">
UNIVERSIDAD NACIONAL DE COLOMBIA

A Criteria based Function for
Reconstructing Low-Sampling
Trajectories as a Tool for Analytics

Edison Camilo Ospina Alvarez

Universidad Nacional de Colombia
Facultad de Minas
Escuelade la Computacion y la Decision
Medellin, Colombia
2014






A Criteria based Function for
Reconstructing Low-Sampling
Trajectories as a Tool for Analytics.

Edison Camilo Ospina Alvarez

A thesissubmitted in partial fulfilmenof the requirements for the degree of
Msc.in Systems Engineering

Director:
PhD. Francisco Javier Moreno Arboleda

Universidad Nacional de Colombia
Facultad de Minas
Escuelade la Computacion y la Decisiéon
Medellin, Colombia
2014






ACKNOWLEDGMENTS

| wish to express my earnest gratefulnesdPh®. Francisco Moreno for guiding me towards
achieving my M.S. degrekle was exceptional menttw me.l thank for guide me in the initial idea
for the understanding of the social networks and the physical world thritngg concepts of
trajectories.This thesis only addresses a special issue present in thightafievant to expandn

future studies.

| also wish to express my gratitutieth the PhD. Francisco Moreno and PhD. Jaime GuZaran
theachievements of this thesisthecongresesof 13TH INTERNATIONAL CONFERENCE OF
NUMERICAL ANALYSIS AND APPLIED MATHEMATICS in Rhodes, Greeg¢he SEVENTH
INTERNATIONAL CONFERENCE ON ADVANCED &EOGRAPHIC INFORMATION
SYSTEMS, APPLICATIONS, AND SERVICESN Lisbon, Portugaland thdNTERNATIONAL
CONFERENCE ON COMPUTATIONAL SCIENCHE Reykjavik, Iceland

My parents, brotheraind friends have been a tremendous support to me all along mptddies.
Without their encouragement and understanding this work would not have been possible.
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Abstract

Mobile applications equipped with Global Positioning Systems have generated a huge quantity
of location data with sampling uncertainty timatistbe handled and analyzed. Those location
data can be ordered in time to represent trajectories of moving objects. The data warehouse
approach based on spatemporal data can help on this task. For this reasorgddeesshe

problem of personalized recstnuction of lowsamplingtrajectories based on criter@ver a
graphfor including criteria of movement as a dimension in ettary data warehouse solution

to cary out analytical taskover moving objects and the environment where they move.

KeyWords: Personalized Routing, Graph Theory, Imputation prodasggctory Data
Warehouse, Low sampling trajectories, Criteria based Trajectory Reconstruction.
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1 A Criteria basedrunction for Reconstructing Lo®ampling Trajetories as a Tool for Analytics

INTRODUCTION

The easy acquisition and spreading of devices with incorporated GPS have highlighted the active
use of location based services. Thapplications and devices atkaracterized by the delivering of
location data which ordered in time represent trajectories. Trajectories provide information to
understand moving objects and the space where they move. Research and computer technologies for
processing, retrievingnd extracting knowledge from those trajectories are needed.

Although, some GPS systems can log the movement in a high sampling rate, others log the data in a
low sampling rate describing the movement poorly and generating unterihis is because of

issues such as privacy (people do not share their location every time), energy saving, or simply,
because the location based application only delivers location when a user arrives a place, e.g., the
checkin in Foursquare and the @éagged photos in Flicker. As a result, the trajectonyst be

reconstructed to know how the movement was between no locktaravailability.

This thesis deals with the reconstruction problem of low sampling trajectories in a network restrained
environment. From the premise that each moving object has a lot of possibilities for moving in a
road network (because of theads complexity), a reconstruction operasoprovidedconsidering

the pasible criteria that an object follows whemibves and thanderlying road network where the
movement occurs. The criteria based reconstruction addressed here argues that a user deals with a
path selection problem: shortest distance is not always the criterion for moving in a city. Time,

simplicity of the roadand touristic criteria are also considered by the user.

The goal of reconstruction is imputethe movement between two location poitatgieal with the
uncertainty. The reconstruction transforms f#fAraw ¢traje
subsequenanalysis. Because of the criterion of movement change, the resulting reconstructed
trajectories can be different ariderefore, the analysis derived from those reconstructed trajectories

can also change. For that reason, we explore the change in thgisanaing approaches of data
warehouse specialized in the management of spatiotemporal data to understand the reconstruction

of trajectories based on criteria.

In the following paragraphs, each chapter that make up this thesis are sketched out pnghtissr

is summed up.
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Ch a p t eStatertent offthe Research ProblénStates the research problem addressed by this
thesis. The research question including specific research questions are also explained using a
motivating example. The general and spea@fifectives are enunciated. A basic motivation for the

research is also depicted and the scope of the research work is stated.

Ch a pt e PersahalizediiTrajectory Reconstruction Problem with leampling datai A
reviewd Describes the state of art of ttopics related to the development of this thesis. The related
research works considered here includes topics sucRasing/Route Planning, Lesampling
trajectories, Data warehouse, Trajectory Data warehouse, Trajectory reconstruction.

Ch a pt eTrajecBry Rdtonstruction using criteria based routing over a Graptescribes the
solution related to the operator to reconstruct trajectories. Using a formal approach, a function is
formulated and developed. The graph theory, route planning theadytrajectory concepts are
carefully included to accomplish the goals of the function. The delimitation of the scope of the

solution proposed is also stated.

Ch a p t dJsingLiriteridi Reconstruction of Lows ampl i ng trajectories as
extends the solution proposed in Chapter 3, for including criteria of movement as a dimension of
analysis in a trajectory data warehouse solution to enhance the analytics using dimensional

modelling and graphical analysis.

Chapter 5. i Te ¢c hni c a ldesciibest thetet¢hsioal documentation tprovide a more
comprehensive understanding of the solution. It also pretends to provide the technical details to

replicate the executed experiments and examples.

Both, the conclusions and the main contributionshi overall specific objectives of this thesis
proposal are separated and located at the end of each chapter. Those ch&ltaptme? Chapter
3, Chapter 4andChapter 5
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CHAPTER 1. STATEMENT OF THE RESE ARCH PROBLEM

1.1 STATEMENT OF THE RES EARCH PROBLEM

The current availability of GPS equipped devicembile phones and other mobile computing
technologies ] that use location datas afunctionality is becoming fundamental to carry out the
everyday actionsf peopleand businessedhis has opened up thmossibility for the collection,
representation, exploratipand analysis of moving data which demands applicationsdarand
enhancedocationbased services such as tourism, marketing, sales, lotatgsatd gamingand
transporation systems[2] e.g., Google MapsFlicker or FoursquareThese applications and
technologies keep constant the underlying concept of the movement in space. The movement has to
do with the notion of change in the physical position of a spatial object, called Moving Qb§2c

respect to some reference syst&in[4].

The delivering of location data ordered in timhescribetrajectories[5], [6], [7], which, in turn,
representhe movement c MO in spaceHowever, lecause of the characteristics of some location
basedapplicatiors (e.g., the sharingf locationdataaredone when a user arrives to representative
places[6]; the energy savingf devicesor, simply, theprivacy requirements of user8]] the
movement is poorly described by lesampled logged datélthough, sources of uncertainty are
multiple (e.g., the measurement of the GPS equipped deyibetdw sampling rate of trajectories

is only addresseldere because it involves a preprocessing stage of reconstruction of the trajectories
that approximates themovements between localization poih® later called by 10] as silent

durations

Theroute planningproblem (i.e., the problem of fiirtfy the optimal path for a usdr}1] is a related
problem considered herdowever, systems are limited regarding eoptanning 12] because they

are mainly focused on a single criterion, i.e., the shortest distGhegproblem of route planning
considering a set of metrics different from distance and the integration of user criteria is a still an
open research issué?] and requires the adaptations of new customized metrics, and possibly
combinations of them, for finding the route between two pldtésand[12] offer a brief taxonomy

t o bui | droutebased i trieersatike shortest distance, time, point of interest (P@id

simplicity for traversinghe RN.
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Addressing this same need of route planning the
r o u f1d],91&|, [16], a novel and relevant tasktise reconstruction of lowwampling trajectories

based on particular properties of the movemsmth aghe criteria of the MO (i.e., user) and the
geographical space where it occurs, e.g., the road network (RN) of(theityossible whereabouts

of the MO are delimited by the geometry of the RN, [18], [19]: the movement is constrained

along the edges (streets) of the )Rblhandlewith the uncertainty derived from the lesampling

rate generation of location data.

The reasonfor trajectoryimputation process, i.e., threconstructionis being aprevious stemf

preprocessing beforenowledge extraction and analysis of location d&@.[However, a great
challenge lies in the knowledge discovenythe environment where the movement oceaurd the
MO in considerationusingspatictemporal datagl], especiallyabouttrajectories 10], even more

when those trajectories are characterized by the uncert@]nty [

The resulting trajectories should be stored in appropriate repositorsezomplish this tasjQ].

Also, it mustbe done becausegreat number of M@rovidingdata and the reconstructipnocess
themselves can result in a huge dg¢aerationData Warehouse (DW) approach@g] might be

used to deal with these huge volunoésiata and analyze iBecause mny of the characteristics

such as hierarchies and aggregations, and techniques such as mining and visualization have been
adapted to the spattemporal data into a new concept called Spagmporal Data Warehouse
(STDW) [23], [24], [25], the analysis of the imputation proceg®.( reconstruction) over low
sampling trajectories considering different criteria asaaalysisdimension is basednothis
approach. Specificallyhis thesis proposal, only deals with a patac caseof the STDW approach

called Trajectory Data Warehouse (TDW) fed by tidependent location data describing

movements of MO, i.e., trajectorig2g], [27].

From the above expressed research needs and functionalithés thesis proposdbur main issues

for managing MO data are considered:

A Trajectories derived from location data are {sampling becausef the characteristics of
location based applicati@uch aspeoplesharing location isnly done when a user arrives to a POI
(make checkn), privacy issuesgnergy savin@r communication problem&Vhen reconstructing a

trajectory, it is also necessary deal with the uncertainty oflequency datad], [7].
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A Dealing with multiple metricsexpressing user criteriitn a nontrivial way for the
reconstruction ofow-samplingtrajectories is still an open research isaod is still expressed as a
need[1q], [12], [2§].

A The environment in which movements take place and the characteristics of MO have
significant inflence on the movemenherefore they need to be considered when the movements
are studiedq], [29].

A The DW based on spattemporal data still lacks of analytical tasks related, e.g., to the
reconstruction of lowsampling trajectorief], [7], [10].

1.1.1 Research Problem

Accordingto the issues outlined, the research problem to be addressed in this thesis is:

The spatietemporal data systems still lacks of analytic tasks related to the dynamic possibilities of
route planning based on the reconstructiddoav-sampling trajectories considering different user

criteria.

1.1.2 Research Question

And its corresponding research question is:

Can an operator be developed ftire reconstruction of lowsampling trajectories considering

different user criteria tancrease the possibilities of analytical tasks over trajectories?

This question arise the following research questions to be developed:

9 Can data ofow-samplingtrajectories be reconstructed consideringger criterie?
1 Which analysis tasks could performed using a criteria based operator overd{sampling

trajectories?
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1.2 MOTIVATING EXAMPLE

A motivating example ideveloped to clarify the research problem

See theFigure 11, two sample points generated by an app, e.g., Foursquare. Anlodgiad in

the point A fiParque Berri@) and a destiny located in point BAlpujarrad) of the city of Medellin.

TheFigure 11-a presents the basic notion of road distance. The figure shows the minimum distance
between point A and B. In real life, iti®t possible for a car follows this path because, for example,

the streets have restrictions of mobility such as the direction of movement.

The Figure 11-b is based on the relevance of time. The path shown is the best route, because, for
example, the tr&t flow is fastest between the point A and point B.

TheFigure 11.c presats a notion of distance basedot he " easi est o pat h, eV
turns in the path. It is based ¢he idea that the presence of the turns implies the reductions of

velocity and unnecessary maneuvers.

