relevant analysis,
the diverse data nature combined of temporal and geospatial components, which imposed the
contribution of interdisciplinary methods to collaborate with Geographic Information Science
theory and Applied Geoinformatics [Xia15]. This kind of researches focus on geo-spatial and
temporal components of mobile phone data in acquisition and analysis of three main perspect-
ives, that are the human-centered data acquisition via mobile phone, human behavior relation-
ships in the environmental context, and spatio-temporal patterns of human behavior acquired
from mobile phone data [Gun14, Oll13, Jam09].

Additionally, to obtain data by profiting from the fast rise of smartphone penetration, this im-
plies human- centered approaches for data acquisition. The mobile networks create insight on
human dynamics in social environments [San12], also people could be considered as sensors by
expressing their perceptions as measurements for their situations like air quality, weather, and
emotional conditions through their mobile phones. The integration between these perceptions
measurements and the technical sensor networks gives well indicated data

As well as, some researchers introduce the approach of geo-monitoring using geo-spatial dimen-
sion to use the mutual context-awareness during analyzing and monitoring dynamic geographic
phenomena. Mobile phones as ubiquitous geo-sensors are in general investigating human and
environmental dynamics [Gun14, Van12a]. The challenges of this field are confined in deeper
investigations of human and environmental dynamics using the ubiquitous mobile geo-sensors,
where the user-generated data have different nature with different representativeness and se-
mantic expressiveness, the generated involuntary from mobile network traffic data represent
significant portion of the social groups population. However, this kind of data has only huge
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quantity without any semantics of them, otherwise social media data and Volunteered Geo-
graphic Information (VGI) are classified generated into specific sub group of the population,
and own semantic value.

However, the environmental phenomena could be sensed directly or indirectly. Since, mo-
bile networks enable their customers to communicate everywhere at any time, hence log files
generated in their backend could be considered as indicator of human behavior patterns, this
indication represents millions of mobile users. Therefore, any interested phenomena could be
analyzed in terms of spatio-temporal dynamics [Joh15]. However, human behavior influenced
by many different factors, one of the strongest presences is the environmental factor, but of
course it is not the sole, other influencing contexts are the mobility, activity, and social inter-
activity [Gun14, Arm10].

Individual Mobility Patterns
Ubiquitous mobile communication technologies are capable of sensing a few aspects of human
behavior either directly or indirectly. Space-time patterns of human dynamic behavior could
be derived from mobile phone data. The digital traces of mobile usages can be considered as
a reflection to part of the human behavior, that are individuals continuously leave behind them
whenever they used mobile network, these traces could be considered as social sensor data, that
serve as a proxy for individuals activity and mobility [Mar09, Jul08b, Mar08, Rea09, Gun14].

Many spatio-temporal analyses are done on social field by using the proxy data, hence through
the extraction of more depth insights into the urban systems field of the complex nature [Arm07,
Joh15]. It could be seen in [G12] which used the Visual Analytics approach and handovers (the
signal of mobile network that happened when mobile switched its radio cell during mobile user
transitions) to exploit the complex urban mobility patterns. The patterns visualization and ana-
lysis approaches supporting real-time events monitoring, due to their approximated indications
on the individuals move and their density.

The traditional urban studies have many approaches that divide the observed geographical re-
gion into zones, where the population of individuals are moving among them [Mar10b]. As
well as, Almost researchers use data aggregation to deal with the excessive mobile data in order
to understand and reveal intra-urban mobility patterns. In furtherance of understanding urban
mobility patterns, some manipulations such as [Fra12] used a map of the predefined home zone
to individuals as mobile user or vehicular driver, then make statistical computations to find
the average daily trip for them, and finally make association for the computed results with the
urban environment and demographic home zone. It compares mobility features of mobile phone
traces with mobility features of odometer readings from annual safety inspections of all private
vehicles registered in the Boston Metropolitan Area. It focuses on human mobility traces and
their usage in planning to transportation system.

Whereas, the recent researches prove that mobile profiles (in/out calls, in/out SMS) are useful
data source as a proxy for exploiting human activity patterns. Wherefore, the Geo-visual Ana-
lytics (Geo-VA), Self-Organizing Maps (SOM), and Local Indicators of Spatial Association
(LISA) approaches are emphasized on the intensity and similarity of collective human activ-
ity during the analysis of huge data amount of user-generated mobile network traffic. [Gun14]
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elaborates space-time patterns of mobile communication Udine city of Northern Italy for three
months period in 2009. It shows similar patterns for the 5 variables (in/out calls, in/out SMS,
internet) as shown in figure 2.2 [Gun14].

The arising insights improve the comprehension of daily pulse urban movements in the city,
which informs extra information for several domains for instance public transportation [Fra12],
event management, urban planning, ...etc. It is obvious that clear correlation exists between
city functional configuration and human activity patterns [Rob15]. In spite of all features of
the analysis approaches, there is a lack in semantic understandings, which is the answer of
why behavior/patterns look like this? However, they are the base of full prospect in the future
[Gun14, Arm10].

Figure 2.2 – Space-time visualization of mobile communication patterns: incoming SMS (a),
outgoing SMS (b),incoming voice calls (c), outgoing voice calls (d) and overall data traffic (e)
[Gun14].
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Mobile Phone Data Management

CDRs Properties
The mobile data have a special feature, because they can reflect human mobility in real time.
They give spatial and temporal indications simultaneously (spatio-temporal data). Each con-
secutive activities between two towers could be considered as displacement (mobility) from
coverage area to another, which is the main point to capture the transition from one location to
another [Ale14].

The CDRs have a complex nature and very rich environment to obtain human life elaboration
from multi points of view [Rob15, Joh15]. The mobility studies benefit from mobile phone
data with concentration on the regions of the highest mobile phone network coverage. These
regions are characterized as mature, stable, and most developed. Thus, these models explore
the human mobility, and social interactions of the wealthy, industrialized, and well developed
regions. Therefore, it is considered as the models that elaborate just one-third of the world
population, and ignore the rest two-thirds of the population, which lives in not-well conditions.

The ability to detect and characterize mobility patterns using CDRs provides huge informa-
tion for spatio- temporal data, that could be understood in aggregated urban mobility patterns
[Rob15], therefore it opens the door to a wide range of applications ranging from urban plan-
ning to crime or virus spread. Nevertheless, the proposed spatio-temporal query systems so far
can not express the flexibility, that such applications require.

The telecommunication operator gives the huge volume of data in the form of CDRs, which
contain very valuable spatio-temporal information at different levels of granularity (e.g. city-
wide, statewide, or nationwide). This information is relevant not only for the telecommunica-
tion operator, but can also be the base for a broader set of applications with social connotations
like commuting patterns, transportation routes, concentrations of people, ...etc. The key to the
smart cities development are the efficient search of spatio-temporal patterns to query CDRs
databases and use of statistical techniques. Nevertheless, the available commercial systems of
telecommunication operators today cannot handle this kind of spatio-temporal processing. One
possible way to analyze such patterns is to perform sequential scanning of the whole database or
call records and and check them using subsequence matching like algorithm against the query
pattern.

However, it is computationally expensive due to the massive data to be processed, and there
is no information about the temporal dimension (e.g. between two given days or between two
given hours) or spatial properties (e.g. in a given neighborhood, near given spot, or intersecting
given area), which are considered to process the database. Although, the CDRs have well
known popularity in analysis, but it has two limitations, where there are no data when there
is no communication activities (mobile phone idle) , as well as the aggregated spatial data of
each tower region (coarse spatial granularity), since the spatial data are not the precise location
of active mobile, but they determine the approximate one within tower coverage area [Mar10a,
V. 11, Enr14].

19



Chapter 2. Analysing Urban Mobility with Mobile Phone Traces 20

Mobile Networks Coverage
The mobile phone networks are built using a set of Base Transceiver Stations (BTS), that are
in charge of communicating mobile phone devices with the cell network [Van12c]. Each BTS
has one or more directional antennas (typically two or three, covering 180 or 120 degrees,
respectively), that define a cell and a set of cells of the same BTS define the sector, that defines
sector and all the sectors of the same BTS define the cell. At any given moment in time the
mobile phone is covered by one or more antennas. Depending on the network traffic, the mobile
phone selects the BTS to connect to within the geographical area covered by the cell, which
depends mainly on the power of the antennas. Also, pivoting on the population density, the area
covered by the cell ranges from less than 1Km2 in dense urban areas to more than 5Km2 in
rural areas. Each BTS has latitude and longitude, which indicating where is located. The area
covered by BTS can be approximated with Voronoi diagrams as in figure 2.3 [S.F09, Pat13,
Van12a, Enr14].

Figure 2.3 – Left: The original coverage areas of BTSs. Right: The approximation of coverage
areas by Voronoi diagram [Abh03].

To summarize the dynamic mobility patterns in different urban areas, that requires dividing the
study area into sub-areas. One option is to divide the study area into grid cells. However, it is
difficult to decide on the appropriate cell size. Moreover, it is highly possible that the number of
base towers in each cell varies, resulting in higher mobility in areas with higher tower density.

Therefore, the study area could be divided into Voronoi polygons, based on the spatial distribu-
tion of mobile phone towers, and then to summarize the hourly phone call frequencies for each
polygon. Each Voronoi polygon is associated with time series to represent its hourly phone call
frequency pattern [Yih11, Pu 09a]. For further extract the number of individuals (i.e. active
mobile phone users) in each cell, and eliminate the repeated phone calls made by the same
individual [Cor13, Mar10b].

Mobile Phone Traces Localization
The mobile network is a radio network composed of Base Transceiver Stations (BTS), one or
several BTSs are held on each antenna, these distributed antennas cover specific areas of small
regions (cells), where each cell has cell identifier (ID) to achieve wide radio coverage area.
The mobile network updates the mobile location to establish the communication among mobile
phones, which are under the network coverage area. The communication procedure inside the
mobile network is established as follows, and as illustrated in figure 2.4 [Zbi13, Cor13, Van12a,
V. 11]:
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1 The connected mobile phones are using cell identifier (ID).

2 The cell ID mapped into BTS geographical coordinates or the center of cell area, that
gives approximate geographic position of mobile phones than its precise position.

3 During mobility among cells, the network guide the mobile in switching from cell to the
next cell, avoiding drop-ping the call and preserving the communication continuity.

4 The mobile HandOver (HO) registers all active cells, which the mobile phone passes
through communication duration, having like micro-trajectory.

5 The network coverage area is divided into Location Areas (LA), which are larger geo-
graphical areas to organize the mobile phone (individual) mobility, so any mobility from
LA to another will create Local Area Update (LAU) by giving cell ID of each new LA,
regardless of the mobile phone condition either connected or not (active/ inactive) for
long terms of hours periodically.

6 The mobile phone approximate location is required to establish the communication de-
mand immediately, so the Global System for Mobile Communication GSM records the
LAU in all times.

Figure 2.4 – Global system for mobile network communications architecture [Zbi13].

There are two main types of mobile network data, passive and active localization tracing [Zbi13,
Cor13]:
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1 Active cell phone localization

In this type of mobile localization there is mobility-aware software, for instance (Symbian
operating system) incorporated in the mobile device or obtain the spatial location from
mobile network to pick up the successive cells, that are changed during mobility. In
spite of the imprecision of the mobile exact location, where the location of region Local
Area Code (LAC), which the mobile user crossed, hence the spatio-temporal recorded
data would be like personal diary extracted from mobile, which in turn acts like personal
sensor for registering mobile user trajectory [Lin12].

2 Passive cell phone localization

In this type of mobile localization, the localization source of data is obtained from the
mobile data, that are collected for billings/ network management purposes. These data
are related to significant number in millions of a given mobile network provider. The
mathematician and physician researchers are interested and agreed upon the use of these
electronic personal data for many purposes, for instance mobile census to estimate the
urban dynamics, studying the social networks, human mobility analysis, and renewing
the complex and social sciences [C H14]. The passive data collection technique is used
to record data on wide spectrum of population for long time slices, but it misses the
semantic information (reasons for travel, modes of transportation, stops, and personal
characteristics). This type of data is extracted from two sources as follows [Dan09]:

The Technical and Communication Data

These data are collected by the mobile network, they could be used for mobility ana-
lysis, when the cell grouping, which is named Location Area (LA) controlled by the
Mobile Switching Center (MSC), then the middle layer of the network management is
established. The network emitting signals for the mobile authorization and securing com-
munication for subscribed mobile in the network in order to benefit from its services. The
MSC registers the records of signaling events in a database. These data explore active
devices under the coverage area (on its territory), they also record the common signaling
events (common activities), which are the calls, handovers, and SMSs as events informa-
tion, also the attachment and detachment which are the information of mobile switching
(on/off) events, and LA updates which are bypassing LA boundaries and refreshing the
inactive mobile position. The mobility analysis data of specific area are obtained from the
MSCs in that area as shown in figure 2.5, it explores the location traces from MSC data
(in dotted line), and other data collection methods like the GSM based trajectory (in solid
line), it depicted the sms received, call starting with the cells handovers and LA updates
the location points according to center precision.

However, the location is limited to the cell center only, i.e. it is not the exact mobile
geographic location [Mar14b]. On the other hand, the radio propagation model could be
used to calculate it, since the CDRs have accurate spatial shortcomings, so the data fusion
could solve this shortage by integrating different data sources like geographic data, mobile
networks data, and socioeconomic data. The socioeconomic data could be a population
density, economic activities... etc., which are the base of extracting semantic information
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Figure 2.5 – Location information using MSC (dotted line) and GSM (solid line) [Zbi13].

to define and validate assumptions of semantic information with geographic considering
[Van13, Van12c], this is achieved by following the procedure as shown in figure 2.6
[Zbi13, Cor13, Mar14a]:

A Model the spatio-temporal characteristics which represent the human mobility, for
instance information sources and spatio-temporal trajectories.

B Calculate individual trajectories, then project them geographically using GIS (topo-
graphic/ raster) data.

C Merge the socioeconomic data to explore the territory (lands) and increase semantic
information of human trajectories [P. 11].

D Analyze the human mobility (behavior) via the data mining methods.

Billing Data

This data category is mobile network data in common known as CDRs, they are records
that register the whole individuals communications history for months, which are prede-
termined for billing purposes, but the researchers used it as very huge repository to the
events (call, sms, and internet connection) of the mobile networks, and the mobility be-
havior of the network users, the CDRs are records registered in formal secured DB with
standard style. Because of their standard format, they are easily extracted and manipu-
lated, but the weakness of them is in the localization information, which is obtained from
the mobile user activities only, as in figure 2.7 [Zbi13, Mar13, Rob15].