Another perspective is presented inHigure 11-d. it is basedn the notion of touristic perspective
and POI. The idea is to travel from A to B trying to visit the more touristic places as possible in an

optimal way.
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Figure 1.1. Different perspectives of "better routes"

All these kinds of perspecti v e sof-antbectivrtwheretheet t er

possibilities, such asme andtouristic criteria define the reconstruction of the trajectory

As shown in thé=igure 11, the trajectory from point A to point B has a lot of possibilities due to
different movement criteria of the users. Now, supposenyastto reconstruct a similar dataset of
low-samplingtrajectories of alatasetof MOs. What methods do you use? Which lgtieal task

could be performed ovasomeMOs which follows similar trajectories in a city?

Using a determined criterion paramedsra basighe path iseconstructed using an operator over a
set of trajectoriesAn analysis task in a TDW could be thammarison of the different reconstructed
approaches to analyze the differences and tendencies of the MO to determine the characteristics of

the movement, e.g., in a city, to support decisions like how effective the mobility regarding the "best
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routes" isand implement advertising campaigmg companies of location based marketingh as

billboards based on the density of trajectories.

As an examplgFigure 21 shows théasicreconstruction of a simple trajectory from a set of points
based on linear interpolatip®q]; however, simple linear interpolation as a method of reconstruction
of low-sampling location data of users, does not represent people real movement becans®/asers

according to a determined goal or criteria.

i
B

S
rg
X

Figure 1.2. Reconstruction of a trajectory from a set of points
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1.3 OBJECTIVES

1.3.1 General Objective

Formulate an operataonsidering the dynamic possibilities of the reconstruction ofdamipling
trajectories based on user criteria.

1.3.2 Specific Objectives

Identify the different perspectives of reconstruction of-Eampling trajectories.

Develop a user criteria based operdbo the reconstruction of a lesampling trajectory.
3. Identify opportunities of analytical tasks using an operator oversknwpling trajectories

considering the limitations of Network Constrained Environment.

4. Validate the effectiveness of the propassing a functional prototype for testing.
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1.4 SCOPE OF THE RESEARCH WORK

The theory of trajectories has a wide range of research issues. However, as presented in above cited
works and theidentification of theresearch problemwe only deal with the imputation

(reconstructionpf low-sampling trajectories in network constrairet/ironments

A criteria based operator is built to reconstruct -Eampling trajectories, i.e., an operator for
computing the trajectory between two locations poiviten datearenot presentising an explicit
parameter that describes the intention of the moveniergis a useful tool to approximate a lew
sampling trajectory previously knowing certain kind of data as the type of movement followed by
the MO and the underlying RN.

Theimputation(reconstructiohof alow sampled trajectory based on criteria such destatime, or
speed anthe limitations of space atke man contributions of this thesi$o, this research will not
address the problem of how to know, in ridade, the locatiorof a MO.

Some analysis taskae alsalerived The proposed operator is added in a TDW environment to show
the effects of the reconstruction criteria over the-gampling data. Visualizations and measures
over the resulting trajectories are analyzed when the reconstruction criteria clsmgtsr main
contributions of this thesis pposal are aimed to enhance tHeW with other possibilities that

hasn’t been (or are been poorly) explored.

The functional prototype referred in the specific objectivegéndedo show the proposed operator
over bw-sampling trajectories where the criteria variati@m be simulatednd the possibility of
comparison options alloto determine the relative importance of the critefiaose results can be
developed over specific platforms such as available-sparme DBMS and gealata displayersi

set of the cases of studies are used to illustratefthetsof the proposed operator.
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CHAPTER 2. STATE OFTHE ART: AW TRAJECTORY
RECONSTRUCTION PROBLEM WITH LOW -SAMPLING DATA
USING A CRITERIA BAS ED APPROACH FROM ROUTE
PLANNING THEORY i A REVIEW FOR ANALYTI CS 0

2.1 INTRODUCCION

The evolving wireless communication systems and mobile computing technologies equipped with
GPS systems have favored the exploitation of-gmsitioning data 20] to meet a variety of
requirements such as route finder applications and location based advertising management based
applications. The way people live and move is daily recorded by those mobile déyigbsre the

core information is thenovement of people over tifid]. In a most accurate way, the movement is

described when location dadeeordered in time and it represents trajector@gs[]

Being able to choose the most convenient route to travel from one place to another is a desirable
possibility when planningctivities For example, in a city the tourists usually ask for the best routes

for visiting attractiveplaces. Fields such as logistic, traffic control, and location based advertising
also demand solutioris this regardo meet a variety of requiremenssich as quality of road, cost

of fuel, effectiveness ain advertising campaign, and user preferences, among @€, [16].

Current commercial solutions for finding best routes, e.g., Bing Maps are usually slow, inaccurate,
or limited regarding rate planning 12| because they are mainly focused on a single criterion: the
shortest path routing. On the other hand, open source applications, e.g., RRfjtoxdapQuest

[33] have incorporated specialized features such as road type (pedestriale, loiag)cor criteria

based routing (simplest path, i.e., ease of description and execution of the path, or fastest path) for

enhancing and improving the possibilities already provided by the commercial ones.

User criteria are not considered in these apfithns 1], [16], [34]. Several authors havecently
been focused on the incorporation of user preferences andcnitgitia decisioamaking aspects in
light of the route personalizatioa§]. Other approaches have used GPS dgisesentindpistorical
movements of users based on individ&] [or collective behaviordg]. The resultingoutes are
usually closer to the onextuallyfollowed by userghan thosesuggested by the route plannass
optimal (the shortest, the fastedt}q], [37].
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In this chapter, the request for a route to travel from one place to another in the route finding problem
(RFP) isakin to the onef finding a trajectory between legampled points. Lovgampled points

occur when the time interval between consecutive GPS points of some trajectories is higher than a
threshold determined by the application analySts Thereforethe reviewedesearch wiks are
analyzedn relation to theRFP,paying special attention to those taking into accoget criteriaor
low-samplingrate data When lowsamplingrate datarepresent, the reconstruction of trajectories

may beneeded2(], i.e.,thedescrption ofthe movemendf the objecbetweerthetwo points whee

no data points are availalile knowwhere the object is while travelling

The need for reconstructing trajectories has a reason: It is a previous step for a better analysis of
trajectory data in kswledge discovery environmen(], [21]. A great challenge for the knowledge
discovery (both, of the environment where the movement occurs and the objects in consideration
[5]) using spatiotemporal dat]] is demanding for techniques that enable thalyamis of
trajectories B8], especially the ones characterized by the uncertaBjtyJonceptualization in
analytics over trajectories is addressed in this state of art review but deeper oriented in the arising
field of Trajectory Data warehouse (TDW2q as a way to deal with this analysis proposal.

The rest of this chapter is organized as follofsction2.2 describes routing planning systems.
Section 2.3lescribes personalization, i.e., incorporation of user critaniauting planning systems.
Setion 2.4addressepersonalized route finding basenlthe concept of trajectories but focusing in
the reconstruction of trajectories under lsamplingrate dataSection 2.5lescribe de problem of
uncertainty of trajectorieSection2.6 addresses thelegedworks and methodgarding analytical

task over trajectoriesSection 2.7concludes the chapter establishing the relationship between the
personalized route planning with the reconstruction ofdampling trajectories proposing future

works, one ofhem addressed in the following chapters.

2.2 ROUTING PLANNING SYSTEMS

Routing (or Route) planning systems RPS are commonly recognized as decision support systems
[39], [40]. These systems sometimes are refeteeds geerelated decision support tool$q. In

Table2.1, some variations of the term referritigRPS found in the literature review are presented.
Conventional solutions provided to RFP are limited because they use an analysis based on just one
dimension (criterion): the cost]], [47)], [43], [44].
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Author Term Definition

Routing systems aim to help users on finding the

[17] Routing systems optimal path to their destination regarding travel

distance, travel time, among other criteria.

_ A route planning techniguie an essential gelated
Route planning o _ _ ]
[15] , decision support tool in a GIS (Geographic Informati

technique i -

System) whose goal is the accurate route finding.

A personalized userentric route finding application
_ incorporates usereferences and the environmental

Personalized user
[15 _ o features around a user. User preferences and
centric route finding )
environmental features are the key elements to ass¢
route.

A personalized route planning system provides a ro

(16 Personalized route based on minimizig a combination of user defined
planning systems | criteria such as travel distance, travel time, the num

of traffic lights, and road types.

Route guidance systems refer to all driver decisiot

factors considered before and during a trip tcoskeoa
(41) Route guidance route, as well as unexpected factors that may happ
systems during the trip to adjust the route. Route guidance
systems are recognized as a fundamental compone

intelligent transportation systems.

Table2.1. Common terms referring to routing planning systems

Many definitions include, explicitly or impliciflthe notion of personalizatiosuggesng that user

interaction is required. Recent researches have been carried out to improve these models through
their personalization and the incorporation of mattieria decisiormaking including preference
models [L1], [16], [39], [45]. Indeed, the persattization of route finding by the incorporation of

user criteria is one of the most desired features in BBISA brief schema review of the RFP in

RPS is shown ifrigure 21. The RPS are supported by Routing Planning Algorithms. When the

personalizations included, incorporating preferences or decision strategies originates the concept

of Personated Routing Planning Systems.
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Adaptive Routing Adaptable Routing
Planning Systems Planning Systems

Personalized Routing Planning Systems

Incorporation of user
preferences

Incorporation of

Personalization . .
decision strategies

Routing Planning Systems

Routing Planning Algorithms

Figure 2.1. Schema review of the RFP accordingp&msonalization in RPS

Early approaches to the RFP focused on the cost of the path represented by the distance between two
points. The classical algorithm for RFP based on the shortest path issue was proposed bylBjijkstra [

and it has been used widelyrimany applications to find the shortest pb#tweenan origin vertex

and a destination vertex in a weighted graph exploring the entire graph to determine shedsive

rout e. Similarly, the A* algorithmoftmalpathdi fi ca
using an appropriate heuristic (that avoids exploring the entire graph) that defines which is the best
node to be visited next based the lowest heuristic cos#§], e.g., some Minkowski metric47].

The general Minkowski distanadij of order p between two pointsx{ y) and &, y) in a twoe
dimensional space @ij = {|(Xi - X)|p +|(yi - Y)|p}1/p. Minkowski distance is typically used with p

being 1 or 2. Whep = 1, it is called Manhattan distance, wher 2 is called Euclidean distance.

All these early approaches are based on algorithms that eskyarmosti.e., they performed a one
dimensional analysig-or this reasgnthese algorithms are inadequate or incompdaiee users
generally havelifferent puposesand they do not share the same preferences of movement behavior,

highlighting the neetb personaliz and allow the usdp interactwith RPS.

2.3 PERSONALIZATION

The personalization is a term widely used in many fields. The technrbaxpd definition provided
by the Personalization Consortium (2085 t he use of the technol ogy an

tailor electronic commerce interactions between abusmessl each i ndi vi dual cus

An experimentonductedy Golledgg48] showed that the criteria used by humans to deal with path
selection problems may be a complex task that covers a wide spectrum of choices. The route choice
behavior based on route selection was analyzed in a real environment and in a laboratorye3 he rout

were determined using criteria selection such as shortest distance and fewest turns. Variables such
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as orientation and the possibility of retracing the route (i.e., interchange the origin and the
destination) were also studied to determine the changkeofiser route criteria selection when
traveling in one direction or the other. This set of exercises po&iddence that route selection is

not a simple process that can be solved by traditional algorithms. Instead, it shows that it is a process
that requires the support of decision strategies and preference modedek@ersonalization.

Indeed, their experiment showed that users not always choose the shortest route.

To illustrate the above problentigure 2.2 represents a simple example of RFP iRM. Two

possible routes between an origin O and a destination D are shown. The 1GtDei©usually
suggested by common RPS without considering the probability of a traffic jam or local restrictions
for moving between streets. However, mastrswould select the route @-B-D even though path

O-C-D has the minimum distance because more points of interest (POI) can be found &élong it
supermarkets, parks, or gasoline stafiomfis is already evidenced Buckham and Kuli{49],

showing howa simple pal solution offers considerable advantages over shortest paths in terms of
their ease of description and execution. Several researchers have stated the importance of the
personalization when solving routing planning tadig, [[34], [40].

Origin (O)

Figure 2.2. Problem of route finding in a road netwdrk

The goal of personalization is the automatitaption of an information service in response to the

implicit or explicit needs of a specific uséd. That is,automatic identification of preferences from

L All imageusage rightare labeled for use with modification.
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the user movement behavior histf®g], [37] or explicit requests ahe user15], [16]. Also, Fischer

[50] stated that personalization can be described by adaptable and adaptive raath@ggpermann

[5]] gives the following definition: in adaptable systems the user controls the adaptation process
whereas in adaptive systems the process is atitmmi.e., without user interventioMNadi and
Delavaf16] define adaptable and adaptive personalized route guidance systems in the context of
RPS. Examples of adaptablEd], [16] and adaptived2], [53, [54], [55], [56] RPS can be widely

found in the iterature.

In [15], static and dynamic systems; deterministic and stochastic systems; reactive and predictive
systems; and centralized and decentralized systems are distinguishédd], Idepcriptive and
prescriptive guidance; and static and dynamicguie are reviewed. I42], route guidance systems

are classified as infrastructdbased and infrastructutess systems. Infrastructubased systems

are based on two components: i) hardware devices deployed in streets/roads and ii) computer systems
installed in moving objects @, a GPS). Infrastructless systems require only the second
component. Personalization can also be defined in terms of user route choice criteria. Typical route
algorithms are optimized regarding only one criteriof,[e.g., route length or travehte (i.e., a
onedimensional analysis). A special issue of the personalization in RPS is the characterization and
incorporation of several criteridable2.2 shows some of them, classified as quantitative (they are
measured from a map or any other sousr®] qualitative (they are frumeric critera that are

ranked according to the impact on the user).

Author Criteria Quantitative | Qualitative
[11],[16] Distance, Travel Time X
[11], [13], [37] Traffic X
[11], [16], [49] Costs of Turns/ Simplest Paths X
(58], [59] Number of Scenic Landscapes y
POls
Number of Junctions, Trave
[16] Reliability, Directness, Roa X
Width, Number of Stop Signs
[16] Quality of Road, Type of Road X

Table2.2. Quantitative and qualitative criteria of RFP
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Previous researci]], [13], [16] found that route selection criteria can be grouped into four general

criteria: speed (time, distance), safeness, simplicity, and attractiveness (scenic pdthsed)s

2.3.1 Speed: Distance

Distance is normally consideréage most important criterion for route choosing. Even without route
planning systems, the path with the shortest distance is intuitively chosen with a minimum previous
knowledge of the RN structyreowever, the presence of known POls thesngtherthe road tripSee

attractiveness

2.3.2 Speed: Time

Time is a variable that depends of several factors such as length (the time is directly proportional to
the length of road), average speed (higher in manaes than in small streets), and quality of roads,
weather conditions (e.g. when it rains, travel timeigherdue to traffic conditions derived from it)

or quality of traffic as described id]].

2.3.3 Safeness

It groups a series of criteria basedatraracteristics (bike laravailability, areasafenessnighing,
traffic level), possibilitieslack ofbusy intersections, public transport, roundabouts) feauttire of

the road resence or lack of pavemestopeangldg [13].

2.3.4 Simplicity

The simplespath is based on the idea that the turns imply reductions of velocity and unnecessary
maneuvers. Thus, the paillhMoresverfiheedsdrigion®fthepathi t ha
is easierwhen a simpmst path approach is followed, the explaation, depiction, understanding,

memorizing, or execusn of it [49], which is useful for users who are navigating through an

unfamiliar geographic environment.



18. A Criteria basedrunction for Reconstructing Lo®ampling Trajetories as a Tool for Analytics

2.3.5 Attractiveness

Criteria such as distance, time, or turns are common route criteria/fgatirag a street network, but
computation of the most scenic route is a special i€lleThe scenic pathotionis defined from

the touristic perspective. The main idea is to travel from A to B trying tcagisitucttouristic places

as possible and minimizing route length at the same time. The cost is related with the number of
touristic attractions between the two pointgravious stefior modify the cost of the edgesustbe

done (for instance, the streets witlt@nsiderable number of POIs have the lowest cost) before a
shortest path algorithm is executeth# goal igo find a route that traversas mucHPOls as possible,

and at the same timehe shortestoute between two POIs.

Figure 2.3 (Previously shan as a Motivating exampl&xhibits a section olGuarnea small town

in Colombia, with a route between two points ugimgshortest path algorithniigure 23-a shows

the minimum distance between point A andFBure 23-b shows the route with the mimum travel

time between point A and point Bigure 23-c shows the route between the two former points using

the simplest path approach. The turns in the path are less, even though the whole path may be longer.
Figure 23-d shows the route between the two points using the scenic path approach: the route is draw

along the street nearest to the town river where touristic attractiomesteairants, beach games, etc.)
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Shortest Path distance from point A to point B.

@)

Simplest Path distance from point A to point B.

(©

Fastest Path distance from point A to point B.

8

(b)

Scenic Path distance from point A to point B.

(d)

Figure 2.3. Different routefinding criteria from point A to point B: (a) Shortest Path distance from

point A to point B; (b) Fastest Path distance from point A to point B; (c) Simplest Path distance

from point A to point B; (d) Scenic Path distance from point A to point B

2.4 PERSONALIZED ROUTE FINDING BASED ON TRAJECTORIES

The RFP reviewed here is related with the problem of reconstruction of trajectories, i.e., the problem

of tracing a route that pass by a set of locations. Pditssad and greedy searches approaches has

been considered to solve this problem (Preferdracged Greedy search, NaiVe Greedy search,

Pattern+Greedy search§l]. Patternbased approaches allow th#line processing of historical

trajectory datao discovermining patterns to infer routing informan [6], while greedy search

approaches make optimal local choices at every decision stage providing a dynimeic/

recommendatioln the best immediate location to be visited for constructing the route, instead of

prepossessing historical da®&l]. The mostof these works deal with a general mining/prediction
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problem over historical trajectorie3q], [37], [61], [62). The personalization aspect in the reviewed
works is based on the trajectory history data of a particular user. Thus, these coulddszenbas

adaptive approaches.

In [63], the problem of searching theBest Connected Trajectori¢isBCT) is addressed. A small

set of locations (queried points) is given as an input to an incremeNfdl(K-Nearest Neighbor)
based algorithm, whicprogressivelyretrieves trajectories nearest to each locatising besfirst

and deptHirst k-NN algorithms. The quality of the connection between locations provided by the
discovered trajectories is given by a similarity measure which determines how well a trajectory
connects to the locations. A dataset of Bgjjcollected by the Microsoft GeoLife Project was used

to analyze the efficiency of the IKNN algorithishowing a better search performance if the-best
first k-NN algorithm is chosen.

In [35], the problem of discovering th@ost popularroute between two given locations using

historical user trajectories is addressedC@herence Expanding Algorithis proposed for mining
usersd movements together with a popularity in
popular route givetwo locations is appliedConsidering 276 truck trajectories used in Athens and
applying the proposed algorithm, the most popular routes were identified. Then, these findings were

compared against those obtained with the shortest path approach

In [34], aPatternaware Personalized routing framewdi&PT) is proposed using a tvgtep method

to compute personalized routes. First, a set C
historical trajectories database to construct a familiar RN followetddpecific useThen while a

route is computed between a specific source and a destination, a second algorithm is proposed to
discover the tojk personalized routes connecting some segments that a user has previously traveled.

The algorithms were testeding a real trajectory dataset from one user over a period of four months

in Kaohsiung, Taiwan. The proposed algorithms derive thektmersonalized routes that

approximate the real teppersonalized routes.

In [37], smart driving directions are middrom taxi drivers experience. They propose a routing
algorithm to provide the fastest route from a given origin to a given destination. Thus,-a time
dependent graph is built where nodes are recognized as landmarks, i.e., road segments traversed by

a signficant number of taxis and edges represent taxi routes between landmark roads. The method
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is compared with speatbnstraint and real time traffltased method$his demonstrates thabout

16% of timecan be saved with this method

In [36], fast routesre also mined from taxi traces and are customized for a particular driver behavior.
A mobile client device | earns a userbés driving

fastest route for the user. This model outperformed the previoud 8idrk

In [61], the construction of a preferred route using location cledata are done based the
popularity of a certain route and the preferences ranked by a set of users. The goal is to build a
trajectory where the reconstruction meets the preddocations to be visited bygaoup of persons

using Gowalla checkn data and a Pattern+Greedy method (this combination of Pattern and Greedy
route search outperfosmboth methods when udeseparately). Similarly, in62], the topk
Trajectories are extracted from interesting regions with higher scores (attractiveness) mined from
historical GPS trajectories. A Framework for trajectory search is developed called -Ratéem
Trajectory Search (PATS) which includes anlafie pattern discovery module and an online pattern
aware trajectory search module. This framework only searches for tkentagimal trajectories

with higher scores according tiee number ointeresting regions and does not infer new routes.

2.5 UNCERTAINTY IN TRAJECTORIES

Most of the former research works do not deal with trajectory uncertainty explicitly. When
reconstructing a trajectory, it is also necessary consider basic characteristics of trajectories such as
its low-samplingrate to deal with the urertainty of lowfrequency datad], [7]. Previous works

[34], [35], [37], [63] relied on highsampled trajectorieFhe effectiveness of inferred routes is poor

due to its inadequate management of-kamnpling trajectories where uncertainty is reflected

The causes fdow-samplingtrajectories includethe lack of users sharing their position or taking
geotagged photos from every place and every second. This is due to the privacy concerns publishing
personal location data to potentially untrustworthyise providers may pog4é4]. Research works

has been carried out to preserve publiskiagof a moving objecto a third party for data analysis
purposesbecause it could have serious privacy conceSjs [B5], [66]. Privacypreserving
techniques habkeen studied based on false locati6id],[ space transformation®&§ or spatial
cloaking, i.e., the individual’s location according to the number of individuals within the same

guadrant §9]. However, those works are not aimed to reducedampling diretly. Instead, they
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provide privacyi preserving techniques psomotelocation sharing information. The uncertainty of
trajectories has been studied intensivély [70Q], [71], [72]. The main features of the trajectories

regarding to uncertainty are higgtited in [LO]:

1. Spatial Biases The locations of data points in two trajectories are different, i.e., two similar
trajectories can be depicted by means of different location data points.

2. Temporal Biases The occurrence time of two trajectories are diffiéree., two similar
trajectories visiting the same POIs could be done in two different periods

3. Silent Durations: The periods when no data points are available to describe the movements
of the users.

Relevant data are usually missing during silent duratldssrmovement criteria can fulfill partially
those silent durations. For the best of our knowledge, thaémaplingrate trajectory reconstruction
problem has not considered the yz®ferences/Ne strongly believe this is a rich research area with
application in several domains. For example, for locabased advertisingt might mean the
possibility of advertising strategies based on data about rfmli@sed by the users from a POI A
to a POB.

In [73], uncertainty from different sources is evidenced: i) GPS observations (accuracy of the GPS
observation) and ii) the uncertainty derived between low sampled points of a trajectory. Those are
also referredto the measuremenand thesamplingerrors [70]. The first is addressed by map
matching techniques and the quality of the measurement depends largely on the technigue used. The
second one uses notions such as spawe prisms which delimit the movement based on some
background knowledge, k& for instance, a speed limit or a RN. The second one is the case of mobile
social network applications enriched with gagged media information where lesampling data

are common.

Several studiestl], [74], [75] infer routesfrom a sequence of POkt a detailed route between
two consecutive POIs is not specified. The underlying assumptions of theseavaihiat the user
movement is free. However, the infrastructure, e.g., buildings, streets direction, may be considered

to obtaina reduced overallncertainty anéaccuracyin the data.

In [7], a Route Inference framework based on Collective Knowledge (RICK) is developed. Given a

set of locations and a time span, a-step method is followed: firsa i r o ut aibbuikandyr ap h o
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then thetop-k routes according to the route inference algoritrs constructedTwo real dataset
are usedregisters ofFoursquare cheeik application useih Manhattan city and trajectoriesed

in Beijing. The main igo demonstrate the effectiveness and efficiency of RICK.