[Van12b] used CDRs to reveal the travel behavior domain, it extracted the origin-destination
flows OD matrices from CDRs, which are used to realize the varying travel demands over
time, meanwhile the classical surveys explore static information only. The automatic
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Figure 2.6 – Extract human mobility trajectories from fusion of CDRs and GIS [Zbi13].

data recording provides the geolocation, which means that mobile user has weak privacy,
hence the anonymization would be no more useful for privacy [San12]. The data ma-
nipulation methods depend on the perspectives of the study, for instance sampling by
short time window (daily/ weekly) [Tho11b], and geographical aggregation of individual
localizations [Zbi13, Cor13, Chr08, Enr14]. The CDRs details are the timestamp, call
duration, type of call (sms, voice call, data), the cell code of active cells during network
service events, handovers (cells exchanging during the services used), also first and last
cell used during each call [Zbi13, Rob15, V. 11].
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Figure 2.7 – Localization information using CDRs, in dotted line the real trajectory and in solid
line the GSM based trajectory [Zbi13].

Conclusions

The mobile phones play a key role as sensors of human behavior [Van12b], because they
are typically carried by their owners often and during their mobility. The CDRs could be
considered as georeferenced data for human mobility [Van12a]. Hence, it is no surprise
that most of the quantitative data about human mobility have been gathered via CDRs of
mobile phone networks [Jam12, Mar10a, Enr14].

Also, there is a strong correlation between the individual which moves actively and his/her
usage to mobile phone [Tho11b] rather than fixed phone (land line), since nowadays al-
most the populations hold the mobile phone permanently, it acts like a personal sensor,
especially the developed mobiles now play the role of special purpose machine either as
communication device or as full-fledged personal computers. So, the individuals con-
nection to mobile networks will be for different purposes as internet browsing, reading
Emails, entertaining, updating applications... etc., in addition to the periodical updating
of the mobile networks for the mobile phones locations, which means continuous spatial
monitoring in real-time property, with chronological archives of data records for multi
periods (days, weeks, months, and years).

Additionally, urban mobility studies have some limitations such as the need to predeter-
mine the number of areas to be identified automatically, this is imposed to predetermine
the threshold of the minimum density to consider. And they identify dense areas by over-
laying fixed grid on the geographical region, this might not correspond to the real shape
of the observed dense area [Enr13, Mar10b].
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Introduction

Modeling and simulation are the most effective tools to study the urban environment
[Raw09c], its evolution (growth) [Raw09d] and urban pulse (mobility patterns ) to make
beforehand strategies, and planning for future management either in normal or abnormal
conditions (daily life patterns, catastrophic cases, or crowded cases), and also to evaluate
the current urban system. Modeling could be conceptual, symbolic, or mathematical
depending on the scientific purpose of it [Yik13, Arm10, Raw08a].

The fast population growth gives highly urbanization development [Dan15], especially
when comparing the number of megacities (cities of more than 10 million inhabitants).
In 1970, the world enlisted only two megacities, but this number is expected to grow to
37 in 2025. The population growth implies changes in the urban system [Dan15], and
these changes could cause either upward or outward city expansion [Yik13]. However, in
order to reach an effective city planning and describe the organized complexity of cities,
hence the human mobility has to be investigated in time and space by using CDRs at
the cell tower level, so for example to find clusters of locations that have similar activity
[Jam12, Joh15].

Many researches have been focused on extracting aggregated patterns in different urban
areas from mobile phone data, such as hotspots [Sah14], clusters [Jam09], and Points Of
Interest (POIs) [Lin12]. However, there has not been sufficient researches on characteriz-
ing and classifying mobility patterns in different urban areas from a dynamic perspective,
i.e. analyzing these patterns with respect to time [Yih11, Mar10b, Mar14a].

Also, in common methods the clusters with high numbers of objects in specific geograph-
ical area are using the spatial properties of the denser regions data [Yih11]. Traditional
clustering techniques, like k-means are used [Jam09] for grouping points in space with
similar values of density [Dar13]. As well as, these methods demand determining the
numbers of clusters or estimating distributional assumptions of the data [Tho13], which
are hard to estimate [Jam12, Enr13, Siq11, Jam09, Mar14a].

However, GIScience is evolving with continuous attempts to solve some research con-
cepts such as knowing where is everything along time, the impact of individuals either
as a consumer or producer of the geographical information, the technology of dynamics,
and the great influence in education [Yik13]. The GIS is a system designed to capture,
store, manipulate, analyze, manage, and present all types of geographical data. The ac-
ronym GIScience is sometimes used for Geographical Information Science or Geospatial
Information Studies to refer to the academic discipline or career of working with geo-
graphic information systems [Raw09f, Raw09b, Eli12]. Its features make it effictive tool
to investigate the spatio-temporal data.

This chapter is organized as in the following sections: The first section is the mobility
modeling with GIS explores the GIS contribution in analyzing and presenting the spatio-
temporal data visually. Then, the spatio- temporal analysis tools section presents Voronoi
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Tessellation technique as a tool to analyze the urban area, and shows some researches,
which extracts human mobility patterns via spatio-temporal property.

The basic models of Attraction mobility in city with Gravity and Radiation section, it
explores the common models, which simulate the fluxes among cities. Their simulation is
in the marco level of abstraction. The section of multi-scale modeling of human mobility
classifies the simulation models in several perspectives. Also, it presents some of related
researches. As well as, it gives more details about the Macroscopic, Mesoscopic, and
Microscopic models, in addition to the related researches for each of them.

The next section is modeling mobility dynamics and spatial constraints, which explores
the mobility models with respect to the physical laws, in addition to presents some re-
lated researches. As well as, classifies the mobility models with respect to dynamics and
spatial constraints. Then, in urban mobility patterns section the common used parameters
are presented, which investigate the mobility patterns, and several related researches are
presented.

The integrated MAS and GIS platform section illustartes the Multi-Agent System (MAS)
models, and their collaboration with GIS platform for urban simulation. As well as, it
mentions the common Agent-Based simulation platforms. Finally, the conclusions en-
dorse that urban dynamics can be modeled effectively using ABM.

Mobility Modeling with GIS

Modeling human mobility has become an important research question in various fields,
such as Geographic Information Science, Transportation, and Physics [G12, Enr14]. So,
in order to represent the mobility information on real earth location, then GIS or any of
its applications can be used [Raw09b, Eli12].

GIS contributes to the huge spatio-tempral data to be analyzed and visualized as col-
lective dynamics in somehow close to a real time issue [Eli12]. GIS influences several
scientific fields such as urban planning, traffic management, sustainable infrastructure es-
tablishment, and tourism. The combination of the social sensor data with data mining
techniques [Bal13], and GIS could give deep global perception of the urban dynamics,
towards socio-technical conceptualization for the city by elaborating the implicit patterns
and behavioral interactions [G12, Mic11, Dap15].

In the simplest terms, the GIS is the merging of cartography, statistical analysis, and
database technology. For extracting any additional information about specific spatial data,
GIS could be used as data model, which has several modes according to layer based
approach for representing geographic information in the map as in figure 3.1 [Seo16,
Raw09f].
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Figure 3.1 – GIS information layers [Seo16].

The communication devices such as the mobile networks or social media platforms produce di-
gital traces for their users either voluntarily or not. This type of collective data can give powerful
indications that are affecting the urban systems design and development. For understanding the
collective human behavior of urban city, hence the geo-visualization techniques could be used
[G12, Enr14].

Spatio-temporal Analysis Tools
The urban analysis could be achieved by using the spatial property indication of CDRs with
contribution of the most known tool (Voronoi tessellation), where the specified region is divided
into polygonal partitions, each tower is correlated with a polygonal region, which is divided
according to Voronoi cells, so each Voronoi cell is covered map points that are most closely to
specific tower [Van13].

However, using Voronoi cells makes it possible to project the temporal data on their related
geographical location [Joh15, Pu 09a], hence the rhythm (pulsation) of the city will be followed
and represented easily, either according to week days, or hours of the day. Depending on the
mass amount of data the details can be extracted to represent the observed region activities,
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for instance the peak/ off-peak hours of work, the peak hours density, the high spot regions
...etc. All these consequences can give aggregated patterns of city life along the observed time
[Jul08a, Rob15, Mar10b, Van12a].

There are many types of researches that extract human mobility patterns, they manipulate the
mobile data from different views. However, there are some anomalous events that could be
emerged, which are deviated from the mean normal activities patterns, so they need to be
showen immediately on the maps in its real time existence. For instance the most known sys-
tem called Wireless Phone-based Emergency Response (WIEPR), that is used for monitoring
any catastrophe, terrorist attacks or natural crisis, then plot these events on GIS maps for the
concerned region, in order to take the reaction by simulations software [Jul08a, Mic11].

The researches work on very large data sets as in [Van12c], which makes an analytical model
to approximate census variables using the CDRs, the area covered by BTS is approximated by
voronoi diagrams to get the geolocation of the connected mobile network using BTS. It uses
Detection Residential Algorithm, hence presents the ability to build predictive model from the
CDRs. It proposes an analytical approach that combines large- scale datasets of mobile phone
records with country wide census data to reveal findings at national level. Main results show
correlations between socio-economic levels and social network or mobility patterns [Van12c,
V. 11].

[Xia12] concentrates on human mobility patterns and taxi transportation in urban. It proposes a
prediction method based on a simulator, that predicts the spatial-temporal variation of passen-
gers in a specific hotspot. It uses GPS as trace application, and uses patterns of pick up quantity.
This work focuses on predicting human mobility from discovering patterns. The number of pas-
sengers from urban hotspots.

Another researchers focused on simulating positioning as in [S.F09], it works on E-OTD po-
sitioning method for measuring time required for BTS signals to arrive between two distant
geographical points. However, Enhanced Observed Time Difference (E-OTD) method is one
of the promising and fairly developed positioning technologies, that has been standardized for
GSM systems.

However, this method has been utilized to locate the mobile equipment position. Whereas,
[Van10] aimed to characterize and automatically identify gender using only behavioral, social,
and mobility information obtained from CDRs. In the context of developing economies, it is
particularly relevant, since pre-paid clients for whom there is no specific gender information
account for the large majority of mobile phone users.

Whereas, [Mar10a] used the Spatio-Temporal Patterns System (STPS), which is a regular ex-
pression query language used to extract the spatio-temporal patterns in huge CDRs databases.
The design of the language take into its consideration layout of the areas being covered by mo-
bile towers, as well as the areas that label places of interested (e.g. neighborhoods, parks...etc.),
and topological operators.
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Basic Models of Attraction Mobility in City with Gravity and
Radiation

Urban mobility system is a complex system, and several models attempt to model and simulate
the urban dynamics based on individuals transitions among urban regions. The gravity and
radiation models are common models, that are used to mimic the attracted fluxes of individuals
among cities. They are based on the population size and distance between these cities.
Such models deal with individuals transitions from point to point or from region to region
like Gravity model [Bal13, Fil12], which is invented by Ravenstein’s laws of migration, hence
according to individuals transitions from source to destination, as well as the distance between
the source and destination, could be said from i to j, then the formula would be as in equation
(3.1) [Ale14, Mic, C H14]:

Tij =
(mα

i n
β
j )

(rγij)
(3.1)

Where, i is the source and j is the destination locations, with populations of mi and nj; rij is
the distance between them, whereas α, β, and γ are adjustable parameters to regulate the data.

Another model called Radiation Model [Ale14, Fil12] which acts as parameter free mobility,
in which people are mobile and interact, this model pivoted on population density regions and
the surrounding regions [Mic, C H14]. The average flux between two regions i, j could be
formulated as in equation (3.2):

Tij = Ti((minj)/((mi + sij)(mi + nj + sij))) (3.2)

Where, sij represents the total population in the circle of radius rij centered at i, excluding the
source and destination population, and Ti is the total outgoing flux at region i forward to region
j. However, this kind of models had been used to predict people mobility (commuters) between
small and big cities, based on population density and traveled distance.

These models give the macro influence of population repartition inside cities, but not how
people are evolving individually or collectively, hence other models are developed to overcome
this limitation as will be presented in the following sections.

Multi-scale Modeling of Human Mobility
Human mobility studies have to be highlighted in order to improve current modeling tools, and
to have more realistic simulation results with flexible skills, hence this will influence greatly
the precision and the accurate vision to the observed system. In general, these studies are
done basically in several concepts such as Macroscopic, Microscopic, and Mesoscopic level
[Nir08, Arm07].

The works in [Hen71] and [Fru71] are focused on the individuals supporting during emergency
conditions, they used macroscopic level models. Thereafter, the recent advancements in com-
puter sciences gave a strong push to this field, so the level of studies conducted in this field are
developed to be more efficient via the concept of modeling in microscopic level, as in the initial
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works of [Min51] and [Qua57]. The authors elaborate the effect of socio-psychological factors
during contingency conditions, whereas they explain the crowd behavior in different situations
(panic/normal).

In [Qua57] the new emerged behavior as a consequence of individual interactions had been
highlighted. Then the work in [Sim95] focused on engineering issues like entry, and exit of
individuals. Meanwhile, the psychological studies extracted the individuals motivations, and
their effect on crowd behavior [Dap15]. Then, afterwards the attempts to understand human
behavior in specific situations, the urban human mobility emerged as a gradual progression in
researches extension.

The simulation models of human mobility are classified according to their space representation,
which could be continuous, grid based, or network structure [Mic11]. Also, They could be
verified according to their intent either to be specific or general, or the level of abstraction as
macroscopic, mesoscopic, and microscopic. Many scientists attempt to classify urban models
and list them in extensive classification schemes based on several features, methodologies, ap-
plication fields and modeling concepts. The considered models Macroscopic, Mesoscopic, and
Microscopic are classified with regard to the level of abstraction, as will be explained in the
following sections [Nir08, Yik13, Arm07].