In [6], the problem of reducing uncertainty for a given dsamplingrate trajectory is addressed.
Historical dataareused to discover popular routes as an estimation cmpling trajectoriesA

real trajectory dataset generated by taxis in Beijing in a period of three months is used to validate the
effectiveness of their proposal and slsdvigher accuracy in comparison with the existing map

matching 6], [77].

26 THE DW FOR TRAJECTOR IES

The tansbrmation of raw trajectories ia valuable information is a requirement that carubed
for decisioamaking purpose<[/]. This is the mean reason for lesampling trajectory imputation
process, i.e., the reconstruction, addressed in the currertdfdtaert: completing the lowampling

trajectoriedor knowledge extraction and analysisks[20].

There are a variety of techniques in the field of knowledge discovery to extract valuable information
from spatiotemporal dat2]] adapted from théraditional ones78], [79] (e.g., data mining with
clustering, classificatigrand regression technigues). However, this thesis only addresses the ones
based on DW concept&]]. Therefore, the basic concepts of DW are outlined but the analysis and
concepualization are oriented to the SpatioTemporal Data Warehouse (STDW) especially, in the

arising field of Trajectory Data warehouse (TDW), Begure 2.4.

—Pp»| Data Warehouse (DW) <

Spatial Data SpatieTemporal Data
Warehouse (SDW) Warehouse (STDW)

f

Trajectory Data
Warehouse (TDW)

Figure 2.4. Taxonomy of Data Warehouse (DW)
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Inmon [BQ] was the first who defined the concepDiM as a subject oriented, integrated, time variant
andnoavol atile collection of da tnakingprocess. pigpvevert o f
there are two main approaches in the desigriVathe Inmon approach and the Kimball approach

[22]. The Innon approach states for the integration of a centralized place where to store the
information to support analysis tasks. This is known addpelownapproach because having a
centralized DW, the analytical need of the business units can be suppliedsuiss®gs of the
centralized DW (later called by KimbaB] as data marts).

2.6.1 Multidimensional Modeling

The DW is modeled in aultidimensionalway (according to Kimball structured facilitate a

complex analysisThe multidimensional modeling startsthwithe factors that affect the decision

making process in the specific area of business called measures of interest, such as the number of
sales in a store. This information is analyzed using diverse perspectivesiraiedionswhich in

turn, are orgaged inhierarchieson which aggregations are performed. For instance, the sales can

be analyzed by date and product. The product can be organized hierarchically by type and brand,;

and the date can be analyzed by year, semesigmonth.

2.6.2 Spatial DataWarehouse (SDW) and Spatiotemporal Data warehouse (STDW)

The growing popularity of spatial information generated from satellites and materialized in maps,
has opened up the SDW as an interesting topic of reseéciISPW are based on the concepts of
DW presented above and the combination of spatiality which prasddee characteristics to
aggregate, analyzand visualize spatial data based on spatial dimension with levels represented by
geometries§3].

While SDW considers types and dimensions addimkgsitatial context, the considerations of the
temporal aspects are also needed to analyze events like the movement of &afit@féeq a sight
of STDW as a relationship between GIS systems and concepts of DW (facts and dimensions)

highlighting the timeo form spatiotemporal databases.
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2.6.3 Trajectory Data Warehouse (TDW)

A special case of the spatiotemporal domain of STDW is related to the integration of the movement
described by MO, i.e., trajectories, in a TDW. The main goal of a TDW is to transdermhata of
trajectories into valuable information to support decisitaking process in applications based on

MO [27].

In [26], a DW is proposed to deal with the issue of huge data generation of MO by mobile
applications. They focus on concepts relatedrajectories to support tasks that involve data
generated by modern devices like GPS and other huge amount of spatiotemporal data to support

Knowledge Discovering Tasks (KDD8)

In [86], a TDW proposal is also provided for analyzing mobility data tifle¢s into consideration

the complete flow of tasks required for the development of a TDW and the application of trajectory
inspired mining algorithms to extract traffic patterns. The trajectory reconstruction problem is also
included in a module using maneters such as temporal and spatial gap between trajectories,

maximum speednd tolerance distance.
2.6.4 The analysis goals in a TDW

The measureabouttrajectories have characteristics to be analyzed in a TBAKkis and Raffaeta

[27] distinguish some ahem:

1- Numeric Characteristicssuch as Average of the speed, directiand duration of the
trajectory.
2- Spatial Characteristicssuch as the geometric shape of the trajectory.

3- Temporal Characteristicsuch as the timing of the movement.

With regarding to the spatial characteristics of trajectofiekekis and Raffae{27] stated that most

of the proposalsgr], [88] distinguish three types of spatial dimensiaf®utthe incorporation of
spatiality on members levels: ngeometric, which uses nominal spatial references (e.g. name of
streets and cities); geomettiznongeometric, which at lower levels member has an associated
geometry up to a certain level member vehie becomes negeometrics, i.e., it becomes nominal;
and, fully geometric where all levels have an associated geometry. HowgSlesidted that a

di mension can be fully spatial even i f some
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The handhg of geography also could include a simple grid, a RN or even coverage of the space

with respect to the mobile cell networ®(].

There is still an open research issue regarding to TDW operations for enhancing traditional ones.
Pelekis and Raffaetf27] prospect some of them, such as: trajectory clustering, extraction of a
representative trajectory from a set of trajectories and operators to propagate/aggregate the
uncertainty and imprecision present in the data. This thesis suggests the analysisroéasunes

based on a criteria based imputation process over low sampling trajectories to deal with the
uncertainty and explore the possibilities of analysis over those reconstructed trajectories.

2.7 CONCLUSIONS AND FUTURE WORK

The trajectory reconstructigoroblem is still an open research issue, especidilgt is related to
uncertainty due to lowgampling data and the incorporation of user preferences. Simple linear
interpolation BQ], as a method of reconstruction of l@&mpling location data, does not represent
userreal movement becauieeymove according to a certain criteria such as tim@amount of
touristic/sceniglaces Indeed, the reconstruction of trajectories usisgr preferences is expressed
as a need in recent research wofk3,[[28], [91].

To the best of our knowledgthere are no research work that involve several criteria as a way to
reconstructing lowsampling trajectories. This approach can also be remoh considering the
restriction of the movement in a R, [92] and methods to predict the location of moving objects

in a RN P3]. Location data are lowampling because people do not share data in a high rate due to
security and privacy issueg]] energy saving, communication problems, or it is only an action done
one time when a user arrives to a P&M][ Again, considering user criteria to infer movement
between consecutive points of a trajectory to deal withdampling issues is a task thatele®s to

be explored.

On the other hand, the current availability of GPS loggers gathered from mobile devices are useful
in a variety of ways to make driving bett&Q], but effective usage of the huge amount of data
generated by GPS is still a challen[94]. Considering the different possibilities of user criteria
reconstruction of trajectory and the huge amount ofdampling data, data analgtasks related to

these possibilities of reconstruction can dmnductedusing e.g., TDW aproaches. Themefo

analytic results over reconstructed trajectories can vary if different criteria of reconstruction are used.
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For example, if a trajectory is reconstructed based on the criterion of minimize turns, the main
avenues can be interesting for analysis taskalse those are the longest without less deviations
but if the amount oPOlsareused as a criterion of reconstructidmenthe avenues nearest to tourist

attractiongmight be the interesting ones

The main contributions of this chapter are:

Thecharacterization of the route finding problem through the route planning systems.
The characterization of user criteiriethe route finding problem as a personalization feature
The establishment of the relationship between the problem of personalizeglamning
and thereconstruction of lowsampling trajectories.
The characterization of the current state of the treatment of uncertainty in trajectories
Theestablishment of the treatment of spatiotempdash, especially the trajectoriés,the
datawarehouse theory.
T This chapter devel opldentfy hhe differerd pérdpactoves ofb j e c t

reconstruction of lowsampling trajectorie8 f r om t he route planning
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CHAPTER 3. LOW i SAMPLING TRAJECTORY
RECONSTRUCTION USING CRITERIA BASED ROUTING OVER A
GRAPH

3.1 INTRODUCTION

Due to the fast development of technologies and mobile applications, the need of analyzing the huge
amount of gedocation data recorded regarding moving objects (MO) has arisen. For example, users
in mobile sociahetworks such as Foursquare and Flickr use the options of chaécldng sharing
geotagged photos to indicate their locatibtowever, usually it is not possible to get detailed data
about the movement of a user due to privacy isstds¢nergy savinger simply because people

do not share the position (make chétkin every place where they are or do not take atggged

photo every second. Each of these situations deals with movement uncertainty.

As a consequence, source (raw) trajectory data adoeof uncertainty because dat@ not very
accurate since there are missing data duringitéet durations, i.e., the time durations when no data
are available to describe the movement of an objedt [Thus, the trajectory between two
consecutivadata records is uncertain. As a restlig following are someossible questions to be
addressedHow doesa MO moved during a silent duration? How wed thecurrent methods
describe the real trajectory of a MO? Is a MO moving according to a certaimocr?

Previous works have focused on trajectory history (a trajectory dataset of the sar@4] ICGPS

historical data provided by several MC&H]) as a wayof inferring theroutes or the movement
patternsbased on the density of the data. For trajgcteconstruction (i.e., the imputation process

for silent durations) some autho@,[[ 72] use an uncertainty reinforcement approach (i.e., uncertain

+ uncertain Y certain). However, these approac!|
trajectories of a same MO are relatively large and recurrent (i.e., there are recurrenttrajecto

segments where no dateepresent).

The management of uncertainty for k@ampling data is a hard task to tackle. To facilitate this task,

the trajectory reconstruction can rely on user preferences (a criterion) such as (minimize) distance
or (visit) touristic places to try to fill those silent durations. As expressed iCllapter 2of the
stateof-art review, the request for a route to travel from one place to another in the route finding
problem (RFP) iskin to the one dfinding a trajectory beteen lowsampled points. The claim of

this thesis is that the movement of an object based on user preferences would generate some clues
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which may help in the trajectory reconstructi@][ To the best of our knowledge, user preferences

have not considerdd the low sampling rate trajectory reconstruction problem.

The problem of trajectory reconstruction is usually addressed from describing the trajectory by a set
of GPS points temporally ordere2, [34]. However, most route planners do not considetithe

dimension, i.e., they generate a sequence ofgfeoenced data pointgthout timestamps

The trajectories considered here are netvomikstrained, i.e., it is assumed that the movements of
the objects are restricted to the road networks (RK)eotities. Thus, the trajectory reconstruction
between two consecutive cheickrecords is limited to the geometry of the streets. This reduces the
search space and the reconstruction possibilities according to a certain criterion in favor of reduction
of trajectory uncertainty because the MO cannot move further than the network (streets) limits.

The route among cheék data of a trajectory is built by filling in the chetkorder sequence (which
represents the raw trajectory) with additional-geferanced data points and timestamps. To help in
this task, a graplinferred from the RN is builtvhere the vertices save gealated information and

the edges describe the cdet reacling two vertices 29. The routing algorithms rely on this
representatio to build the trajectory between two points to facilitate computational efficiency. This

representation is used for the imputation process.

The rest of this chapter is organized as follo®sction3.2 describesthe trajectories model
representatiofollowed in this proposaBectior3.3 discussethe reconstruction of trajectories using

a formal approachSection3.4 describes the proposed function and the algorithm used for
reconstructing trajectories giving an application example and comparinits resth the original
datasetsSection3.5 concludes the chapter establishing tperator possibilities angroposing
future works, one of them addressed infiilwing chapter
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3.2 A REPRESENTATION FOR TRAJECTORIES

Several models for trajectories have been proposed in the litefaluf26], [34]. Most of them
(except for B]) agree in the representation of a trajectory as a set akfei@enced points temporally

ordered.

According to P€], a trajectory is a paitY= (ID;, L;) where IQis the uniquédentification of the MO

and L is a sequence of M observations =H B h }. Each observation IO
represents the presence of an object at loca@ity where@fJi s, and at timeDi 1, wheref

is a set of time points. The sequence of observatipis temporally ordered, i.e®) O . A

sampling of 2D trajectories is defined &S$ = {"Y}. Note that, i ¢ , where L is the set of all

possible observations.

3.3 ADDING TRAJECTORIES CHARACTERISTICS TO R OUTEST A
FORMAL APPROACH

HELP: First, the way some index notations are used is shown:

Index i is used to identify a given moving obj&tuntil n moving objects.

Index j is used to identify the sequenceob$ervations of a given moving object IDi until m
observations.

Index k is used to identify the sequence of vertices obtained from certain criterion ¢ until p vertices.

Index | is used to identify una determinada critériova hasta g criterios.

Given a trajectoryYof a MO where some points may be separated spatially or temporally in such a
way that they exceed a given application threshold, our goal is to infer theamdbories based on

a set of reconstruction criteria from the persorairoute planning theory, which in turn, is based

on graph theory, i.ewe use a set of criteria widely studied in the literattidg, [13], [16] such as

time and distance to reconstruct trajectories using graph modelling. Those criteria are represented
by the sett O.A O
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Consider the networkonstrained trajectorieg 5, Ga), where7/S'is a set of trajectories and Ga

G (G is the set of graphs) isd&ectedandlabeledgraph representing the underlying constrained
RN where the set of trajectories is constrained. The graph Ga istagledsa = (V, E)where V is
a set ofvertices  } and E is aset of edgesQ } (representinghe segments athestreets)An edge
'Q has asource vertexthe initial part of an edgg)vhich isdenoted by j, atarget vertexthe end
part of an edge) denoted by, (the edgeQ is traversed from the j to theu j, but not the other
way around, and an associated cost for traversing it denoted bys , i.e., an edge is a tup®

0 fb o . Each vertex ¥ V can be described by a locatirny (longitude, latitude)Note that
we consider the graph Ga, which is derived frdRiNa to be fully connected amdthout any isolated

network segments
Consider the following functions:

QB Q1 d '@ P6PQ6. Function applied to an edge to get its source vertex.
"QQB Qi @@dd §KPO 6. Functionapplied to an edge to get its target vertex.
"QQ@ ¢ §9%P A . Function applied to an edge to get the cost of traversing the edge.
"QQadp © 8. Function applied to a vertex to get its longitude.

"QQajp © 9. Function applied to a vertex ¢get its latitude.

In Figure 3.1, some ofthese functions are illustrated

QQaL ; ARG ; Q@ U, TG Vg
) street segment ’\.

Q

VOB QI EROG I Ly getd QI WD WO

Figure 3.1. Some components of a RN
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The function ¢ GXXQi o ¢ 8 c8F O A & receives gair of consecutive observatioasd a c
criterion movements and generaties road distance between them according to the given criterion
The road distance refers to the distance of a particular path followed by a MO between two
observations. In this case, it depends on the underlying RMratite ccriterion preferred by the

MO (i.e., the user); therefore, the road distance may change varies when the criterion of movement
changeFigure 3.2 shows the possible roads (depicted in solid lines) between observations A and B
according to some criterion. Thectiterionused in theoad drawn in green line has the lowest road
distance, followed by the road distance from the road drawn in blue line usingtiterion Finally,

the road distance is the longest when theriterion is preferredi ¢ (X0Qi 6 OB BUQ

I & QXDQi 0 OBIQ 1 & (XNQI 0 ABIQ Note how the distance between these
observations changes according tortitvement criterion and the RN that were uged alsothat

the Euclidean distance, depicted in a dasimeq does not correspond to the road distan@ay of

the three cases

A
]
\
\\ road. distance
Y \
'\.‘ \
\'.\ V‘
Y \ . .
AY .Euclidean Distance
S, \
\ .
X3 \

Y

\ \\

C
road distance N 2 \\
\
C1 \ B
N »
road distance ./

Figure 3.2. The concept of road distaneecordingto different criteria vs the Euclidean distance
between two observations A and B
I £ ¢ONQi 60 BB 1 ¢ QI 0 BB 1 ¢ JQI 0 BEBIDQ
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We regard the trajectory”Y as lowsampled ifmfp¢’@- hi & QI o &) o Bo
rz0O O z ,i.e., the road distance according t@ ariterion between two consecutive

observations is greater thpr(a distance threshold) and their time differenée O is greater

thanU(a user time threshold).

We onsider thé) i @ B functionwhere, | ¢ , is the sequence of M observations of a trajectory
"YandAv 6 i ‘@sdareconstruction criterionThe result of thed i duiiztion is a more detailed

sequence of observatiobsssothatthethreshold$ andUare met' j, 1 ¢ j < M. The idea behind the
trajectory reconstruction function is to fill in the trajectory with inferred observations between
and, ("j, 1¢j< M, where both thresholds and Uare not met) considering the criterién

0 i Next, we explain the effect of thij functionover a pair of observations and,  (where
threshold$ andUare not métto show how the sequence of low sampling data is filled in (imputation
process)Note that when a section of a trajectory is not considered low sampling, the imputation
process adds this section to the whole reconstructed trajectory without imputingredditi

observations.

As presented byodp] for the correct (cleaned) netwedonstrained trajectory datasets, given any of
its spatietemporal observationgZHJ O , its location @RJ should be over a road edpeE (set

of edges of Ga). Consider twarapled consecutive observatignsand,  wherethethresholdH
andUare not metEachobservatioris associated with the nearest edge in a road map (represented
by a graptGa) using théQQ'0 'Q "@Mction, i.e.;QQA Q "AHOMand’ QA Q "HQ HOK. The
signature of theQQ'Q Q "@Mction is, 8' © %. Here, the nearest edge in the graph Ga = (V, E)

is the outpubf the"'QQ'® Q "@Mction Therefore, a point@HJHO thatis notover an edgé E is

replaced by a point@ & 8 where @ &) ads overan edge of E, sefigure 33.
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Figure3.3. Edges wher® and0 fit better

That is,when we consider raw trajectories with a RN, each point is mapped over a road segment by

searching for its closest road segmdrdr this reasgnand following the approach ¢f5, the

minimum distance between and a road segmef is computed as follows.

Equation3.1. Minimum distance betweén and a road segmeif

Q, i QN Q
G "QEQ , FQQB QI d @ i WAQ , FQQB QI WD "@QO ¢ i 0 Qi Q

Q,

Where, is the projection of overQ andQ, hQ is the perpendicular distance between
, andQhandQ , FQQB Qi d '@ i'Go ' andQ , AQQG i QR ® i Qo Care the
Euclidean distance betweenand thesource/targevertex ofQ. Note that thel function

is overloaded with the signature8 %© a and, 86 © a. TheQ segmentwhich has the
minimum distanceQ , iQ among all the RN segmenis where the point is mapped.
That is,"QQ0 'Q "AHO® = Q. The main reason of the outcome of 1RQ)'G 'Q "AMction

is being used as an input of a routing algorithm applied over théOhk a tool for the

imputation process.
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3.3.1 Getting the location point from routing algorithms

Let a and b observations where a =

Qe QOB QI ®@ED "AODO Q"AHON AQQ® "QQ0 Qi dWm QX Q "BHO® h
[ QdQAQ and b = QOO QOB QI d RD 1 "BWOQDQ RO h

QOO QOB QI d' @l 1 "BWO'QAQ Ao H Q®QAQ , where we use the

i QD QAEP 1 function to assign a timestamp to vertices a anthis function is explained in

thesection3.3.2

Then thetraj({0, 0 }, c) function returns a sequence of observations {a, @, €p b} O

describing the route betwee&n and0  according to a criterion, sedrigure 3.4. Note that the

sequence of observations is inferred from the application of a routing algorithm over the Ga Graph

between its edgeQQ O 'Q "BHOWand’ QQO Q" AQ HOW.

® ® ® ® ® ®
Q . Q
O a 0o, 0, 0, b O

Imputed observations

Figure 3.4. Imputed observations between the observations a and b

In this way, the (sub)trajectogbtainedoetween and, according to a criterioAN 6 i ‘@an

be described as:
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Equation3.2. Computation of thésub}rajectorybetweerd andd
01 Qi@ ho={0h
"QQG®QQO QI HED "V HFQQG'QQD QI d@ED WQH QdHQEANG Qi Db WQO,é ,
"QQGQQL Qi @D "WQHQQGQQD Qi ®Wddm WQd QdQIANG QI ®ED WQ6, é,
VOO 'QQB QI WD "WQO FQQ® QL QI Wb WQo A QHQIANG Qi HWED "WQ O

0}

The o1 @ O can be overwritten using "QQOB QI ®@dD WQO =
QB Q1 d '@ i’ Q. Accordingto the RN mapping defined j29] the end vertex of an edge
‘Q is the initial vertex of the edd® , seeFigure 3.5. Therefore;QQ @ "QQB Qi ®@d "Q@Q o

= "VQGQOB Q1 d W I'QAD'Q and VO QOB Qi ®'@HD "TQ o6
VO QOO QI § @M IAQ . Note that QOOQWBHO Q and

NOOQB Fow Q.

Edgesn the RN represented by Grafa
Q Q)

VOB QI @b "WQEQQB QI dRD I Q

Street
Figure 3.5. The end vertex of an ed@as the initial vertex of the edde

For each imputed observation used for reconstruct the trajectory beiwaedd  a timestamp

must be inferred. For this goal, we define th@® "Qdufiction.

3.3.2 Getting the timestamps from routing algorithms

To compute the timestamp of each imputed observation of the reconstructed trajectory segment, the
difference”™QQo Qa&,Q "QQO "Q&,Q is to be proportionally assigned to each of them.

Then, the timestamp of an imputed poican be computed as follows
Let:
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QOO Qi o @PECa2QFunction applied to an edge to get the road distance of the edge.
'O = The distance from the observationto "QQ B Qi d ‘@@ | "GO 'Q "AHO®D
O =Thedistance from t0"QQB Qi d @& 1 "BWO'Q"AQ HO®

Let:

Equation3.3. The total distance between two observationand 0
0 £ Q@ai 0 BFH'Q="QQN QI O FRAWHM "AWHOD -0 +B  "QQAQI o EE H®

Note that the summation begins at k = 2 because we suppo¥@@AtQ "HHO ‘Q and ends

at plsince’QQO QA0 HO® Q. Both,QandQ of them are part of the resulting sequence.

Then, the timestamp of Q0 Qi ®'@d "QQ vertex is computed as follows:

Equation3.4. The timestamp of @Q0 Qi ®'@d "QQ.0
i QDQAEAN0 Qi @D "@Q O
B "QQOQI o & ©QO

006 Q4 Q

0 ¢ Q@A 6 HHOQ
z "00Q6 Qa,Q Q06 Q4,Q

In Figure 3.6, the reconstructed trajectory between two observatioasd, is shownusing the

o 1 €orietion according to a criteriakB
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3 NQB'Ql QM I"EDQAQ FOG
QOB Qi d @ i "EOB Q BAHOD

QOB QI HED WO 'Q "BAHOGD
QOB Q "HOW
o °

s

"QQB Q1 @D WM Q"AQ A0

"QOB'QMN FOw

o 8 o

Figure 3.6. Inference of time stamp of ed@e

Example. Let us onsider the reconstructed trajectory between the observati@mld shown in
the Figure 3.7 where weget the edge®,Q FQ, 'Q. Let the ' QQd "Q¢'Q = 02:00:00 and
"QQ0 "Q&0Q = 03:00:00, thenQQ o QAQ - "QQ@ "QMQ = 1 hourmust be proportionally
divided among the edges

Let the "QQOQI 6 ® GO 12, "QQOQI 6 M ORTAQOQI 6 & V@
VOO0 0 ®E Q10, O ¢, O = 2. Also, note thaQQOQ'BNHO Q
ando ¢ 0@5@i 6 GHOQ T T

Fork=1

i QOQEAN0 Q1 ®@D "WQO "QQO Q46,Q : - * "QQ0 QadQ
Q06 QAQ =02:00:00 +~ Tt U= 02:15:00

Fork=2

i QOQEAN0 Q1 @b "WQO "QQO Qa4 Q ‘ " *

=

"QQ6 QAQ  "QQO 'QA0Q =02:00:00 + 02:30:00
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Fork=3

[ 0BHQEAND QI HED WO "QQ6 QG Q

— 2 "006 QWA Q06 QW =

02:00:00 +~ 02:45:00

a 02:15:00 02:4500 @
o—4¢ +—o
02:00:00 03:00:00
0 0

02:30:00

Figure 3.7. Example of time assignation to a reconstructed (sub)trajectory

Note that, after the reconstruction, it is possible that the imputed data points do not bredkk
thresholds. In this case, the longitude of the street segments are longer thtimekbold because

this imputation process stage only gets location points based on the edges of a graph that represents
the segients of a RN where a MO movesdditional imputed data points can be gotten using
interpolation methods between the inferred points, i.e., start and end vertex of an edge. The following

equations find additional data points over a segrfeebfased on the line equation.