Macroscopic Models
The Macroscopic models focus on the clustering or aggregation process to the individuals dy-
namicity of the crowd through associations among the flow (Q), density (K), and speed (V),
founding the inverse relationship between average speed and density is given by equation (3.3):

Flow(Q) = Speed(V )× AverageDensity(K) (3.3)

As well as, [Tek02] developed a microscopic model to simulate individuals mobility, and con-
sidered the parameters movements as the flow, average speed and area module. Area Module
(M) which is the density reciprocal in order to relate the individual factors with their flow space
as shown in equation (3.4):

Flow(Qp) =
AverageSpeed(Vp)

AreaModule(M)
(3.4)

[Daa04] submitted SimPed model for simulating passenger flows in public transport by explor-
ing individuals density and speed association. This type of modeling is well suited for the huge
population and large crowd systems. The insight to the pedestrian is important individuals be-
havior (unthinking/intelligence), hence it will give different behavior for each element, then
affect the whole crowd attitude (behavior), according to the situation which governs the event,
however it will be considered as thinking fluid.

Mesoscopic Models
These models are located between Macroscopic and Microscopic models according to their
level of abstraction, they have the concept of aggregating the individuals/agents in smaller
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groups than in Macroscopic models. This would produce more detailed analysis for the ob-
served system. The mesoscopic model is proposed by [Han03] as an online pedestrian sim-
ulation flow in public buildings. Whereas, each group of individuals has its own behavior
strategies. Hence, the model would have transited groups between network nodes. Similar
work can be found in [Tol04], which used this issue to simulate pedestrian traffic in public
buildings, also they accomplished prototype simulator to test performance and accuracy of their
simulator. [Han03] emphasized on this issue to be effective for simulating large population as
individual groups [Arm07].

Microscopic models
These models consider each individual of the population is an agent that occupies a specific
space at a specific time, which is capable of giving elaboration for population behavior [Nir08,
Yik13, Hé16]. The researches [Tek02, Sti00] highlighted the interaction between individuals.
In spite of their limitations related to analytical manipulation and computation effort and cost
with considering the level of detail, but they are sufficient to submit a more realistic individuals
mobility. These models can be classified into four groups:

Physical based models

In these models, the crowd is composed of individuals which are represented as physical particles
with specific properties. The interaction between individual particles are obtained by models
based on physical field theory. One of the most popular model of this category is the model of
social force proposed by [Hel02].

Cellular based models (Cellular Automata (CA) or matrix-based system)

These models consider the event space if group of cells represents the event area or obstacles,
which contains one individual, group of individuals, or regions with attributes, the individuals
are moving from cell to cell under occupancy rules as in [Xia06, Blu99], where the authors
build a CA micro-simulation model for bidirectional pedestrian walkway. As well as [Sch02]
submits a cellular automaton model to generate collective effects and self-organization phe-
nomena in individual traffic. However, not all simulation attempts were successful in reflecting
the mobility, where [Xia06] attempts to simulate pedestrian crowed mobility, but the individu-
als mobility appeared to look like hopping (skipping not moving smoothly) across cells. Also,
[Pab15] develop a CA-based model for simulating the urban growth of Madrid city.

Queueing network models

These models simulate the individuals flow in specified environment such as building within
predetermined scenario like rescue scenario. They are networks of individuals queues that are
flow in a their specified environment. Each individual can flow independently in its own queue
within the network and can interact with the other objects. They are accomplished to model the
rescue from buildings. [Gun94] built a discrete event based model, the probability issue is used
to represent the individuals mobility towards a goal under priority rules of the their interaction.
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Multi agent models (MAS)

The multi-agent simulations are very suggestive for spatio-temporal dynamics, since they elab-
orate the relationships between micro-level individual actions and emergent macro-level phe-
nomena [Bat99]. The MAS is composed of Agent-Based Models (ABM), which in turn com-
posed of multi-agents interact among each other in simulated environment. These models build
artificial environment composed of agents, which have the ability to interact in intelligence and
adaptability with each other [Arm07, Chr13a, Hé16]. In these models the agents are acting
based on some strategies. The agent is an atomic unit in the computer program and it is goal-
directed [Raw08a]. However, the interaction of agents are based on predetermined mobility
conditions like leader, follower, and inhibition agents.

This kind of simulation is very effective for large scale rescue scenario and complex systems, or
modeling crowd behaviors. [Xia06] accomplished multi-agent system framework, which model
emergent human social behaviors (competitive, queuing, and herding) at the microscopic level.

However, they have some limitations to simulate the dynamic city, because the city is very
complicated environment, so the level of details might be either as abstract model with lack of
some features, or very complicated model with more details. Also, human have irrational and
subjective decisions, which make it hard to be simulated, calibrated or quantified. The most
influenced point is the big size model, which make it needs high resources to simulate.

The Multi-Agent System MAS adapts more complicated of agents interactions to be simulated
effectively as could as possible [Raw09c, Arm07]. They had been proposed to micro-simulate
land-use changes, contributing environment, transport, and economic models to obtain complex
urban systems [Yik13]. [Raw08b] used the swarm algorithm for modeling the urban dynamic
system based on ant system, depending on its development on geographical system environment
(attractive areas).

MAS is an effective tool for building the complex systems as multi agent systems, where each
agent has its own dependency, in spite of its basic common properties with the other system
agents [Raw09e, Raw09d]. As agent- based models, ILUTE and UrbanSim projects [J. 05]
are examples of the models that deal with the pedestrians concepts in the urban environments,
which give more details (disaggregated), and represent a radical transformation in the model
quality from the static to dynamic modeling [Mic12].

The agent-based modeling provides a high variety of representation which is very important
facility. The agent can represent any kind of structures either as individual agent or aggregated
ones in the reference system, and it coordinates with the spatio-temporal scales in any abstrac-
tion level as modeler desires. All this pivoted on the modeling targets of the reference system
or its concepts to be shown. This ability is very useful, especially when respecting the changes
that could be appear during simulation process, like new events or structures, agents emergence
as in pheromone trail built by ant, evolution social clusters in any population. However, Gama
platform is a practical tool to model and simulate with GIS and Agent concept. This platform
makes possible to deal with dynamical changes in the simulation process, and gives a name
”emergentagents” to the new emerged agents during the system life cycle [Pat12c, Hon13].

As well as, [Gre08] simulates large scale microscopic evacuation, where every evacuee is con-
sidered as an individual agent that optimizes its personal evacuation route. Additionally, re-
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searchers in [Chu09] build an agent-based modeling and simulation using Repast platform, the
simulator represents secure crowd evacuation in the environment suffering a fire, this project
tests several parameters of agents to explore their effect.

Modeling Mobility Dynamics and Spatial Constraints
The mobility models represent the movement of mobile users, and how their location, velocity,
and acceleration are changed over time. Such models are frequently used for simulation pur-
poses, especially when new communication or navigation techniques are investigated [Mar05].
Most popular tracing mobility models are in two major categories: The Statistical-Based Model
and the Constrained-Based Topology Model [Min06].

Physical laws of acceleration, velocity, and rate of change of direction are also included within
mobility models. The current velocity of mobile node may depend on its previous velocity, it is
called in this case Temporal Dependency of velocity (Gauss-Markov, Smooth Random) Mobil-
ity models. Whereas, in Spatial Dependency models, various nodes velocities are correlated in
space, like Reference Point Group, Column, Pursue Mobility model, and Nomadic model. The
geographic restrictions are considered in the mobility models, where for example the motion
of vehicles is bounded to the freeways or local streets. Pedestrians mobility may be blocked
by buildings or obstacles, the common proposed models are Pathway and Obstacle Mobility
model.

According to the assumption that each mobile phone can be considered as an individual existance,
so this assumption makes it possible to use the mobility models in both human/ network mod-
eling and simulation, interchangeably. Inspite of, the characteristics variance between networks
and human. For example, Random Waypoint Model [Mar05] proposed by [Dav96], where the
nodes move independently to chose randomly the destination with randomly selected velocity.
It is considered the benchmark mobility model to evaluate Mobile Ad hoc Network routing
protocols, because it is simple and the sources are publicly available.

The relevant mobility models for dynamics and spatial constraints could be classified as in
figure 3.2 [Pat13].

Urban Mobility Patterns
The human activities are differentiated from individual to another, this can be noticed from their
mobile usage, where some of them have high frequency of mobile activities, in contrast to oth-
ers, which have less usage with long inter-event distribution [Tho11b]. However, the individuals
groups activities can be distinguished according to their mobile activities frequency (calls/SMS
total number) distribution [Jam09], this is done using the probability density function p(∆t)
[Jul08a, Mar09]. As well as, another distributions could be estimated like p(∆r) or p(∆r|rg),
this will be explained in chapter 5.

The works in [Zbi13, Jam09, Xia10, Mar09] explore the modeling of human mobility, and
they conclude from their studies that human trajectories clarify high degree of spatio-temporal
regularity. The individuals are characterized by non time-dependent travel distances, they are
also characterized by high probability of returning to few previously passed locations. The
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Figure 3.2 – Mobility models relevant for dynamics and spatial constraints [Pat13].

mobility patterns of the individuals have almost the same patterns in predictability average ratio
of 93% although of the varying in dynamic histories and social features due to human behavior
regularity.

The visited locations are connected by mobility trips and constructing movement oriented net-
works. These networks are named mobility motifs, which give a view of the daily dynamic
activities. These motifs could be assumed as general human mobility characteristics, then to be
used in the travel time analysis for urban activity modeling and simulation. The mobile network
data have main benefits in revealing human mobility, because the mobile phone is ubiquitous
now, so their data (active/passive) would cover wide range areas, and pick up huge population
number, which makes it the most suitable media for human mobility studies [Sah14, Sah13].

The authors in [G12] used the handover density to highlight the most dynamic regions in an
urban environment. Also, the correlation coefficient is used to explore the relation between
human behavior and the spatio-temporal. Hence, it elaborates the average patterns of collective
human behavior at appointed environments in macro scale level (the more general activity and
mobility patterns). Many researches used CDRs to study the collective and individual human
mobility [Mar08], the segmentation of urban spaces [Rea09], and understand the events effect
on the people attraction [Fra10]. [Phi10] suggested the activity-aware map based on POI using
mobile data to uncover the dynamic of inhabitants. As well as, [Rat10] deal with large tele-
communication data (landline calls) of Great Britain in order to explore human interactions,
it is emphasized on the highly interactions correlation with administrative regions for urban
planning and transportation purposes

[Cal11] invented the co-location perspective, which explores the behavior of the interacted tele-
com network users, which they call each other frequently and share same spatio-temporal fea-
tures in the city. Hence, examining the relation between calls and physical location. Whereas,
[Gir08] presented the digital footprints (left traces/ user-generated electronic trails), which are
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setting by individuals during their mobility in urban space, CDRs and georeferenced images of
Flickr are used in order to trace the tourists presence and mobility in Rome city. Also, [Sev10]
emphasized that urban mobility is highly correlated with individuals behavior during mobile
phone usage. The used data are the activity patterns of the network cells.

Data mining methodologies contributed in representing human mobility. The authors in [Yua13]
attempt to represent human mobility patterns depending on mobile spatial indication by building
human mobility models, and then using data mining methodologies for acquiring the desired
information, which are important to explore the whole image of human mobility inside his
environment. They also acquire the impacts of this relation on urban environment development
and the readiness to face any unusual events according to predetermined understanding and
prepared planning. This research emphasized on important nature of the mobile data, which is
the uncertainty and inaccuracy, due to the nature of human life patterns [Lin12, Sah14, Sah13],
therefore it will be reflected on mobility models and extracted traces for human mobility as in
figure 3.3. The northeast China was used as case study for this project. Considering it as high
populated country with speedy developed environment, so it is easy to relate between human
mobility and applied communication tools like mobile. After analyzing and understanding these
relations, the authors emphasized on the geographic representation in order to have a sufficient
description of the extracted mobility patterns on the map as in figure 3.4. While in [Lin12] the
researcher suggests to elaborate anomalous individual trajectories, and to verify the anomalous
events.

Figure 3.3 – Trajectory of mobile user during several days [Yua13].

The most common indication on the mobility is the handovers average, population (activities)
density of each network coverage region, and the In/Out visits to each of the aforementioned
regions. Many researches are performed on the mobility modelling, which are focused on how
to model any system, and be as close as possible to real life scenarios [Pat13, Siq11].

[Yih11] investigated mobility patterns by identifying the aggregated mobility patterns, using
hourly time series to extract and represent the dynamic mobility patterns in different urban
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Figure 3.4 – Extracting urban mobility and activities from georeferenced CDRs [Yua13].

areas. Dynamic Time Warping (DTW) algorithm is applied to measure the similarity between
these time series, which also provides input for classifying different urban areas based on their
mobility patterns. It is well-developed algorithm in the field of speech recognition and signal
processing for matching two time series. It has been used for classifying dynamic mobility
patterns in different urban areas using hourly time series, taking the urban perspective for ana-
lyzing the data. It also uses outlier detection algorithm for extracting the abnormal activities,
and uses Voronoi polygons to divide the study area.

[Enr13] uses an automatic identification method to identify a dense area automatically. It invest-
igates the CDRs of urban dense area. Also, uses the natural tessellation technique (produced by
Voronoi) of the spatial domain to construct a graph. The Delaunay triangulation, and Optimiz-
ing spatio-temporal query system are used to develop Dense Area Discovery (DAD) method.

Other researchers intend to detect the dense area as in [Alb13], where they propose novel tech-
nique called Adaptive Dense Area Discovery (AdaptiveDAD), in order to detect dense areas
that define the concept of density using the infrastructure provided by mobile phone network.
They evaluate and validate this approach with real dataset containing CDRs of fifteen million
individuals. The adaptive and non-parametric method for identification of dense areas is based
on using the ubiquitous infrastructure provided by mobile phone network [Alb13].
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Integrated MAS and GIS Platform
The MAS composed of ABM models, which are constructed to imitate a specific system, each
model composed of autonomous, heterogeneous, and interacting components called ”agents”
[Koh13, Duc12]. These agents could be static, dynamic, or alternated between these two states,
depending on predetermined model rules. The interactions among agents will produce new
states or even new subsystems inside the entire system, in addition to the possibilities of dealing
with the outside world of the system, and the space which conserve the agents named environ-
ment.

The environment that holds the agents with their processes could be in simple sense as a space
that contains the system agents. This space could be continuous (spatial space), discrete (grid
cells), or connective social network [Mic12]. Thus, if the environment has spatial nature, then
agents must have the coordination to this environment, whether they are static or dynamic, so the
geometrical metrics will be most important in this type of models. Therefore, the interleaving
between the GIS and the agent-based models is the high spot point in most simulation models
even if the environment is only a small geometric space [Mic12, Raw09b].