Equation3.5. Line equation over the segment represente@ by
y = — : — : zZ ® "QQ@ "QQ0 Qi MW@®m "TWQO
QQGQQB Qi WW@D "WQO

Where get_x and get_y are found slicing the segmef@® in sucha way t hatt A O
road_distance ,, By O A*b. Where A is the Qmplitude of

Equation3.6. The get Xunctionslicing of the segment representedCby
X = Q@O0 dRWiAWQ — Z "QQe@"QQ0 QI MW@d "CQo

VO QOB QI '@ I'QQ
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Equation3.7. The get_yunctionslicing of the segment representedby

Yo = "QQe@'QQ1 QI '@ iAdQ — zZ "QQ@"QQ6 Qi ®@d "@Q o

"VQGQQB QI d' @ I'AQ

whered= A* i ;1. Nis th® numbe©of iNtervalothatroad_distancg ,, hA =N*A

Example. In Figure 3.8 we show an example for finding additional data points for a segfent
where "QQOQQB QI d @GBIWQ = 3, QQOGQQB QI d BB IWQ = 1,
M@ QQ0 Qi ®@d WQ =6, Q0@ QQ0 Qi @Wdd WQ=5

Leti =1.251 ¢ ¢XIQi 6 G & OA =5, then we choose A 1.25.Then N = 4.

di=1.25

X1 =3 +——*(6-3) = 3+ *3=3.75

y=1+ o (51) =1+ %4=2

d2= 2.5

X =1+-2%(6-3)=3+->*3=45

yi=1+2%(5-1)=1+L2%4=3

d3= 3.75

¥ =1+-2*(6-3) =3 +——*3 =525

yi= 1+ *(5-1)=1+—"*4=4
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Thus, the set of additional data point between (3, 1) and (6,{63.75,2),(4.5,3),(5.25,4)}, see
Figure 3.8.

The timestamps for each of these points can be foyritie proportionahssigmentof the time
difference between observatioriBhe results are shown iRigure 3.9, where wesuppose that
[ QOHQEEB QI '@ I'AH'Q  12:00:00 and i QB QEANG Qi ®'ED "VQ O
16:00:00.

(6.5)

(5.25,3)
(4.5,3)
(3.75,2)

®

Figure 3.8. Additional imputed data points for an ed@e

16:00:00

14:00:00
(5.25,3)

13:00:00
(4.5,3)

12:00:00

o

(3.75,2)

Figure 3.9. Additional timestamps data points the start and end vertex of a same edge

3.4 IMPLEMENTATIONOFTH E TRAJO FUNCTI ON

The application of thé 1 €arfation, according to a criteriak) between two observations gives as a
result a set of points derived from the edges of the resulting reconstructed route. lbshmmiét

thatthe first stage of the imputations process (trajectory reconstrucen)tibe RN for finding the
segments where the trajectory traverses, i.e., a set of vertices. If the location data points found do no
met thethresholds, the edge depicted between two vertices is used to meet those thresholds as a
second stage.
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Given (a)users checln records describing a set of 2D leampling trajectoried’S = {T;} from a

certain LBS and (b) a user criteria preferetieee c| ai m t hat a figoodd route

criteria preferences, and (b) returns a more detailed traje€t@ 7S. Algorithm 1calls the

Function 1(traj) for each pair of observations that make up the trajectory in a determined dataset
7S.

3.4.1 Algorithm 1: Reconstruction of a Trajectory

Algorithm 1: Reconstruction of a Trajectory

INPUT{ 7S]} "YN TS ,m, h si € XDQi o b -0 O z}

o #O0A0
OUTPUTE7S |} "YN TS |i € ¢XXQi o ¢h o &0 O z7 1 17z 2
TS'N g

Yab g
For each’Yin 76

Foreach in"Y
ifi ¢ DOl o b -6 O zthen
Vi O QQMOKk @B o
AppendYi &QQ ¥l ®
else
Append , i  to"Yae
Next ,
end
End
Append™eto 75°
End
Return 78”
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3.4.2 Function 1: fi iaj 0 function for imputation data between two observations of a
trajectory

Function 1: traj: Function for imputation data between two observations of a trajectory

INPUT: , b sl ¢ (XDQi o vhoto [0 O zZ
o # OAO

OUTPUT:;, h si ¢ (XDQi o HpH OB (20 O zr "z z
/I To apply a routing algorithm according to c criterion betwaens Q ‘®@diodand
QB0 FOK

For eachQ

/I Use set_time function for setting the time to each vertex resulting from the routing algorithm
ON "QQ@QQB QI ®@d "WQHAQGQQH QI @D WO QD QIANG Qi H@E@D WQ o

Ifi & XNQi 0 G P [~ 'QQ6 QWY 'QQ6 QWY  zthen
Il interpolate betweeti and{
Use theequation 3.6andequation 3.7

end

Trajectory

{,, QUOQQDL QI ®@D WQ QG QQD QI ®@ED "WQE QHQIWNG QI OdEd WQO, €,
"QQOQQ0 Q1 ®ED "WQHQQG®QQO QI O@ED WQH QBH'QEANG Q1 ®@dEDd "WQO, €,
VQOQQD Q1 O@D "WQO AQQ® QQH QI ®@Ed "6 i QH'QEENG Q1 @b @6 ,, }

end
ReturnTrajectory

Example. To explain how théraj function works, let us consider a set of chétklata describing

a trajectory of a particular user as showitable3.1and the RN of the city of Medellin, Colombia
(described by the graph Ga) shown HKgure 3.10 We also get the nearest edges
'QOMH'M ¢ TQHROG , "QQO Q "HAN & 'FQH ROM and QOB Q "GN ¢ TQHROG, for

each checlin. Those road segments are depicted in solid linEgjimre 3.1Q

User Data point | POl name (x,y,t)
15307763 Checkin A Shop (-75.562555,6.249437,20140809134 3
15307763 Checkin B | Restaurant (-75.576790,6.244406;201408091455]
15307763 Checkin C Shop (-75.591672,6.257514,201408091737+
Table3.1. Checki in data of aparticular user.
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Checkin C - 2014-08-09 17:37:45

\Che(lmn A -2014-08-09 13:43:45

[ ]
AEC"'“ B - 2014-08-09 14:55:17

Figure 3.10. Portion of the city of Medellin, Colombia.

Next, the change of the imputed data of the reconstructed trajectories is shown when the criterion
changes. Let less than the actual road distance between each pair ofichectz less than the

actual difference between time chank. TheDistance Time andTouristiccriteria are used:
Imputed trajectory using the Distance criterion

From Checkin A to Checkin B, the (sub}rajectory is computedusing thetraj function

o1 BN ®TOH MM G TQH hh with ¢ = Distance The A * algorithmis usedto find the
imputed location data betweedQQ® Qi ®'@d "WIND Q "GIN ¢ 'CQHAOG  and
"M Qi OO0 WD Q "HAN & 'CQHROG using the'QQ @and " QQ@functions. At the
same time, the timestamps for those locationwata setising thd ‘Q® "Qdufction and assigning
proportionally the differencéQQo "Qé6TWN O TQH  "QQ6 Qa6 O TQH . A partial
result of the imputed observations is listedable3.2 The first part of the trajectory can be seen
in Figure 3.11.
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User I nvl pnom”> W "] w4l mom > W " "e <« Clam*m > W Pk
User 1 (-75.5625555,6.2494373,20140809134345)
User 1 (-75.5620212,6.2491409,20140809134656)
User 1 (-75.5629924,6.2496343,20140809134717)
User 1 (-75.5635239,6.2488592,20140809135054)
User 1 (-75.5620212,6.2491409,20140809134717)
User 1 é
User 1 (-75.5754726,6.2450224,20140809144727)
User 1 (-75.5759484,6.2450904,20140809144748)
User 1 (-75.5760523,6.2451252,20140809144748)
User 1 (-75.5767275,6.2437119,20140809145314)
User 1 (-75.576790,6.244406,20140809145517)

Table3.2. Imputed observations using the Distance criterion betv@etkin A to Checkin B.

[ ]
Checlein C - 2014-08-09 17:37:45

ol
D;P_,__Q/ *@heck—in A -2014-08-09 13:43:45
7

1'49'-‘@_»0 o
/ e % =4

’gtheck-m B - 2014-08-09 14:55:19 9

Figure 3.11. Reconstructed Trajectory betwe€heckin A and Chechn B using Distance

criterion from the uset.

Next, the sub(trajectory) from Cheak B to Checkin C is computed using i @D o Q
QMM G TQH ho with ¢ = Distance A partial result of the imputed observations of this
trajectory section is listed ihiable 3.3 The last part of the imputed trajectory can be seé&tigure
3.12
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User lnd mom> W gl m ] mom > W "w''m b m > W m
User 1 (-75.576790,6.244406,20140809145517)
User 1 (-75.5767275,6.2437119,20140809150356)
User 1 (-75.5776115,6.244002,20140809150903)
User 1 (-75.5777403,6.2440447,20140809150948)
User 1 (-75.5783803,6.2442404,20140809151329)
User 1 é
User 1 (-75.5924922,6.2564856,20140809172702)
User 1 (-75.5925836,6.2566938,20140809172817)
User 1 (-75.5921396,6.2577242,20140809173431)
User 1 (-75.5916435,6.2574905,20140809173732)
User 1 (-75.591672,6.257514,20140809173745)

Table3.3. Imputed observations using the Distance criterion betwitheckin B to Checkin C.

Check-in C - 2014-08-09 17:37:45

L ]
3}—7 Check-in A - 2014-08-09 13:43:45

(b‘bl‘; Checkin B - 2014-08-09 14:55:17

Figure 3.12. Reconstructed Trajectory betwe€heckin B and Checlin C using Distance

criterion from the user 1.

The whole reconstructed trajectory using the Distance criterion is shdviguire 3.13
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Checkin C - 2014-08-09 17:37:45

_O—_@ﬂlfoo
~og.