The recent great tendency is to deal with catastrophic disasters, cities planning, diseases spread-
ing [Mic], traffic forecasting, decision making for rescue people with disabilities in emergencies
... etc. [Koh13]. Any of these possible events needs to work on huge data and geographic data
for granting the simulation model more reality, and since it is almost the simulation platforms
are dealing with only a grid to be the background of the model, so the resulted model will be
far away from reality [Pat, Pat12b, Pat12c]. Therefore, the need for a simulation platform that
integrates a real GIS data emerged, as the GAMA platform that is an agent-based simulation
platform, which deals with all obvious needs.

There are several agent-based simulation platforms, but not all of them have the capability to
deal with complex environment of GIS data [Pat, Pat12b, Pat12c, Pat12a]:

1 Swarm: Its original version does not allow the integration of GIS data. However, this
is resolved by adding a library called Kenge that allows loading layers of GIS data. It
doesn’t has spatial primitives or able to store the resulted environment.

2 Netlogo: The environment is made of ’patches’ grid, though agents have their coordinates
defined in continuous space. The GIS extension is then added, but much more advanced
spatial analysis operations are not offered.

3 CORMAS: It is dedicated to the modeling in ecology and especially the natural resources
management essentially with space representation and interaction.

4 CORMGIS: The GIS integration is done through a data-connection to ArcGIS. Hasn’t
GIS primitive (union, intersection, ...etc.).

5 Repast J: The GIS integrated using the OpenMap library. It covers only little primitives of
GIS: importing/exporting shapefiles and raster data, some geometrical operations, access
to data attributes, ...etc.
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6 Repast Symphony (Repast S): Is the up-to-date version of the Repast toolkit. It is based on
Geotools, and provides additional GIS primitives. It allows to directly model a network of
lines as a graph and to compute the shortest paths from one point to another. It allows as
well visualizing and managing 3D data. However, the number of GIS operations available
is limited.

7 GAMA platform is a multi-agent simulation platform that builds complex model integ-
rated with GIS data, it benefits from OpenGL to simulate in 3D, and it is still in progress
for more achievements to improve it’s capabilities. The almost known simulation plat-
forms are very limited when working with GIS data, require high level programming
skills. But GAMA overcomes this difficulty, by enabling automatically model GIS data
as agents and optimized agents dynamic representation.

Conclusions
The urban environment is considered as a complex system, hence the ABM is very effective
tool to model the urban dynamics. It supports the researches on the network science, social
networks, and human geographical systems, with their capability to connectivity and producing
new developed complex network systems, during the period of time with relevant locations
(spatial space). These models manipulate the system by dis-aggregate in the level of agents
(individuals), and give high degrees of explanation.

However, they have limitations in their reflection of the system reality, which is depending on
the degree of abstraction (quantity of the system variables and parameters), and each model is
constrained in imitating only the environment that is modeled (constructed) for it, as well as
the model researchers are restricted by the toolkits, platforms efficiency in studying their entire
system [Mic12, Raw09b].

The common two major perspectives in exploring human mobility patterns, which are extracted
from mobile phone data, that are: The individual perspective, where the individual traject-
ory patterns are related to the theme of pattern recognition in Physics and Computer Science
[Yih11, Cor13, YAN11]. And, the urban perspective, where the cities can be considered com-
plex systems, that are constituted by different processes and elements [Yih11, Arm10].
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Introduction
There exist a lot of aspects of mobile networks, which need different categories of studies, and
provisions such as privacy, management, tracing, development, topology, protocols, hardware
devices, user’s psychology, user’s requirements, society ethics, laws, and norms. The deploy-
ment of mobile devices made data transfer spread rapidly in several modes such as the wired,
wireless, mobile devices carried from place to place [Aug05], the information flow and its side
effects on the whole society all over the world opens new argument regions such as the human
dynamic behavior [Jin04]. Using the CDRs gives huge data, but they are sometimes ambiguous,
since the raw data would be meaningless if not analyzed or verified. Therefore, useful features
must be extracted to transform these data into information.

In order to solve this ambiguity, special techniques have to be found, for extracting the addi-
tional required data, such as cells connections and their directions at specific times. Whenever
the CDRs are analyzed, and events of the mobile network are extracted as directed mobility and
densities, then the CDRs will become an interesting material to discover individuals density
and mobility [Chr13a, Mar10b]. They help to find out a lot of information about individuals
points of interests (POI) and mobility [Lin12], which are very important for scientists of city
planning, disaster avoiding strategies, understanding human life patterns, discover most POI in
any region...etc.

This chapter is organized as in the following sections: The Armada DB as case study section,
it explores the data material of this thesis. It is branched into two subsections as: Armada of
Rouen, and CDRs of Armada. The first one presents the Armada festival, which is our observed
event. Then, the second one elaborates in detail the DB of the observed event. The next section
is the research methodology in analysis phase, which presents the main used techniques and
platforms, which are used to analyze the observed data.

The data analysis and visualization section presents the results of individuals densities analysis,
it investigates the observed data in Macroscopic level of abstraction. As well as, it is branched
into six subsections as: The area sectors, the center sector, the east sector, the west sector, the
north sector, and the south sector. Each one of the mentioned subsections explores a sub-area
of the observed total area, and it shows its analysis results, as in [Beh14].

Then, the individuals densities over Voronoi diagrams section, which presents densities vari-
ation along one day, and explores the used technique and platform. Finally, the section of
conclusions, it endorses that densities analysis gives indications about the life patterns of urban.

Armada DB as Case Study
The essential material used in this study is Armada database generated by the given mobile
phone operator (Orange Company, the historical main operator in France) in the form of CDRs
[Org16].
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Armada of Rouen
Armada is the name of the famous marine festival occurring every 4 to 5 years periodically,
it takes ten days period [Arm14]. Large sailing ships, private yachts, naval ships, and even
military frigate schooners are gathering from twenty different countries in a world free spectacle
in Rouen city (capital city of Upper Normandy in France) [Mad14]. This case study is about
the fifth edition of this event in 4th- 15th July 2008 [Ara14]. The activities of Armada start from
from 10:00 to 20:00 every day with miscellaneous activities. The last day of this event coincides
with 14th July (French national day). It attracts 8 million visitors in addition to Rouen citizens
[Die12], which is estimated to 460,000 in 2008 [Roa14, Uoa14].

Many artists and professionals participate in this occasion by their presence with their art works,
this festival like the Olympic Games held one time each four years. In this event, Armada Rouen
2008 sponsored "Sail Training International", the association which organizes tall ship races
around the world, prologue in Rouen city on the banks of the Seine Maritime heading towards
Liverpool [Arm14, Mad14, Roa14, Uoa14].

Miscellaneous activities are held like organizing tall ship races, learn diving, flying balloon,
get an egg into a bottle... etc., in addition to the entertainments such as the bands, dances, and
traditional parade of teams accompanied with fireworks. The last day of the event was in on
Monday 14th July at 9:30 AM. People arrive from all over the world, it attracts 8 million of
visitors during the 10 days of the festival [Arm14, Ara14, Daa14, Roa14, Uoa14].

Armada Editions History

Armada festival is a successful maritime festival, where the number of visitors reached ap-
proximatelyand six million in 1994, and 9 million visitors in 2003, in addition to city cit-
izens and 6000 foreign sailors came from 15 different countries [Daa14]. The Tall Ship Races
are organized by a subsidiary company of sail training international, which is specialized by
youth people development in sail training from diverse countries with various cultural mixtures
[Arm14, Ara14]. This event has several editions as the following:

1 The first edition (1989) named Freedom of Sails. It commemorated the bicentenary of
the French Revolution, held from 9 to 16 July 1989.

2 The second edition (1994) named Armada of freedom. It commemorated the fifth an-
niversary of the Allied landing in Normandy, held from 10 to 17 July 1994.

3 The third edition (1999) named Armada of the century. It commemorated the end of the
second millennium, held from 9 to 18 July 1999. Postage stamps of France were released
on 12 July on the occasion, in the Youth Collection, and represents ten participants’ sail-
boats.

4 The fourth edition (2003) named Armada Rouen 2003. It was held from 28 June to 6 July
2003.

5 The fifth edition (2008) named Armada 2008. It was held from 5 to 14 July 2008.

6 The sixth edition (2013) named Armada 2013. It was held from 6 to 16 June 2013.
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CDRs of Armada
The city pulsation and life patterns has to be explored and visualized using the observed area.
In this phase, the Armada data are treated as any DB system, where the manipulation uses
query language to extract the information of the raw data, and then show the results in an
understandable and indictable graphs, charts, and maps. The DB is described in table 4.1,
which gives its abstract view and main components. Armada DB covers 4-15 July 2008, so its
days are classified in two categories, days out of Armada, which are 4th and 15th of July, As well
as, days within Armada which fall in 5th-14th of July.

Table 4.1 – Armada Data Base Description.

Property Value
No. of Days 4-15 (12 Days)
No. of Hours 12*24= 288 but available actually= 273
No. of Towers 190
No. of Cells 587
No. of Alias 615711

No. of Events 50982274
Types of Events 7

During this event period, there are 5 days considered as off days, which are weekends and
vacation that fall in the dates 5, 6, 12, 13, and 14. Whereas, the other days are work days that
fall in the dates 4, 7, 8, 9, 10, 11, and 15. The Armada mobile network DB has classical CDRs
that contain:

• Mobile IDs (alias).

• Towers IDs and positions, which are georeferenced by coordinates (x, y).

• Number of cells on each tower and cells IDs.

• Mobile activities type (call in/out, SMS in/out, mobile hand over, abnormal call halt, and
normal call end).

• Date and time of mobile activity, which indeed represents a user activity.

In order to analyze the human mobility, it is supposed to interpolate individual position and
to simulate the individuals mobility from the traces by reconstructing his trajectories [Sah14].
The manipulation of these data requires several phases to get the required analysis results, and
obtain precise expected knowledge about the individuals densities [Mar10b] and mobility pat-
terns [Eli11, Luc13, Luc11, Rob15]. The common considered assumption is that each mobile
represents an individual, as well as its occurrence and mobility. Hence, as a consequence the
individuals density and their mobility patterns could be obtained, which concerns the observed
area [Chr13a].
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This kind of analysis has main limitations, consists in that the data given by mobile phone
traces are incomplete to describe the mobility because individuas may move inside the city
without using their mobile phones. But the propagation of a mobile phone usage today allows
to produce an acceptable approximation of mobility. The mobile phone traces are only caught
by the towers, which are located at some specific locations in the city. Hence, the extracted data
will be relevant to these locations only without more details about the exterior of their coverage
areas. In order to describe the human mobility, it is needed to simulate individuals behavior
from these traces, and reconstruct human trajectories [Enr13].

Research Methodology in Analysis Phase
The basic concept of this research phase is to obtain the most active regions along time in the
observed urban area. It is performed by the analysis, and representation of individuals con-
centration within the observed area. In order to integrate and analyze the initial raw database,
hence PHP server and SQL query language are used. The data visualization is accomplished
using graphs, representing regions densities corresponding to individuals activities. ArcGIS
platform is used for geographic representation, and to extract the aggregated data of five classi-
fied sectors, that are corresponding to specific spatial sub-areas. The combination of these tools
allows lining up the spatio-temporal data on the city map.

The observed area has been divided into sub-areas to summarize the spatial patterns, Voronoi
polygons is the division technique as in [Rya06, Ale14], where each polygon is associated with
tower, and depicts the area under the main influence of this tower (its coverage area), hence each
Voronoi cell centered on one tower, that corresponds to all the closest possible locations of the
individual, which are observed by this tower coverage area [Van13]. The aggregated adjacent
polygons formulate five sectors, they are described as follows and in as in figure 4.1:

1 The Center sector is around Seine river banks, the place of Armada event.

2 The Eastern sector to the Center.

3 The Western sector to the Center.

4 The Northern sector to the Center.

5 The Southern sector to the Center.

Data Analysis and Visualization (Marcoscopic Perspective)
The individuals densities are captured as the overall activities of the observed area (30x30 Km)
along time, this could be elaborated according to the periodic total hours, the following formula
is used: HourSeries = (day − 4) ∗ 24 + hour.

Figure 4.2 describes the densities for the 12 days period lined up as hour series. Each curve
represents one day activities. It is noted that day 9 has lack in its data about 15 hours, its
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Figure 4.1 – ArcGIS output from Armada DB. Each Voronoi cell is centered on each tower. The
5 sub-areas are described by 5 color zones, they are built by grouping Voronoi cells. Black an-
chors symbols represent places along the Seine river platforms, where boats are situated during
Armada event.

available data are within time series 120:00-135:00 only, this leads to an irregular curve at this
time.
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Figure 4.2 – Activity patterns according to people density during days hours over the observed
area.

The obtained results are as follows:

1 The patterns curves are closely similar, which means the daily activities patterns are al-
most similar.

2 The Patterns are regular, except in curve of day 9, where clearly appears there is a lack of
its values (hourseries = 121− 134 is exceptional). The city life at this period is stable,
since there aren’t any abnormal events.

3 As it will appear in figure 4.4, it could be seen that each day curve is increasing from
08:00 to 12:00, then decreasing in the lunch time, then returns to increase again from hour
17:00 afternoon, then to decrease approximately to zero.

4 All work days (4, 7, 8, 10, 11, 14, 15) are similar to each other, otherwise the off days
(5, 6, 12, 13) are similar to each other too, so the differences between them are shown in
figure 4.3.
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Figure 4.3 – Activity patterns of individuals densities according to days hours for all over the
whole region.

The Area Sectors
This analysis phase is an attempt to investigate the life patterns of the observed data, with re-
gard the alteration of the individuals densities within the sectors over different time intervals.
However, that doesn’t mean absolute indication to pure individuals activities, because they can
be present in a location out of coverage area, so this probability makes individual exist actu-
ally, but doesn’t necessarily appear on the CDRs. Nevertheless, mobile activities reflect the
individuals density in somehow, also CDRs don’t give indication to the path direction of indi-
viduals mobility. The drift of human activity in different sectors and times would be calculated
using simulation platform.

The density analysis is performed along the daily hours, so it had been realized that all sectors
have asymptotic activities patterns. However, the north sector is coming in the moderate rank of
activities and patterns, which is close to the calm and stable sectors that are west and east sectors
respectively, rather than active sectors are north and south sectors respectively. The analysis of
daily activities ratios for the 5 sectors, according to the daily hours as in the following, and as
shown in figure 4.4.
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Figure 4.4 – Daily analysis of the 5 sectors along 24 hours with average over the days period of
Armada.