- 8
%7_ DO,__@/ A heckin A - 2014-08-09 13:43:45
)

/O’

d / O ol
& ) = /
‘D“I{ Checkin B - 2014-08-09 14:55:?9\0*’

Figure 3.13. Reconstructed Trajectory using Distance Criteria from the user 1

Imputed trajectory using the Tinegterion

Now, the criterion ¢ Fimeis set. The (sub)trajectoffom Checkin A to Checkin B is computed
using thetraj functiond 1 ¢S & CQH MM & TQH . The Dijkstra's algorithm is used to
find the imputed location data betwe®@iQd Qi ®'@d "I Q "GHIN ¢ ‘TQHROG and
VOB Q1 O "W Q "HAN & 'FQHROG using the"QQ @ and "QQ @ functions. The

difference "QQ0 QTN 0 TQH Q0O QO » TFQH was proportionally assigned

using thd ‘Qa "Qdufction. A partial result of the imputed observations is listébhinle3.4. This

first part of the impugd trajectory can be seenkigure 3.14

User lnd mom> w0 gl ml mom”> W " "m ¢ Ol > W "
User 1 (-75.5625555,6.2494373,20140809134345)
User 1 (-75.5620212,6.2491409,20140809134656)
User 1 (-75.5623187,6.2483562,20140809134924)
User 1 (-75.5623576,6.2482814,20140809134939)
User 1 (-75.5635619,6.2487949,20140809135331)
User 1 e
User 1 (-75.5754726,6.2450224,20140809144819)
User 1 (-75.5759484,6.2450904,20140809144838)
User 1 (-75.5760523,6.2451252,20140809144838)
User 1 (-75.5767275,6.2437119,20140809145314)
User 1 (-75.5767905,6.2444064,20140809145517)

Table3.4. Inferred observations using the Time criterion betw&backin A to Checkin B.
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L
Check-in C - 2014-08-09 17:37:45

L8
dy-—.ha Bheckin A - 2014-08-09 13:43:45

£
ot
<]
]
/
a
‘8

Ni
28

°
5'/U’|eck-in B - 2014-08-09 14;55:17

Figure 3.14. Reconstructed Trajectory betwe€heckin A and Chechn B. using the Time
criterion from the user.1

Next, from Checkn B to Checkin C the (sub)trajectory is computed usingi 5@ ¢ Q
QB MM G TQH ho with c= Time A partial result of the imputed observations of this trajectory

section is listed iTable3.5. The last part of the imputed trajectory can be seé&igure 3.15

User l ol pmem”> w0 "l ml mm”> W e "a T m > W "gm
User 1 (-75.5767905,6.2444064,20140809145517)
User 1 (-75.5767275,6.2437119,20140809150317)
User 1 (-75.5776115,6.244002,20140809150801)
User 1 (-75.5777403,6.2440447,20140809150843)
User 1 (-75.5783803,6.2442404,20140809151207)
User 1 é
User 1 (-75.5924922,6.2564856,20140809172750)
User 1 (-75.5925836,6.2566938,20140809172900)
User 1 (-75.5921396,6.2577242,20140809173445)
User 1 (-75.5916435,6.2574905,20140809173733)
User 1 (-75.5916722,6.2575147,20140809173745)

Table3.5. Inferred observations using the Time criterion betw&baackin B to Checkn C.
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/:‘.. Check-in C - 2014-08-09 17:37:45
A
<]
',
\
N\
S S o |
.
I
/
5‘3
?
o— e
5 Checkin A - 2014-08-09 13:43:45
O{D—-OO,_
e )
T

%‘ﬂw,b Checkin B - 2014-08-09 14555:17

Figure 3.15. Reconstructed Trajectory betwe€heckin B and Chechn C. using the Time
criterion from the user.1

The whole reconstructed trajectory using Timecriterion is shown irFigure 3.16.

/ 7 Checlcin C - 2014-08-09 17:37:45
%
Y
\\
S
2
¢
¢
-]
o
b .
——— g 700-_10 A f 0‘707_7 f*-.,o\\-o;@heck-in A-2014-08-09 13:43:45
- o 7
e i) TP o
< /
N o
3

N

%E o
R e/

'D\E{Cneckrln B - 2014-08-09 14:55:17

Figure 3.16. Reconstructed Trajectory using the Time criterion from the user 1
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Imputedtrajectory using the Touristic criterion

Again, the criterion to ¢ Fouristicis set.The (sub)trajectory from Chedk A to Checkin B is
computed usingd i (BTN O CQH MM O TQH hH. A partial result of the imputed

observations is listed imable 3.6. This first part of the imputed trajectory can be seeRignuire

3.17
User ol pom> w0 "l ]l m*m> W P " e« Ol > W0 g

User 1 (-75.5625555,6.2494373,20140809134345)
User 1 (-75.5620212,6.2491409,20140809134717)
User 1 (-75.5629924,6.2496343,20140809134717)
User 1 (-75.5635239,6.2488592,20140809135050)
User 1 (-75.%520212,6.2491409,20140809135050)
User 1 é

User 1 (-75.5760523,6.2451252,20140809144731)
User 1 (-75.5759484,6.2450904,20140809144753)
User 1 (-75.5760523,6.2451252,20140809144753)
User 1 (-75.5767275,6.2437119,20140809145300)
User 1 (-75.5767905,6.2444064,20140809145517)

Table3.6. Imputed observations using the Touristic criterion betwelkackin A to Checkn B.

Figure 3.17. Reconstructed Trajectory betwe€heckin A and Chechn B using the Touristic

®
Check-in C - 2014-08-08 17:37:45

OCP_,_‘Q’:DKQ‘IGCHH A -2014-08-09 13:43:45
V4

P /
P8 e /O

/ @
E'/U!eck-in B - 2014-08-09 I-"J:S.‘S:\I‘%s

criterion from the user.1
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Next, the (sub)trajectory from Cheak B to Checkin C is computed using i ¥@D ¢ Q
"QHIM 0 'CQH A with ¢ = Touristic A partial result of the imputed observations of this
trajectory section is listed ihable3.7. The last part of the imputed trajectory can be seé&tigure
3.18

User lnl pom”> W "l gl p*m > W "n""e <« Thm “m > W "akm
User 1 (-75.5767905,6.2444064,20140809145517)
User 1 (-75.5767275,6.2437119,20140809150344)
User 1 (-75.5760523,6.2451252,20140809150344)
User 1 (-75.576727%.2437119,20140809151211)
User 1 (-75.5758606,6.2456828,20140809151211)
User 1 é
User 1 (-75.5924922,6.2564856,20140809172717)
User 1 (-75.5925836,6.2566938,20140809172830)
User 1 (-75.5921396,6.2577242,20140809173435)
User 1 (-75.5916435,6.2574905,20140809173732)
User 1 (-75.5916722,6.2575147,20140809173745)

Table3.7. Inferred observations using the Touristic criterion betw€aeckin B to Checkn C.

Al
.f Check-in C - 2014-08-09 17:37:45

f‘.r'"oo” -
I
p—o—og

o

L]
&) Chechein A - 2014-08-09 13:43:45

P

o /
(5'fﬂ’\eck-lﬂ B - 2014-08-09 14:55:17

Figure 3.18. Reconstructed Trajectory betwe€heckin B and Chechn C. using the Touristic

criterion from the user.1

The whole reconstructed trajectory using the Touristic criterion is shofrigune 3.19.
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Check-n C - 2014-08-09 17:37:45

ol
53 f@/ eheckin 4 - 2014-08-09 13:43:45

e
0

sl
Checkin B - 2014-08-09 14:55:1

Figure 3.19. Reconstructed Trajectory using the Touristic criterion from the user 1

Note that the reconstruction changes when a RN and a set of criteria are considered. Other
(sub)trajectories described by others imputed observations can be found if other criteria are used.
Now, the original trajectory registered by this user in thedfityledellin is presented, séégure

3.20 It differs slightly in some segments streets from the imputed ones.

®
/ Check-in C - 2014-08-09 17:37:45
Y

2 _,—,,\/’\kcneck-un A - 2014-08-09 13:43:45

—__Vchecking - 2014-08-09 1455517 —

Figure 3.20. Original Trajectory for user 1.

Measuring and comparing the resultingconstructed trajectories using different criteria with the

original one
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There are many approaches for measuring the similarity between trajectories in the literature review
[96], [97], [10Q]. A similar approach proposed b¥q is followed:

Two trajectories Tand T are spatigemporally similar, iff a) Trajectories; ind T have the same

temporal granularityand the trajectoeis are spatially similar, i.6Y'O0 “YRYh— — where

YO0 "YAYh— ————isthe a spatial similarity measurejs a threshold to consider a

trajectory spatially similar with other aridat thePOlregard€o important roads or places.

The reconstructed trajectories have the same temporal granulaotgliagcto P6] because they

have similar time stamp assigentaccording to the method proposed haravhichthe timestamps

are assigned proportionally. We consider the POls as the road segments that a trajectory traverses.
The"Y"O0 is computeddr the reconstructed trajectoriesd then compared with the original one,
seeFigure 3.21 Note that the user 1 tends to move using the Touristic criterion instead of the criteria
generally provided by common route planners (the shortest distance).

SIMpol

0,80 0,74
0,70
0,60
0,50
0,40
0,30
0,20
0,10

0,00

B Original trajectory vs. imputed trajectory using the Time criterion
B Original trajectory vs. imputed trajectory using the Distance criterion
m Original trajectory vs. imputed trajectory using the Touristic criterion

Figure 3.21. The similarity measure between the inferred trajectories and the original one for the

user 1.
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Next, the computation of thHey"O0 measure for 80 highly sample rate trajectories in the city of
Medellin, Colombia is carried out. The cheankdata were simulated (time and location data were
deleted) for those trajectories to get low sampled trajectories and the (sub)trajectoriesnpeted
based on some criteria using tingj function between the simulated chenk, seeFigure 3.22
Note how the averag& O0 is higher when the Distance criterion is used followed by the Touristic
criterion, i.e., the best imputation procéssthis 80 trajectories can be achieved when someeséth
criteria are used. However, remember thapimposeof the trajectory reconstruction proposed here
is to discover the new possibilities of reconstruction as an imputation process to infegitred or
trajectories. The trajectory reconstruction procedure takes iplawréer totransform low sampled
location data into trajectories with a better sampdiaghat we can acquire some useful knowledge
In this case, basedaeconstruction criteria.

Average SIMpol

0,70 0,65

0,61

0,60
0,50
0,40
0,30
0,20
0,10

0,00

B Original trajectories vs. imputed trajectories using the Time criterion

B Original trajectories vs. imputed trajectories using the Distance criterion

B Original trajectories vs. imputed trajectories using the Touristic criterion

Figure 3.22. The average similarity measure between the reconstructed trajectories and the
original ones for a set of 80 users.
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3.5 CONCLUSION AND FUTUR E WORK

Valuable information can be extracted frar@jectories. It can be useful for locatibased services
applications including trip planning, personalized navigation routing services, mobile commerce,
and locatiofbased recommendation services. In tbispter low-sampling trajectorieswere
reconstructedising the personalization featurestled routing theory based on a criterion decision

over a graph. Using theeaj function with different criteria can be used as an input for different
mining algorithms over trajectories as a wayealdvith analytics using uncertain trajectories. Here,

it is claimedthat analytics over reconstructed trajectories can change depending on the criterion used
for the trajectory reconstructiorlso, this criteria based reconstruction can be usegerfom

analytical tasks and offer the possibility of answers questions based amnitgsey such as:

1 How thepresence measufthe number of distinct trajectories that lie in a spatial regi2fj) [
varies according to the reconstruction criterion selected?

1 How doregions of interestdg] vary according to a chosen reconstruction criterion during a
determined time?

1 What are the main bottlenecks in the city in a determined time according to a certain
reconstruction criterion of movement?

1 Whatwould bethefuel consumption of movement if the people moved according to a certain

criterion in a determined period?

The main contributions of this chapter are:

1 The development of a method of reconstructing-dampling trajectories according to user
criteria
1 The modeling of the incorporation of useiteria forthe reconstruction of losampling
trajectories.
9 The reconstructiomprocess caitbe used in an imputation proce€8][ over low-sampling
trajectory data.
T This chapter devel d®evslopt iser crisepacbased opecatorddrfhee c t i Vv €

reconstruction of a loveampling trajectory  u s i tiajdunctiom.e
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CHAPTER 4. USING CRITERIA RECONSTRUCTION OF LOW -
SAMPLING TRAJEC TORIES AS A TOOL FOR ANALYTICS

4.1 INTRODUCTION

Today, a lot of applications wiihcorporated Geo Positional Systems (GPS) deliver huge quantities
of spatietemporal dataTrajectoriesfollowed by MOs can be generated from this ditawever,

these trajectories may have silent durations, i.e., time durations when no data are deailable
describing theroute of a MO [L0]. As a result, the movement during silent duratiomsst be
described and the low sampling data trajectory need to be filled in using specialized techniques of

data imputation to study and discover new knowledge basetbwement.

A novel and relevant task when M@re analyzeds thecharacterizatiorof trajectories based on
some criteria and the geographical space where they occutl]inttie authors offer a brief
taxonomytobdid t he A be st dcriteriadije shortest disyanch, éinseegpdint of interest
(POI) and simplicity of the road network (RN). Multiple options regardimthe user decision
strategiesnustbe also integratedLp]. The problem of route reconstructiosinga set of metrics
different from distance is still an open research is4@k dnd requires the adaptation of new

customized metrics, and possibly combinations of them, for reconstructing the trajectories.