1 All sectors have similar patterns, but in variant ratios. They could be ranked in descending
order the center, south, north, west, and east.

2 Highest activities ratios for all sectors are along time intervals (00:00, 06:00-20:00), oth-
erwise the activities ratios are descendin along time intervals (01:00-06:00) and (21:00-
23:00).

3 The lowest activities ratios for all sectors are along time intervals (02:00-06:00, 15:00,
23:00).

4 All sectors have peak values in common 12:00 and 18:00, which are lunch hours and end
work hours respectively, where the social activities are in their top rank.

5 The most active sectors are the center and the south along the observed period of 12 days.

6 There is high variance in activities ratios among sectors, so it could be ranked in descend-
ing order as the center then south as the most active sectors, followed by the north, west,
and south sectors respectively.

The sectors activities varies along all observed days. Day 4 has the highest activities, the
Armada influence is obvious here, since it’s the former day to the Armada event, where ar-
rangements are underway, and visitors start to arrive at the event place. Then the activities are
smoothly descending in days 5 and 6 respectively, where they are off days/ weekend days. The
days fall in period 7-11 record high activities, since they are work days, which reach the peak in
day 11. However, the activities pattern is descending regularly in the days period 11-14, where
the minimum descending is clear in day 14, which is the Armada event final day, therefore
start to leave the place.Then area sectors are back to gradual ascending of activities in 15th July,
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which coincides with a working day. The analysis of daily activities ratios for the 5 sectors
along the 12 days is shown in figure 4.5 and as follows:

Figure 4.5 – Daily analysis of the 5 sector along the 12 days.

1 All sectors have high activities ratios in 4th July, since it is former to the Armada event,
hence the influence of all arrangements is clear.

2 All sectors are decreasing in their activities ratios in off days (6, 12, and 13), that means
the individuals are in their lowest activities during off days.

3 All sectors have their highly activities ratios in the work days interval (7-11).

4 The anomalous event is in day 14th, where all the sectors are in their lowest activities ratios
except the west sector, where its activities ratios mark peak values, may be influenced by
France National Day, where the ceremonial is performed in this sector.

The Center Sector

The center sector has activities densities indications according to the all observed period, as in
figure 4.6 and the following:
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Figure 4.6 – The centre sector activity analysis according to the average of individuals density
along daily hours.

1 The activities ratios are decreasing along time interval (0:00-06:00), where the lowest
once are in 05:00.

2 The activities ratios are increased along time interval (06:00-20:00), and then decreasing
gradually along time interval (20:00-23:00), where the peak activities ratios fall in the
times (12:00, 7:00-18:00).

3 Day 4th July clearly has the highly activities ratios, the preparations for start and visitors
arrival, then followed by days 11, 8, 10, 7, 5, 15, 13, 6, and 14 in descending order
according to their activities ratios.

4 This sector has very similar patterns, sometimes interleaved patterns, however the lowest
activities ratios were in day 14th July, which is France National Day (national holiday
day).

5 This sector is active in almost days, since it is approximately the center of city in addition
to Armada event occurrence.

The East Sector

The east sector has activities ratios indications according to the 12 days period, as shown in
figure 4.7 and the following:
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Figure 4.7 – The East sector analysis according to the average individuals densities along hours
days.

1 The activities ratios are decreasing along time interval (0:00-06:00), where the lowest
activities ratios along the time interval (04:00-05:00).

2 The activities ratios are increased along time interval (06:00-20:00), where the peak activ-
ities ratios along times (09:00, 12:00, 18:00), which are the times of work start, lunch
time, and work end.

3 Days 4 and 10 have anomalous activities ratios, where the peak is in hour 09:00, these
events may be due to ships arrival, so attract the individuals to see them. However, day 4
still has the highest activities.

4 The days activities have very similar patterns, except the days 4 and 10.

5 The activities ratios in almost days could be ranked in descending order as follows 4,
10, 11, 8, 7, 15, 12, 13, 6, and 14, where most of them are off days, so it could be an
entertainment or commercial region.

6 Day 9 has lost data, but according to the provided interval (15:00-23:00), it is close and
interleaved with other work days.

7 Day 14 has the lowest activities ratios, because it is France National Day as mentioned
above.
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The West Sector

The west sector has activities densities indications according to the 12 days period, as in figure
4.8 and the following:

Figure 4.8 – West sector activity analysis, according to average of people density along day
hours.

1 This sector marks different patterns with highest activities ratios in day 14, which is the
most influenced sector by National France Day and Armada effects, the activities ra-
tios increasing along time interval (08:00-15:00) with peak hours at time interval (00:11-
19:00).

2 All days activities ratios are decreasing along time interval (00:00-07:00), then they are
increasing along time interval (08:00-19:00).

3 Days activities ratios are arranged in descending order as 14, 4, 11, 10, 8, 15, 12, 5, 13,
and 6, where almost days in this sector have an approximated ratios activities except day
14.

The North Sector

The north sector has activities densities indications according to the 12 days period, as in figure
4.9 and the following:
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Figure 4.9 – The north sector activities analysis according to the average of individuals densities
along day hours.

1 This sector has similar patterns, with the highest activities ratios at day 4.

2 All days of this sector have similar patterns to previous sectors, where activities ratios are
decreasing along time interval (00:00-06:00), where the lowest ratios along time interval
(04:00-05:00).

3 The activities ratios are increasing over time interval (06:00-00:19), with peak hours
(12:00 and 18:00), then the activities are decreasing along time interval (20:00-23:00).

4 The most active days in this sector could be ranked according to their activities ratios in
descending order as 11, 10, 8, 9, 15, and 12. All these days are work days except day 12
is off day, whereas 14, 6, and 13 are off days.

The South Sector

The south sector has activities densities indications according to the 12 days period, as in figure
4.10 and the following:
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Figure 4.10 – The south sector activities analysis according to the average of individuals dens-
ities along day hours.

1 All days on this sector have similar patterns with the most highly activities ratios in day
4.

2 The activities ratios are decreasing along time interval (00:00-06:00).

3 The activities ratios are decreasing along interval time (06:00-20:00), where peak hours
(12:00 and 18:00), which are lunch time and after work time, respectively.

4 The activities ratios are decreasing along time interval (20:00-23:00).

5 The most active days in this sector could be ranked according to their activities ratios, in
descending order as 4, 11, 10, 8, 7, 15, 5, and 12. The days 5 and 12 are off days, but they
have remarkable activities ratios, where the lowest ratios are in the off days 13, 6, and 14
days.

Note: day 9 has an average activities ratios, in spite of it has loss of data over time interval
(00:00-15:00) on all over sectors.

Individuals Densities over Voronoi Diagrams
The densities in each Voronoi polygon could be represented [Ale14] according to 6 intervals
along day, hence any anomalous event could appear within its specified region and time interval.
The data are divided into six basic time intervals: P1(2:00-6:00), P2 (6:00-10:00), P3(10:00-
14:00), P4(14:00-18:00), P5(18:00-22:00), P6(22:00-23:00) and (0:00-2:00). This division is
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performed according to the general people life patterns intervals as sleep, wake up, go to work,
end of work, and entertainment hours. The P1 and P2 intervals have the lowest activities dens-
ities, it is normal because they are the the sleeping interval in the city, whereas other intervals
have the most active and varied activities densities. This variance gives a view perspective about
the wake up and sleep periods for the observed area.

This representation is performed using Gama-platform [Pat12a]. Only one day has been ana-
lyzed due to Gama limited resources compared with the observed data size. The densities are
computed and represented on each Voronoi polygon for all 6 intervals of day 10, the polygons
are colored to represent there densities independently, the blue color and its shades represent
the high activities, and the gray color represents the low activities as shown in figures 4.11 and
4.12 respectively.

(a) Voronoi polygons densities in Day10 interval 1 (b) Voronoi polygons densities in Day10 interval 2

(c) Voronoi polygons densities in Day10 interval 3 (d) Voronoi polygons densities in Day10 interval 4

Figure 4.11 – Voronoi polygons densities of day 10 intervals: P1, P2, P3, and P4. The blue color
and its shades represent the high acitivities, and the gray color represents the low activities
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(a) Voronoi polygons densities in Day10 interval 5 (b) Voronoi polygons densities in Day10 interval 6

Figure 4.12 – Voronoi polygons densities of day 10 intervals: P5 and P6. The blue color and its
shades represent the high acitivities, and the gray color represents the low activities

Conclusions
The spatio-temporal datasets, that are acquired from mobile phone data have huge size due
to the millions of subscribers, and it holds many events either anomalous or normal events
[Lin12, Luc13]. The normal events give a good reflection to the daily life pattern in the observed
area [Mic11, Rob15, Tho13].

The population urban analysis is a wide range area has a multi-disciplinary subject to obtain
density [Dar13], community detection, and crowd movements, spatial coordination. It is a ma-
jor improvement produced by the new technologies, since it guides to a lot of sciences like:
cities planning, smart cities, decision making, facing disasters, social networks analysis, dis-
eases spreading [Mic], ecosystems evolution, human attitudes, human body inter-relations, net-
works understanding, society cultural analysis... etc. So, the need to deal with both GIS and
huge data are emerged depending on the type of results that are needed, which have the type
of socio economic [V. 11], land use management [Jam12], urban planning or social networks
analysis [Fos13], with respect to the complexity property, which is the most effective face in
these networks [Raw09a, Arm10, Joh15]. Additionally, the anomalous events data are very
useful in detecting the disasters or catastrophes immediately (in real time) with the spatial and
temporal indications, so the evacuation, emergency reactions could be taken as soon as possible
according to any alarm.

The most remarkable result of the mobile phone database that we have used, is that all sectors all
over the observed period have peaks ranging between 10:00 Am-20:00 Pm, in fact this interval
is the Armada festival activities, and it is seen that the sectors could be arranged in descent order
according to their activities densities as center, south, north, west, and east, as well as the most
remarkable thing is the rank order related to the Seine river, as we move away from the river the
density of activities are descending.

Additionally, the GSM data have in general good synchronization, and then network analysis
techniques could be implemented on it [Lin12, Tho11b]. Therefore, individuals density and
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dens variance between several areas could be estimated in order to explore the tendency or the
orientation at these areas.
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Introduction
The digital environment development makes the scientists able to acquire more scientific, and
heterogeneous details about any case study (system model) [Mic12]. Understanding, modeling,
simulating the pedestrian behavior and movements (individuals mobility) among urban regions
is very challenging effort, since it is very important in rescue situations for many kinds of events,
either in the indoor events like evacuation of buildings, stadiums, theaters, ships, aircraft or
outdoor ones like public assemblies, open concerts, religious gatherings, community evacuation
...etc. [Nir08, Jam09].

The simulation is preferred to analyze any system instead of working on it in real life, since it is
easier, safer, cheaper to make all the experiments on the simulated model. The most important
and difficult issue in modeling and simulating any system is the determination of the probability
distribution and parameters, and hence to model the uncertainty of the system input variables.
However, the purpose of simulation analysis is to acquire and analyze the results in well con-
ceptual vision. In order to give high indications for decision makers the simulation is pivoting
on two events kinds, the discrete events, and the frequent (continuous) events [Sou14, Vin15].

As well as, the system data analysis could be performed in two levels [Geo12, Hei12]:

1 Individual level: The data of space, time or both of them are point to the individual items.

2 Collective (group) level: The data of aggregated space or aggregated time intervals or
both of them are point to the aggregated data items [Mar14b].

Additionally, from the system theory, it could be concluded that any system (ecological, phys-
ical, informational, or social) has items, and could be considered as a population of agents
(cities, humans ...etc.). They are interacted and affected each other, then affect the whole sys-
tem consequently, and consist the system environment. They could affect the outer world or
not, but the internal processes and relations inside the system certainly are affected by the out-
side world (feedback). All these aspects cause the system evolution during system lifetime at
a specific spatial in the world. However, the models complexity that are produced by the in-
teractive processes inside /outside the system environment, is ranging between the aggregated
level and the disaggregated level, which gives more effective description for the spatio-temporal
properties [Mic12].

This chapter is organized as in the following sections: The first section is the data set, which
explores the observed data in details, and presents the lack of information in this data. And,
it propose a compensation and estimation issues in order to solve the data incompleteness. As
well as, it presents the practical and technical limitations.

The next section is the describing individuals activities (Mesoscopic Perspective), it elaborates
the statistical techniques. And, the probability of inter-event time (∆T ) is computed. Then,
the fixed inter-event time observations section explores the main parameters used in this thesis,
which are: ∆t, the travel distance ∆r, and the radius of gyration rg. As well as, presents the
results and its algorithm to compute the probability distributions of activities and displacements
by inter-event times, and as in our contributions [Suh16c, Suh16f, Suh16b].
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The trajectories in intrinsic reference frame section explores the statistical models that are used
to reconstruct the human trajectories. This section is branched into three subsections as: indi-
vidual trajectory characteristics, trajectories within radius of gyration, and real and simulated
individual trajectory estimation (Microscopic Perspective). The first subsection presents the
general physical characteristics. Also, it elaborates the results and algorithm of computing the
radius of gyration for the observed data, as in our contribution [Suh16b, Suh16d, Suh16e].
Then, the second subsection explores the probability distribution and results of the trajectories
within radius of gyration, and as in our contribution [Suh16a]. The third subsection explores
the estimated individual trajectory in the Microscopic level, and presents its algorithm and the
produced results.

Then, the output section presents the modeling and simulation results of day 4 data according
to the previous mentioned parameters. Finally, the conclusions section endorses that the used
parameters are capable of investigating the human mobility patterns.

Data Set
The investigated data base of the Armada case study is composed of 51,958,652 CDRs (entry re-
cords) for 615,712 subscribers. It contains individuals occurrence in discrete (irrelevant) mode
only, means that any mobile individuals activity is recorded at start/end time, but there is a lack
(lost information), since it didn’t indicate the individuals occurrence during inactive case (mo-
bility without any mobile phone activity). There are no data, meanwhile the mobile phone is
idle, i.e. inactive or doesn’t make any communication activities neither calls nor SMS activities.
As well as, the available spatial data are only the towers (X, Y) coordinates, hence it would be
considered to estimate individual’s transitions from position to another (from tower to tower),
hence the positions would be determined approximately with regard to the tower coverage area
and its signal strength.

Also, the basic issue, which is used to compute individual speed wouldn’t be accurate, but rather
it is estimated, since it uses the distance between each two successive transition locations, that
are recorded on CDRs. Then, the traveled distance would be divided by the time difference of
each transition, to acquire the speed of individual’s mobility, as in equation (5.1).

EstimatedSpeed =
TraveledDistance

ElapsedT ime
(5.1)

The Traveled Distance is the displacement between two successive locations in the Elapsed
Time, which the time required to move from location to another. Because of the non-deterministic
and discrete nature of these data, and each individual could be disappeared for a while from the
DB records, which makes individual tracing is unworthy, without significant indications on
the individuals mobility in the city. Therefore the collective behavior would be the effective
approach to analyze and simulate them [V. 11].

Armada DB is a huge one, so it was difficult to manipulate the total observed data in compar-
ing with the limited laboratory resources, where each day has large records ranging between
2,715,077-5,661,428 records as shown in table 5.1.

63



Chapter 5. Simulation and Dynamics Reconstruction 64

Table 5.1 – Armada DB records are classified according to days.

Day4-15 records
Day 4 5,661,428
Day 5 4,223,202
Day 6 3,257,343
Day 7 5,007,466
Day 8 5,206,989
Day 9 2,715,077
Day10 5,227,176
Day11 5,291,250
Day12 4,155,966
Day13 3,531,929
Day14 3,221,719
Day15 4,459,119

Practical and Technical Limitations This research faced limitations and technical complex-
ity as in the following:

1 The enormous data size enforces the use of a remote server (virtual machine), which
needs RAM (30 GB) and processors (12 CPU), which represents the half resources of the
LITIS laboratory, even though it is not efficient enough.

2 Generating shape files via ArcGIS is halted when trying to convert big .csv files to .shp
(shape) files.

3 Matlab platform is used to manipulate data of each day independently, hence the manip-
ulation ranges between 21-45 hours for each day. However the numerous records enforce
to make some additional changes on Matlab environment, by using the ’-v7.3’ flag to save
MAT files over that 2GB threshold. As well as, coding improvements take an important
role to deal with this kind of treatment.

Describing Individuals Activities (Mesoscopic Perspective)
The mobile communications data have heterogeneous nature, since the individuals are varied
in their usage of the mobile phone, they are ranged between (rarely-frequently) usages during
observed period. The individuals are grouped according to their total activities (activities in the
following refer to the mobile phone events). The probability of waiting time (inter-event time
∆T ) of each consecutive activities has been computed for each individual, so the individuals
are grouped with regard to their activities. Figure 5.1 shows that the long waiting times are
characterizing the individuals of less activities. The distribution of the average inert-event time
∆T is estimated by equation (5.2).
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P (∆T ) = (∆T )exp−∆T (5.2)

Whereas, the power-law exponent ∆T is the average waiting time of the total population. In or-
der to formulate simplified models with their quantitative analysis parameters, hence computing
the probability function to get the system universal behavior (pattern) according to consecutive
inter-event time [Siq11, CS315]. The individuals (population) probabilities computations are
performed using the statistical techniques in following [Siq11, Ily13]:

1 Compute probability function to get the system universal behavior (pattern), this is done
according to consecutive inter-event time.

2 Compute probability density function (PDF) to get each agents sample probability [Sta15b].

Fixed Inter-Event Time Observations
The modeling and simulation process starts by computing the probability model, which is
modeled the data and simulate the responses of the model by using one of the well-known
functions, it is the PDF [Sou14, Vin15, Mar09].

The main used parameters in this research are the inter-event time ∆t, the travel distance ∆r
[Siq11], and the radius of gyration rg. The samples means of the distributions are drawn from
an exponential distribution. Then, compute the mean of all means. However, understand the
behavior of sample means from the exponential distribution, in order to have the universal
system pattern (general population law).

The computations are performed as in the following order and considerations:

1 Manipulate all the 12 observed days data (each day independently) for all individuals
(population) in spatio-temporal mode.

2 Eliminate the individuals of only one occurrence in the CDRs, since they didn’t have a
significant indication on the mobility.

3 Sort the data by time, in order to have the real sequence of positions transitions for the
individuals trajectories.

4 Classify the data according to individuals activities (sampling)[Cor13], this done by com-
puting the inter-event time ∆t, which is the time elapsed between each successive activit-
ies of each individual. It is ranged between 15−1440minutes, this assumption is pivoted
on the logical intuition, since the 15 minutes is the minimum time that can give mobility
indication, and the 1440 minutes (24 hours) is considered as the highest elapsed time to
travel inside the city.

5 Compute ∆Ta, which is the average inter-event time of all individuals (population).

6 Classify the minimun and maximum samples of the activities scores (activities densities).

7 Sort the samples of activities according to the inter-event time.
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8 Compute the inter-event time of all individuals ∆t and ∆Ta for each sample, where
4t/4Ta is the average inter-event time of the total population.

9 Compute exponential distribution probability for the total data, hence identify the univer-
sal population (general) pattern law.

The exponential distribution (probability distribution) as in equation (5.3) is capable of model-
ing the events happened randomly over time. In this case, it is able to describe the inter- event
time and the average of inter-event time of individuals activities using the Probability Density
Function PDF [CS315, Sta15a, Sou14, Mar09]. The cutoff distribution is defined by the max-
imum observed inter-event time, at which the individual can wait to make any mobile activities,
where it is4t = 1431 minutes.

f(x | µ) =
1

µ
e

−x
µ (5.3)

It is estimated according to algorithm 1 of the complexity O(n3 + 2n2 + n), which is imple-
mented with Matlab platform. Where the data matrix composed from 4 columns corresponds
to time (TimeCol), geographic coordinates (CoorCol_x and CoorCol_y), and the individual ID
(PersonCol) respectively. The results are explored as in the figures 5.1, 5.2, and 5.3 for the
total, work days, and off days periods respectively.

Figure 5.1 – Waiting time distribution p(4T ) of mobile activities, where4T is the spent time
between each two successive activities. The legend symbols are used to distinguish the indi-
viduals groups according to their activities ratio, and the curve of their mean (Daymoy) for the
total population during total period.
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Algorithm 1: Probability distributions of activities and displacements by inter-event times
_Part 1

Data: File of events sorted by time
Result: Activities and displacement distributions in inter-event time
data← (Rows, T imeCol);
data← (Rows,CoorColx);
data← (Rows,CoorColy);
data← (Rows, PersonCol);
UnrepeatedPersons← unique[data(PersonCol)]; // The unique function

returns data with no repetition based on PersonCol

L← size(UnrepeatedPersons); V al← data(1, P ersonCol);
debi← 1; Per ← 1;
while Per < L do

ExactPerson← data(debi, PersonCol);
ExactPersonRepition← size(find(data(:, P ersonCol) == ExactPerson));
while i<= debi do

idi = data(i, PersonCol);
debj ← i+ 1;
for j<=debj to size(data) do

idj ← data(j, PersonCol);
if idi=idj then

index← (index+ 1);
CptV ector ← CptV ector + 1;
∆t(index)← (data(j, T imeCol)− data(i, T imeCol));
P1← (data(j, CoorColx)− data(i, CoorColx)

2;
P2← (data(j, CoorColy)− data(i, CoorColy)

2;
∆r(index)← sqrt(P1 + P2);
D(CptV ector, 1)← (4r(index));
D(CptV ector, 2)← (4t(index);
debi← j;
i← debi;

end
end
break;

end
if (index+1)= ExactPersonRepition then

for k=1 to size(data) do
if data(k,PersonCol)=Val then

data(k, PersonCol)← 0 ; // Tagging treated data

end
end

end
Per ← (Per + 1);
S(Per, 1)← (

∑size(∆t)
i=1 (∆t)/size(∆t));

S(Per, 2)← size(∆t);
for n=1 to size(data) do

if data(n, PersonCol) 6= 0 then
debi← n;
V al← data(n, PersonCol);

end
end

end
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Algorithm 1: Probability distributions of activities and displacements by inter-event times
_Part 2
/* Remove the only one occurrence in data, where the ∼ isnan function

selects just non zero values */

for i=1 to size(S(:, 1)) do
if (∼ isnan(S(i, 1)))) then

T (i, 1) = S(i, 1);
T (i, 2) = S(i, 2);

end
end
S = T ;
c1← zeros ; c2← zeros;
c3← zeros; c4← zeros;
c5← zeros; c6← zeros;
r1← zeros; r2← zeros;
r3← zeros; r4← zeros;
r5← zeros; r6← zeros;
r7← zeros;
/* Classify S into activities samples according to ∆t */

for i=1 to size(S) do
if S(i, 2) > 5 then

c1(i) = S(i, 1);
end
if 50 > S(i, 2)≥ 5 then

c2(i) = S(i, 1);
end
if 100 > S(i, 2)≥ 50 then

c3(i) = S(i, 1);
end
if 500 > S(i, 2)≥ 100 then

c4(i) = S(i, 1);
end
if 1000 > S(i, 2) ≥ 500 then

c5(i) = S(i, 1);
end
if S(i, 2) ≥ 1000 then

c6(i) = S(i, 1);
end
end
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Algorithm 1: Probability distributions of activities and displacements by inter-event times
_Part 3
/* Classify D into samples according to 4r during time intervals */

for i=1 to size(D) do
if 21 ≤ D(i, 2) ≥ 19 then

r1(i) = D(i, 1);
end
if 41 ≤ D(i, 2) ≥ 39 then

r2(i) = D(i, 1);
end
if 59 ≤ D(i, 2) ≥ 61 then

r3(i) = D(i, 1);
end
if 119 ≤ D(i, 2) ≥ 121 then

r4(i) = D(i, 1);
end
if 239 ≤ D(i, 2) ≥ 241 then

r5(i) = D(i, 1);
end
if 479 ≤ D(i, 2) ≥ 481 then

r6(i) = D(i, 1);
end
if 1339 ≤ D(i, 2) ≥ 1341 then

r7(i) = D(i, 1);
end
end

/* Compute and draw the Exponential probability distribution using

makedit and expfit matlab functions */

PopT ← S(:, 1)./mean(S(:, 1);
PopR← D(:, 1)./mean(D(:, 1);
p(4t)← makedit(expfit(PopT ));
p(4r)← makedit(expfit(PopR));
Draw p(4t) distribution of activities using c1, c2, c3, c4, c5, c6 Samples;
Draw p(4r) distribution of traveled distances using r1, r2, r3, r4, r5, r6, r7 Samples;
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Figure 5.2 – Waiting time distribution p(4T ) of mobile activities, where4T is the spent time
between each two successive activities. The legend symbols are used to distinguish the indi-
viduals groups according to their activities ratio, and the curve of their mean (Daymoy) for the
total population during work days period.

Figure 5.3 – Waiting time distribution p(4T ) of mobile activities, where4T is the spent time
between each two successive activities. The legend symbols are used to distinguish the indi-
viduals groups according to their activities ratio, and the curve of their mean (Daymoy) for the
total population during off days period.

The displacement distribution p(4r) [Ale14] has been computed for the total individuals (pop-
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ulation) during the observed period. As in figures 5.4, 5.5, and 5.6 for the total, work days,
and off days period respectively. However, the 4r is the covered distance between each two
successive activities during time

Hence, the cutoff distribution is determined by the maximum observed distance at which the
individual can travel, where it is 4r = 7.32 × 104 m along day hours, since the maximum
time slice couldn’t exceed 24 hours with regard to the observed region. The consequence is the
p(4r) distributions for different4t follows truncated power law, as in equation (5.4).

P (4r) = (4r)exp−(4r) (5.4)

Figure 5.4 – Distance (displacement) distribution p(4r) for waiting times (Inter-event times).
The cutoff distribution is determined by the maximum distance traveled by individuals for spe-
cific inter-event-times during the total period.
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Figure 5.5 – Distance (displacement) distribution p(4r) for waiting times (Inter-event times).
The cutoff distribution is determined by the maximum distance traveled by individuals for spe-
cific inter-event-times during work days period.

Figure 5.6 – Distance (displacement) distribution p(4r) for waiting times (Inter-event times).
The cutoff distribution is determined by the maximum distance traveled by individuals for spe-
cific inter-event-times during off days period.

After all, the total days period obtained averages of the waiting time distribution areMAX∆t =
1431minute, andMIN∆t = 0minute, whereas of the displacement distribution areMAX∆r =
7.229515e+ 04 meter, and MIN∆r = 0 meter.
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Trajectories in Intrinsic Reference Frame
The significant importance of revealing human trajectories enforces the tendency to build the
statistical models. The human trajectories have random statistical patterns, hence the tracing of
human daily activities is the most challenging issue [Mar09]. In spite of data sources variance
(billing system, GSM, GPS), but the common characteristics are the aggregated jump size ∆r,
and waiting time ∆t distributions [Fos13]. Where, the ∆r gives an indication on the covered
distances by an individual during ∆t for each two consecutive activities, and the ∆t is the
time spent by an individual between each two consecutive activities [Cha10a]. The individual
trajectory (mobility) is considered as the microscopic level of mobility abstraction, which is
constituted of sequenced coordinates positions a long time i.e. the agent displacement in spatio-
temporal unit, as shown in figure 5.7 [Cor13, Chr13b, Xia10, Zah15].

Figure 5.7 – The individual trajectory composed of consecutive coordinate points [Cor13].

Individual Trajectory Characteristics
The mobile phone data are very heterogeneous, since the mobile users could be very active
(have so many calls/SMSs), or inactive (have few calls/SMSs), so sampling the individuals can
be pivoted on their activities number [Mar08].

The sparseness of individual activities causes incomplete spatial information, therefore the dy-
namic individual has some general physical characteristics, that can be used to compensate the
lack of data (when no mobile activity recorded) [Pu 09b]. They are useful to build a mathemat-
ical model of human mobility patterns, in order to verify the dynamic behavior and life patterns
using the most common mobility characteristics [Mar08]. The general physical characteristics
as follows [Far13, Chr13b, Mar09]:

1 Center of mass cm: It’s the most visited positions by individual, as in equations (5.5) and
(5.6).

xcm =
n∑
i=1

xi/n (5.5)

ycm =
n∑
i=1

yi/n (5.6)
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Where xi and yi are the coordinates of the spatial positions, n is the number of spatial
positions, that are recorded in the CDRs.

2 Radius of Gyration rg: It is the average of all individual positions, it determines visited
area by the individual (the traveled distances during a time period). In this research the
distribution of rg uncovers the population heterogeneity, where individuals traveled in
p(rg) in (long/short) distances regularly within rg(t), it is formulated in equation (5.7)
[Jam09].

rag(t) =

√√√√ 1

nac(t)

nac∑
i=1

(
−→
rai −

−→
racm)2 (5.7)

Where
−→
rai refers to i = 1, ...., nac(t) positions recorded for individual a, and

−→
racm = 1/nac(t)

∑nac
i=1

−→
rai , which refers to the center of mass of the individual trajectory

[Sah14, Sah13]. The algorithm 2 computes the radius of gyration distribution, with a
complexity of O(n2 +4n), it is implemented using Matlab platform. Where the data mat-
rix composed from 4 columns corresponds to time (TimeCol), geographic coordinates
(CoorCol_x and CoorCol_y), and the individual ID (PersonCol) respectively.

The resulted power law distribution of gyration radius is formulated in equation (5.8),
and the results are explored as in figures 5.8, 5.9, and 5.10 for total days, work days, and
off days period respectively. The p(rg) distribution investigates the aggregated traveled
distances.

In figure 5.8 the p(rg) is computed for total individuals (population) along total observed
period hours series. This classifies the rgs evolution along the time series, the figure
shows the rgs variance along time and the approximate similarity in their patterns, also
the highest rgs are the small once range between [5; 20] Km, while the range between
[25; 30]Km are the lowest once. It indicates that the individuals have a tendency to travel
in small rgs and in stable patterns along total period.

The rgs distributions are computed for the total days, work days, and off days period
respectively as shown in figures 5.8, 5.9, and 5.10, it is clear that rgs could be aggregated
in 3 main ranges ranked orderly the 10 ≤ rg ≤ 15, rg ≤ 3, and 20 ≤ rg ≤ 30. The rgs
evolution over time rg(t) is the same for all classes of time series during all periods(total,
work, and off) days period. Generally, the individuals have high tendency to travel within
10 ≤ rg ≤ 15. The rgs are evolved in same patterns during all verified pariod classes,
also they are stable and ranked orderely as mentioned ealier.

P (rg) = (rg)exp
−(rg) (5.8)
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Algorithm 2: Probability distribution for the radius of gyration _Part 1.
Data: File of events sorted by time
Result: Radius of gyration distribution
data← (Rows, T imeCol, CoorColx, CoorColy, P ersonCol);
V al← data(1, P ersonCol);
debi← 1;
ExactPerson← data(debi, PersonCol);
Per ← 1;
Counter ← 0;
UnrepeatedPersons← unique[data(PersonCol)]; // The unique function

returns data with no repetition based on PersonCol

L← size(UnrepeatedPersons);
for i<=debi to L do

ExactPersonRepition← size(find(data(:, P ersonCol) == ExactPerson));
// Count individual occurrence

idi← data(i, PersonCol);
debj ← i+ 1 ; index← index+ 1;
XY (index, 1)← data(i, CoorColx);
XY (index, 2)← data(i, CoorColy);
for j<=debj to size(data) do

idj ← data(j, PersonCol);
if idi=idj then

index← index+ 1;
XY (index, 1)← data(j, CoorColx);
XY (index, 2)← data(j, CoorColy);
P1← (data(j, CoorColx)− data(i, CoorColx)

2;
P2← (data(j, CoorColy)− data(i, CoorColy)

2;
XY (index, 3)← sqrt((P1)2 + (P2)2);
XY (index, 4)← data(j, T imeCol);
debi← j ;

end
end

end
/* Tagging treated individuals */

if index >= ExactPersonRepition then
for k=1 to size(data) do

if data(k, PersonCol )= Val then
data(k, PersonCol)←= 0 ;

end
end

end
Per ← (Per + 1);
Xcm ← (mean(XY (:, 1));
Ycm ← (mean(XY (:, 2));
N ← size(XY (:, 1));
Sum← 0;
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Algorithm 2: Probability distribution for the radius of gyration_Part 2.
for i=1 to N do

Sum← Sum+ ((XY (:, 1)− xcm)2 + (XY (:, 2)− ycm)2));
Rg(Counter, 1)← sqrt(Sum/N);
Counter ← Counter + 1;
Rg(Counter, 2)← idi;
Rg(Counter, 3)← Sum(XY (:, 3))/n;

end
for n=1 to size(data) do

if data(n, PersonCol) 6= 0 then
debi← n;
V al← data(n, PersonCol);

end
end
dRg ← 0;
dRg ← Rg(:, 3)./Rg(:, 1);
c1← 0;
c2← 0;
c3← 0;
cp1← 1;
cp2← 1;
cp3← 1;
for i=1 to size(Rg(:, 1)) do

if Rg(i) < 10 then
c1(cp1) = Rg(i);
cp1(cp1) = cp1 + 1;

end
if 10 6 Rg(i) ≤ 20 then

c2(cp2) = Rg(i);
cp21(cp2) = cp2 + 1;

end
if Rg(i) > 20 then

c3(cp3) = Rg(i);
cp3(cp3) = cp3 + 1;

end
end

/* Classify rgs into samples using c1, c2, c3 and compute p(rg) distribution

of radius of gyration using makedit and expfit matlab functions */

p(rg)← makedit(expfit(Rg(:, 1)));
Draw p(rg) distribution using c1, c2, c3 Samples;
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Figure 5.8 – The Rg distribution based on time series with loglog during total observed period.

Figure 5.9 – The Rg distribution based on time series with loglog during work days period.
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Figure 5.10 – The Rg distribution based on time series with loglog during off days period.

3 Most frequent positions to uncover the individual tendency, according to visited locations.

4 Principal axes θ (moment of inertia): This technique permits to study the individuals tra-
jectories in a common reference frame by diagonalizing each of trajectory inertia tensor,
hence compare their different trajectories. Moment of inertia to any object is obtained
from the average spread of object mass from a given axis. This could be elaborated using
two dimensional matrix called tensor of inertia. Then, using the standard physical for-
mula to obtain the inertia tensor of individual trajectories, as in the following equations
(5.9)- (5.19) respectively:

I =

(
Ixx Ixy
Iyx Iyy

)
(5.9)

Ixx =
n∑
i=1

y2
i (5.10)

Iyy =
n∑
i=1

x2
i (5.11)

Ixy = Iyx = −
n∑
i=1

xiyi (5.12)

The tensor I is symmetric, so it would give a set of coordinates that make I be diagonal,
these coordinates are called tensor principle axes (ê1, ê2) , this set of coordinates formu-
late I as in the following equation (5.13):
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ID =

(
I1 0
0 I2

)
(5.13)

Where, I1 and I2 are the principal moments of inertia, and they are match the eigenvalues
of I. However, they can be computed from the original points as in the following equations
(5.14), (5.15), and (5.16):

I1 =
1

2
(Ixx + Iyy)−

1

2
µ (5.14)

I2 =
1

2
(Ixx + Iyy)−

1

2
µ (5.15)

µ =
√

4IxyIyx + I2
xx − 2IxxIyy + I2

yy (5.16)

Where, the individual trajectory as follows: (x1, y1), (x2, y2), ...., (xn, yn), where n = is
the number of positions passed by the individual.

The principal axes (symmetric try axes of a trajectory) (ê1, ê2) are obtained from the
eigenvectors. Then the individual trajectory rotation could be obtained by transforming
principle axes of the individual (ê1, ê2) to common intrinsic reference frame (êx, êy).
Then, computing the angle between êx and ê1 would be as in equation (5.17):

cos(θ) =
−→v1 .êx
|v1|

(5.17)

Where, v1 represents eigenvector, which is related to the eigenvalue I1 as in equation
(5.18).

−→v1 =

[
− Ixy

1/2Ixx−1/2Iyy+1/2µ

1

]
(5.18)

obtaining the equation (5.19).

cos(θ) = −Ixy(1/2Ixx − 1/2Iyy + 1/2Iµ)−1 1√
1 +

I2xy
(1/2Ixx−1/2Iyy+1/2Iµ)2

(5.19)

Rotation by θ produced a conditional rotation of 180 ◦ as the most frequent position lies
in x>0.

5 Standard Deviation: Verify the horizontal and vertical coordinates of individual mobility
in the intrinsic reference frame. However, trajectories are scaled on intrinsic axes using
standard deviation of the locations for each individual a, as in equations (5.20), (5.21),
and (5.22).
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σax =

√√√√ 1

nac

nac∑
i=1

(xai − xacm)2 (5.20)

σay =

√√√√ 1

nac

nac∑
i=1

(yai − yacm)2 (5.21)

Then, obtain the universal density function using equation (5.22). Using the spatial
density function is to aggregate the individuals with the common rgs

Φ̃ = (x/σx, y/σy) (5.22)

The potential trajectories of the individuals have been explored to visualize and analyze the
mobility of 3 unique individuals along the period of the total 12 observed days.

These individuals are chosen according to their pertinence of rg, where each one is elected
randomly from unique rg sample, then the potential trajectories of the individuals user1, user2

, user3 are chosen from rg2 where rg=2Km, rg9 where rg=9Km, and rg15 where rg=15Km
respectively. They are computed and simulated as in the following figures 5.11, 5.12, and
5.13 for total period, work days period, and off days period respectively.

Afterwards, the choosing of individuals from different classified groups with regard to their
radius of gyration, then the trajectories would be rescaled for these individuals according to the
physical mobility characteristics mentioned above.
It’s concluded that even in the microscopic level of abstraction the individuals trajectories are
related to their rg for any period class. Whereas, the trajectories shapes of work days period
are variant from that of the off days period, and the patterns of work period are more isotropic,
whereas that of the off days period are less isotropic. So, the individuals have the same tendency
of the population, as concluded in previous sections of the population trajectories. Also, it is
clear that the individuals are travel in many short trajectories during work days, but they are
travel in long trajectories during off days within large rg.

The frequent positions show that individuals have regular pattern, since they are so related to
some places my be the home/work places, and they return to some positions regularly. As well
as, the trajectories are stable in the middle rgs , but variant in the large and small ones.
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(a) Individual user1 chosen from rg2 (b) Individual user1 chosen from rg2

(c) Individual user2 chosen from rg9 (d) Individual user2 chosen from rg9

(e) Individual user3 chosen from rg15 (f) Individual user3 chosen from rg15

Figure 5.11 – Estimated individuals trajectories within intrinsic reference frame in microscopic
perspective level during the total days with red circle refers to the most frequent position: a:
Individual trajectory chosen from rg5 , b: Individual scaled trajectory chosen from rg5 , c: Indi-
vidual trajectory chosen from rg15 , d: Individual scaled trajectory chosen from rg15 , e: Individual
trajectory chosen from rg25 , f: Individual scaled trajectory chosen from rg25 .
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(a) Individual user1 chosen from rg2 (b) Individual user1 chosen from rg2

(c) Individual user2 chosen from rg9 (d) Individual user2 chosen from rg9

(e) Individual user3 chosen from rg15 (f) Individual user3 chosen from rg15

Figure 5.12 – Estimated individuals trajectories within intrinsic reference frame in microscopic
perspective level duringwork days with red circle refers to most frequent position: a: Individual
trajectory chosen from rg5 , b: Individual scaled trajectory chosen from rg5 , c: Individual traject-
ory chosen from rg14 , d: Individual scaled trajectory chosen from rg14 , e: Individual trajectory
chosen from rg24 , f: Individual scaled trajectory chosen from rg24 .
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(a) Individual user1 chosen from rg2 (b) Individual user1 chosen from rg2

(c) Individual user2 chosen from rg9 (d) Individual user2 chosen from rg9

(e) Individual user3 chosen from rg15 (f) Individual user3 chosen from rg15

Figure 5.13 – Estimated individuals trajectories within intrinsic reference frame in microscopic
perspective level during off days with red circle refers to most frequent position: a: Individual
trajectory chosen from rg4 , b: individual scaled trajectory chosen from rg4 , c: Individual traject-
ory chosen from rg16 , d: Individual scaled trajectory chosen from rg16 , e: Individual trajectory
chosen from rg25 , f: Individual scaled trajectory chosen from rg25 .
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Trajectories within Radius of Gyration
The radius of gyration (rg) is considered to be the most dedicated feature that is capable of char-
acterizing the periodic trajectories of individuals [Sah14, Sah13]. However, the travel distance
distributions showed that ∆rs of individuals are almost identical, so they are invariant. As well
as, the activities distributions are uncovered the similarities of regular patterns, during the time
evolution of radius of gyration (rg).

The experiments revealed the possibility of classifying individuals activities into some patterns
samples [Cor13]. Almost individuals have similar activities patterns, and these activities in
general could be varied depending on the days either working or off days. The individuals
are sampled according to their relevance rg(t), where each group has similar patterns (similar
asymptotic). So, the distribution p(∆r|rg) is computed as shown in figure 5.14, where the
p(∆r|rg) is presented in function of ∆r. The distribution is computed for the total individuals
during total, work, and off days period. It’s clear that individuals of small rgs have short ∆r,
on the other hand individuals of large rgs have mix of short and long ∆rs. Therefore, it could
be said that rg and ∆r are correlated to each other, and capable of giving impressive view of
individuals mobility patterns. This distribution shows that the individuals are traveling in ∆rs
that are bounded by their rg, the short distances are included within small rgs . However, the
large rgs have the mix of short and long ∆rs, which give them the heterogeneity property.

As well as, the PDF of each p(∆r|rg) is verified for each sample for individuals travel within
the rgs , as shown in figure 5.15, also its probability distribution is modeled by the equation
(5.23). The individuals are sampled using PDF, this sampling is achieved according to their
bounded rg. It is performed for the total days, work days, and off days period. Hence, it is clear
that the small rg is the most prevalent pattern for all period classes (total, work, off). Whereas,
in off days period there is some change where the 10 ≤ rg ≤ 15 is increased a little bit, which
means the individuals change their regular patterns during off days and vacations. However, the
short ∆rs still the dominant pattern, whenever small (rg) are get close to value zero, hence the
pattern get to be irregular.

P (∆r|rg) = (∆r|rg)exp−(∆r|rg) (5.23)
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(a) rg(t) during total observed period

(b) rg(t) during work days observed period

(c) rg(t) during off days observed period

Figure 5.14 – Distribution of gyration radius in function of time series rg(t) for all individuals,
the rgs evolution sampled in 3 main groups as in the figure legend, the measuring units for time
unit is hours and for rgs unit is Km, a: The rg(t) during total observed period, b: The rg(t)
during work days observed period, c: The rg(t) during off days observed period.
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(a) p(∆r|rg) during total observed period

(b) p(∆r|rg) during work days observed period

(c) p(∆r|rg) during off days observed period

Figure 5.15 – Radius of gyration distribution p(∆r|rg) in function of (∆r) for the individuals
travel distances that bounded by their relevant rgs , the small rg bounded short travel distances
∆rs and the bigger ones have mix of short and long ∆rs, also small and medium rgs are the
dominant in the three periods, a: p(∆r|rg) during total observed period, b: p(∆r|rg) during
work days observed period, c: p(∆r|rg) during off days observed period.
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(a) pdf(∆r|rg) during total observed period

(b) pdf(∆r|rg) during work days period

(c) pdf(∆r|rg) during off days period

Figure 5.16 – The PDF of individuals in function of their travel distances within relevant rgs ,
that classifies the individuals samples, a: PDF of individuals travel distances within relevant rgs
during total observed period, b: PDF of individuals travel distances within relevant rgs during
work days observed period, c: PDF of individuals travel distances within relevant rgs during
off days observed period.
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Real and Simulated Individual Trajectory Estimation (Microscopic Per-
spective)

The CDRs data of each individual have many lack of data followed a bursty pattern, since the
recorded data are not continuous instead it is discrete (irrelevant locations), because it is limited
by the individual activities (just when makes mobile phone activity), whenever a mobile phone
is inactive there is no data, hence this would produce an irregular activities pattern.

Hence, this lack of data need some estimations to compensate them, the individual trajectory has
time- invariant properties, however the trajectories estimations need to be computed according
to common individual mobility characteristics,as mentioned earliear.
The algorithm 3 is to compute an individual trajectory, with complexityO(n), it is implemented
using Gama-Platform. The figures 5.17, 5.18 are to simulate one individual trajectories during
the 12 days. Hence, his dynamic behavior could be explored from the variance between his
trajectories of each day independently, notice that day 9 has lack of data so his trajectory was
incomplete and very limited. Whereas, his trajectory patterns of other days are approximately
similar, and restricted to specific regions.

Algorithm 3: Real and estimated individual trajectory.
Data: Shape File of Individuals Sorted by Time
Result: Real and Estimated Individual Trajectory
ReadData← Shapefile;
AgentAttrib← (time, position(x, y), personID);
Create← AgentSpecies(personID);
AgentAttrib← Sort(AgentAttribT ime);
while not eof(File) do

PointsList← position(x, y);
TimeList← time;
for j=1 to eof(PointsList) do

if PointsList(i+ 1) 6= PointsList(i) then
Distance← PointsList(i+ 1)− PointsList(i);
TimeDiff ← TimeList(i+ 1)− TimeList(i);

end
Speed← Distance/T imeDiff ;
Trajectory ← Trajectory + PointsList(i);

end
Draw (Trajectory);

end
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(a) Alias519 potential trajectory for day 4 (b) Alias519 potential trajectory for day 5

(c) Alias519 potential trajectory for day 6 (d) Alias519 potential trajectory for day 7

(e) Alias519 potential trajectory for day 8 (f) Alias519 potential trajectory for day 9

Figure 5.17 – Alias519 potential trajectory for total period (12 days).
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(a) Alias519 potential trajectory for day 10 (b) Alias519 potential trajectory for day 11

(c) Alias519 potential trajectory for day 12 (d) Alias519 potential trajectory for day 13

(e) Alias519 potential trajectory for day 14 (f) Alias519 potential trajectory for day 15

Figure 5.18 – Alias519 potential trajectory for total period (12 days).

Output
The general distributions of activities and displacements during inter-event time are estimated
for all the observed days period. As well as, there are other distributions, which are obtained
for each day, The results of Day 4 are represented, the distributions and histograms are explored
for Day 4 figures 5.19- 5.29, whereas the other days results are placed in the Appendix A of
figures.
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Figure 5.19 – Day 4 activities histogram.

Figure 5.20 – Day 4 activities by inter-event time.

91



Chapter 5. Simulation and Dynamics Reconstruction 92

Figure 5.21 – Day 4 activities in average time histogram.

Figure 5.22 – Day 4 activities in average inter-event time.
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Figure 5.23 – Day 4 distances histogram.

Figure 5.24 – Day 4 traveled distances by inter-event time.
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Figure 5.25 – Day 4 radius of gyration histogram.

Figure 5.26 – Day 4 probability distribution for the radius of gyration.
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Figure 5.27 – Day 4 probability distribution for the radius of gyration based on time.

Figure 5.28 – Day 4 probability density function of individual travel distances.
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Figure 5.29 – Day 4 probability distribution of4r|4g.

Conclusions
The simulation aims to study and build the models in order to mimic the real system or any
real-life phenomena either existing or contemplated inception one. The aim of this study is to
explore the characteristics of human mobility, eventual real effects conditions, and actions of
the specified system. This is achieved by modeling them mathematically.

This research aimed to understand human mobility using the CDRs. The investigation endorsed
that mobile phone activities can reflects individuals density, also could act as a feature of group-
ing the total number of mobile network users, hence each group will have its own feature. the
individuals density and dense variance between the sub-areas could be estimated in order to ex-
plore the tendency or the orientation of individuals in these areas, but almost in a static manner.

As well as, it is concluded that the most common parameters of modeling human mobility
(inter-event time ∆t, travel distance (displacement) ∆r, and radius of gyration rg) are repres-
ented by the power-law distribution, whereas, the most of real systems are almost followed an
exponential distribution. These parameters can reveal mobility patterns of the evolved popula-
tion. Also, this study confirmed that radius of gyration (rg) is the most common quantity, which
is associated with human mobility trajectories, due to its capability in measuring the how far
the mass from the center of mass [Sah13].

The rg gradually increases at the beginning, but it settles down versus time. It has a key effect
on the travel distance distributions. The traveled distance distributions are collapsed or over-

96



Chapter 5. Simulation and Dynamics Reconstruction 97

lapped for groups, however the rg is considered to be a more dedicated feature that capable
of characterizing the travel distances (∆rs) of individuals. The distributions showed that the
individuals travel activities are almost identical, where the periodic trajectories are invariant.
As well as, the activities distributions are uncovered the regular patterns and dynamic behaviors
similarities during the time evolution of rg. The experiments analyzed the relationships among
the rg, ∆r and the rcm, the experiments showed that almost individuals have similar activities,
but these activities in general are classified into two variant types, which are: working days and
holiday days.
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Conclusions and Perspectives
The human mobility and communication networks draw the attention of the scientists in recent
decades, where the studies are accomplished to understand the individuals mobility and analyze
their life patterns via the communication data [Mar14b]. However, the common data were
collected from the transportation surveys of long term mobility data, then it is sought-after for
another efficient automatic datasets systems such as the CDRs [Tho11a, Zbi13, Ric09].

Nevertheless, using CDRs as an effective material in these studies have several problems such
as the mass size of these data, so they need sampling [Tho11b, Cor13] and accurate manipu-
lations to preserve their accuracy, and avoid any misuse or misunderstanding of their reality,
by other hand the geographical representation of these datasets is difficult, because of the hard-
ware/software limitations that could be encountered during the processing operations. How-
ever, CDRs datasets overcome the acquisition problems (financially/ time consuming), but their
projection/ trajectories tracing still time consuming [Tho11a, Dar13, Mar13]. As well as, the
privacy problem, since the information of the mobile network subscribers will be vulnerable,
therefore it is anonymized (hidden) to protect the subscribers’ privacy [San12].

Essentially, there are two data types, the communication data such as mobile phone data, and
the communication independent data (Itinerancy data). The mobile phone datasets considered
as the most powerful media to analyze and discover the human mobility either individually or
collectively (rally) [Jul08a, Alb11]. This makes the mobile phone data are the highly elected
tools to uncover and understand the human life patterns, as well as the anomalous events to the
investigated data [Tho11a].

The communication activities (events density) are considered as individuals density. They char-
acterize the observed population by grouping the total number of mobile network users, and
each group will have its own feature. Nevertheless, the individuals density and dense variance
among several observed regions could be calculated, in order to explore the tendency or the
orientation of individuals in these regions, but almost in static manner.

The results of this research show that the inter-event time between each two successive activ-
ities has bursty pattern, since there is long period without activities, this gives an indication
about the population heterogeneity. Also, the human trajectories follow a power-law distribu-
tion of travel distance (step size), and they are modeled using the displacements and waiting
time distributions.
As well as, the mobility patterns are shown that there are many short distances in contrast to the
few long distances. The mobile phone data is used to reconstruct the individuals trajectories.
However, the patterns of all days are very similar, and they have approximately identical curves
of spatio-temporal features.
In this research the mobility patterns are classified with regard to the work or off days for
more understandings of the life patterns. Whereas, the radius of gyration would be considered
as a significant modelling parameter to give the model more reality with focusing on patterns
regularity features.

The radius of gyration is computed for all individuals to estimate the mobility patterns, which is
followed the power-law, in this case it is endorses the research [4]. This law gives the indication
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of population heterogeneity, which characterized the patterns of the individuals trajectories. It
is explored that there is a variance in individual mobility patterns, as well as the individuals
trajectories are bounded by their radius of gyration, which is the most common quantity, which
is associated with human mobility trajectories, due to its capability in measuring the how far
the mass from the center of mass. It is appeared that gradually increases at the beginning, but it
settles down versus time. It has a key effect on the travel distance distributions.

The traveled distance distributions are collapsed or overlapped for groups, however the radius
of gyration is considered to be a more dedicated feature that capable of characterizing the travel
distances of individuals.
The distributions showed that the individuals travel activities are almost identical, here the peri-
odic trajectories are invariant, as well as the sedentary individuals have small radius of gyration
, in opposite to the mobile individuals which have large radius of gyration.
These parameters can reveal life patterns of the evolved (dynamic) population, hence the dy-
namic perspectives of the population would be almost reflected. Also, the activities distributions
are uncovered the regular patterns and behaviors similarities during the radius of gyration evol-
ution in time.
The experiments analyzed the relationships between the activities during inter-event time, radius
of gyration, and travel distance, and shows that all individuals have almost similar activities and
grouped in common relevant. However, they can be classified generally into two variant classes,
which are: working days and off (holiday) days.

It is recommended that further research be undertaken as future perspectives as in the following
suggestions, perform more detailed mobility analyzing by extracting new parameters to find
individuals behavior, use more statistical techniques to construct social networks via CDRs,
analyze more CDRs data for the same region, but in other times (the region without Armada
event), then after, compare the two cases studies to elaborate Armada effects on the city, make
more analysis to find the hotspot regions (dens) in order to find the most attractive regions,
develop more techniques to manipulate the big data (CDRs) in order to find and achieve more
flexible tools for data analysis, compute city rhythm using the average displacements and av-
erage inter- event time, and the individual trajectory could be elaborated more to obtain his
behaviour deeply, since human mobility open the door in front of human behavior.
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This appendix have modeling and simulating results, which are about the waiting time, travel
distance, and radius of gyration distributions. They are selected for some particular days. Ac-
cording to the previous classification in chapter 5, hence the days are in two main classes the
work days and off days. The selection is pivoted on the highest and lowest activities of each
class of observed days. Where, the day 5 and day 7 represent the highest activities number
of the work and off days respectively. Whereas, the day 14 and day 15 represent the lowest
activities number of the off and work days respectively. The results are in the following figures.

Figure B.1 – Day 5 activities histogram.
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Figure B.2 – Day 5 activities by inter-event time.

Figure B.3 – Day 5 activities in average time histogram.
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Figure B.4 – Day 5 activities by average inter-event time.

Figure B.5 – Day 5 distances histogram.
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Figure B.6 – Day 5 traveled distances by inter-event time.

Figure B.7 – Day 5 radius of gyration histogram.
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Figure B.8 – Day 5 probability distribution for the radius of gyration.

Figure B.9 – Day 5 probability distribution for the radius of gyration based on time.
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Figure B.10 – Day 5 probability density function of individual travel distances.

Figure B.11 – Day 5 probability distribution of4r|4g.
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Figure B.12 – Day 7 activities histogram.

Figure B.13 – Day 7 activities by inter-event time.
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Figure B.14 – Day 7 activities in average time histogram.

Figure B.15 – Day 7 activities in average time.
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Figure B.16 – Day 7 distances histogram.

Figure B.17 – Day 7 traveled distances by inter-event time.
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Figure B.18 – Day 7 radius of gyration histogram.

Figure B.19 – Day 7 probability distribution for the radius of gyration.
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Figure B.20 – Day 7 probability distribution for the radius of gyration based on time.

Figure B.21 – Day 7 probability density function of individual travel distances.
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Figure B.22 – Day 7 probability distribution of4r|4g.

Figure B.23 – Day 14 activities histogram.
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Figure B.24 – Day 14 activities by inter-event time.

Figure B.25 – Day 14 activities in average time histogram.
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Figure B.26 – Day 14 activities in average time.

Figure B.27 – Day 14 distances histogram.
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Figure B.28 – Day 14 traveled distances by inter-event time.

Figure B.29 – Day 14 radius of gyration histogram.
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Figure B.30 – Day 14 probability distribution for the radius of gyration.

Figure B.31 – Day 14 probability distribution for the radius of gyration based on time.
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Figure B.32 – Day 14 probability density function of individual travel distances.

Figure B.33 – Day 14 probability distribution of4r|4g.
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Figure B.34 – Day 15 activities histogram.

Figure B.35 – Day 15 activities by inter-event time.
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Figure B.36 – Day 15 activities in average time histogram.

Figure B.37 – Day 15 activities in average time.
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Figure B.38 – Day 15 distances histogram.

Figure B.39 – Day 15 traveled distances by inter-event time.
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Figure B.40 – Day 15 probability distribution of radius of gyration histogram.

Figure B.41 – Day 15 probability distribution of radius of gyration.
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Figure B.42 – Day 15 probability distribution for the radius of gyration based on time.

Figure B.43 – Day 15 probability density function of individual travel distances.
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Figure B.44 – Day 15 probability distribution of4r|4g.
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