InChapter3,we proposed atrapuhot i 0oabwssmihdindagebtoriesdpased

on user criteria. An imputation process is carried out for handling uncertainty for trajectories
followed by a set of MO in a RN. The function is defined using an explicit criterion parameter that
describes the intention tie movement with metrics. The inclusion of the movement criteria in the
analysis of trajectories is an important contributittnwill be even greater when uncertainty
trajectory data is reconstructed and analyzed as a Waradeudying and discoveringnowledge. In

this chapter, we propose several analytics possibilities using several tools of analysis such as:

graphics and data warehouse (DW).

As expressed byg], the movement expressed by trajectories themselves are not always the main
focus of analyis. The trajectories can be analyzed with the aim of gain knowledge about MO or
about the environment where trajatds take place, e.g., the RNor this reasansome measures

are explored and some questions are sketobetb show their variation anésults according to a

given criterion using tools such as DW techniques. Basic properties of the trajectories such as

travelled distance, travel time including fuel consumption (if the trajectories under consideration are
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done by vehicles) can be objectasfalysis. Our interest is to show other opportunities of analytical
tasks using a criteria based operator over reconstructeddmpling trajectoriesAlso, a simple

visual analysis of the reconstructed trajectories is done to offer a simple analstiegiiee of the
reconstruction and how the criterion of movement can change the analysis. To the best of our
knowledge, this work is the first attempt to use the different reconstruction of trajectories criteria to

identify the opportunities of analyticelsks over reconstructed lesampling trajectories as a whole.

Although in Chapter3 uncertainty is handled using the criteria based method for reconstructing
trajectories, analytical tasks are not applied to these reconstructed trajectories. As expressed in
previous chapters, the ultimate objective of reconstructing trajectories ifaonpéetter analysis

tasks over trajectories. DW approaches might be used to deal with these tasks. Elements such as
hierarchies and aggregations, and techniques such as mining and visualization have been adapted to
the spatiotemporal data to support sadhalysis into a new concept called Spdt@nporal Data
Warehouse (STDW)24]. One step further from modeling a STDW is related to the integration of

the movement described by a MO, ,iteajectories, in a trajectory data warehouse (TD2@), [27],

[87].

Because of the DW based on spatiotemporal data still lacks of analyticallidisk&7] we extend
the approach proposed @hapter3 for analytic tasks to determine how analysis changes when the

movement criterion is incorporated in the reconstruatidlow-sampling trajectories.

The rest of this chapter is organized as follo®sction4.2 describes the analytical proposal
including visualizationin Section 4.2.Jand analysis taskn a DW architecturen Section 4.2.2
Some analytical question aagldressed to show analytical possibiliti8sction4.3 concludes the
chapterdescribingtheresults of the proposed analysis tasklproposing future works

4.2 THE PROPOSAL OF ANALYSIS

The idea behind the trajectory reconstruction proposechepter 3 is to be applied to a set of
trajectories to impute missing data in a preprocessing stage. This approach is extended here for
analytic tasks to determine how analysis of MOs change when a movement criterion is incorporated
for reconstructing lowsamplingtrajectories. Analysis tool such agaphicalandTDWapproaches

are used to accomplish this task. The first is referred to a simple visual analysis of the reconstructed

trajectories. In the second, we usettlag function in a stage of a TDW solutiom $upport analytics
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over a set of reconstructed trajectories. rhgfunction is used for preprocessing the location data

trajectory for each criterion of interest and then each criterion is mapped as a member in a dimension.
The reasons for using a TD#yproach are:

- Ina TDW environment, the criteria can be represented in a dimension of analysis.

- A huge data generation from GPS based application.

- Theanalystmustslice and dice th&ajectorydata in every possible way.

- Companies basechdocation markiéng or mobility can use trajectory data information to
support more faebased decision making.

Next, the approach proposedGhapter 3is summarized:

9 First, cost is applied to each segment of the RN to represent the criteria needed. The survey
made inChapter Zhighlights three main routing criteria: time, distance, and attractiveness
(scenic path POibased).

The RN where the observations occurs arpped into a graph representation.
Each observation of each lesampling trajectory ignapped into a road segment by
searching for its closest road segment.

1 Thetraj function is applied between the mapped observations for each trajectory. Here, a
routing agjorithm such as Dijkstra is called passing as a parameter the cost of each edge and
each pair of observations for each trajectory of the data set.

1 A set of edges is retrievatkscribing the route in the RN between the observations of each
trajectory. We gethe longitude and latitude of each vertex of each edge and set the time for
each vertex proportionally according to the total distdolb@wing the criteria applied.

9 Additional imputed data points can be gotten using interpolation methods between the
inferred points, i.e., the start and the end vertex of an edge if the previous steps do no met
the thresholds of time and distance required.

4.2.1 A Graphical analysis

A basic visual analysis of the reconstructed trajectories for each criterion offers a amalytec
perspective for the reconstruction proposed here. Ginedata in the city of Medellin, Colombia

on August 14, 201#% used for proposing visual analysis. $@gure 4.1, the name and timgtamp
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of each checlin is shown. The details of how this source data were obtained are expla8sadiam

3.5.2 Additional data checin points by days of the collected dataset are drav@hapter 5

& boque Ms-5, Fcultad De Minas » 2014.08-04 09:43:38
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Figure 4.1. A set of checkn pointson August 4, 2014Medellin

Thetraj functionproposed in th€hapter 3 is applied to the set of legampling datan August 4,
2014using criteria such agistancetime, andtouristic. The resulting reconstructed trajectories are
shown in theFigure 4.2, Figure 4.3 andFigure 4.4 whendistance time, andtouristic criteria are
applied, respectively. Additional reconstructed trajectories by criteria and days of the collected

dataset @& drawn in theChapter 5for more analysis tasks.

Note that some routes are not used when the criterion changes, see some examples highlighted with
thegraydashed ellipses in thegure 4.2 Figure 4.3 andFigure 4.4.Some of those road segments

can belte representative ones for each criterion such as Fighee 4.3, where that segment seems

to be the fastest choice wheéme criterion is consideredhlso, note that some segments of streets

remains used whatevire criterion of movement is select&ke examples highlighted with the red
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dashed ellipses ifkigure 4.2 Figure 4.3 and Figure 4.4 Common segments present in all the
criteria can be target as possible bottlenecks if they do not change when criterion of movement

change.
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o

Figure 4.2. Reconstructed trajectories usimgstance criterioron August 4, 201@Medellin)
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Figure 4.3. Reconstructed trajectories usifigne criterionon August 4, 201@Medellin)
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Figure 4.4. Reconstructed trajectories usifiguristic criterionon August 4, 201Medellin

A visual analysis with a color gradient shows the segments with the most trajectories traversing them,
seeFigure 4.5, Figure 4.6, andFigure 4.7. Those simple gradient visualization can help to identify

the streets where a possible bottleneck can be tbifral the users follow the same movement
criteria. Again, segments with a higher color gradient in each criterion can help to identify, possible
bottlenecks.

In Figure 4.5, the reconstrumn of the trajectories based thedistancecriterion is show. Note
that the segments of the Medellin RN with the most visible color, shows a higher traffic for those

streets/avenues.
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This segment street is the most
traversed when the distance is use
as the reconstruction criterion.

Figure 4.5. A color gradient of reconstructed trajectories usbigtance criterion

In Figure 4.6, the trajectories are built using tkime criterion. Note that a higher number of
trajectories are passing through a long segment traversing the city from north to south. This is a
highway with three lanes in Medellin, Colombia city (Regional Avenue, as presented in the detailed

image from Open&etMap); therefore, it is considered to have a fastest traffic flow.
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. This'segment street is the ma
/ traversed when thémeis used as the
reconstruction criterion.
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Figure 4.6. A color gradient of reconstructed trajectories usifime criterion

In Figure 4.6, the trajectories are built using ttmristic criterion. Note that a higher number of
trajectories are passing through the downtown ("La Alpujarra” administrative eadt&€an Juan”
street) and nEI Pobl adoodo sector (including th
restaurants and clubs are located (see the images attached to the map). In a marketing campaign, the
most visible segments can be targeted for alislirected advertising or for enhancing mobile

applications such as Foursquare helping merchants to boost his/her business nearest to those

segments.
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Demographic information (e.g. description, gender, date of birth, professiddevicerelated

technegraphic information (e.g. GPS or Cell type) can be also included to slice the data by user

profile.
e
*
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— Avenue
o
A ]
" < El Poblado

‘_*. ¥ , Sector

Figure4.7. A color gradient of reconstructed trajectories usifayristic criterion
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4.2.2 A Trajectory Data Warehouse analysis

Another possible tool for showing the analysis variation of the criteria is a TDW architecture, where
the criteria can be considered dms®nally. Here, théraj function is used in a data preprocessing
step in the stage of data transformation. Everydawpled trajectory is imputed and marked for
each criteria and then stored in the fact table, i.e., each trajectory is reconstrustedeghas many
times as the number of criteria are incorporated to the analysigime 4.8a basic a TDW

architecture is shown including lesampling trajectory reconstruction. In the following we expand

and explain each stage of the TDW proposed architecture.

@0

9 Ad Hoc
Query Tools
/\ 1 Analytic
—\ D Applications
T 1 Modeling:
Criteria Forecasting,
Extraction Set DimCriteria Scoring,
Data mining
- 1 Visual
Traj Load Acces Analytic
Function , tools
—— FactTrajetory
xtraction
RN Graph Sy . gg
7\ I
v —

Source Data Data staging area Data Presentation area Data Access

Figure 4.8. A Data warehouse architecture including traj function

4.2.2.1Source Data

The source location data may come from diverse location based data such as: GPS Logs, Check
data and geotagged photos. For the purpose of this thestnfad-oursquare chedahs of 80 random
active users during a week in the city of Medellin, Colombia were collected using the public API
from Foursquarelf0q, seeChapter5 for technical details. A basic distribution of the data is shown

in Table4.1 (other data details are included@mapter5). The checkin dataareused to show with
examples the change of the analysis according to movement criteffigubhe 4.1, those checlin
pointson August 14, 201#ere shownNote that the cheeln data have &t of uncertainty due to

the characteristics and purposes of these mobile applications.
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Date Min Time Max Time Check-in User Quantity
Quantity
201408-04 06:07:06 19:53:26 257 79
201408-05 06:00:30 19:55:45 232 75
201408-06 06:04:35 21:57:38 222 76
201408-07 06:00:25 22:56:26 188 73
201408-08 06:01:14 22:46:38 224 77
201408-09 00:00:31 22:53:25 235 77
201408-10 00:00:00 19:34:43 242 78

Table4.1. Quantity of checlin’s users by dagMedellin)

Also, we need to load the graph Ga that represents the RN where the trajectories take places
according to the parameters of theg function. The RN is then mapped into a spatial dimension of

the TDW proposal. In order to get the RN graph Ga of the €ibealellin, we useosm2po'§101]
converter that use@penStreetMap'gL02] XML -Data and makes it routable. It generates SQL files

for PostGIS[103 databases, compatible witigRouting[104]. The TDW was implemented using
Postgress 9.DBMS [105].

4.2.2.2Data Staging area

The storing and transformation of data between the sources of information and a (DW) is done in
the staging area. The stage tables that stores the data were loaded, atghsthdardized from
the described sources developing an ETL process (&teghters for technical details). Functions

for computing the imputed data were also developed. Those are:

1 Road Network Graph: The XML files generated by osm2po's convertéoaated in the
stage area and the Ga is now represented &tagetable containing data of road connection,
directions, and cost of the streets segments.

1 The whole functions described @hapter3 are implemented in Postgress 9.2 DBMS using

functions and iew object§105].

1 Each observation is mapped into the nearest edge.
1 Cost is applied to each segment of the RN according to the set criteria.
1 In aPostgisdatabase, thieaj function is implemented. Each trajectory is computed for each

criterion and storedsing thetraj function.

The trajectory reconstruction procedure takes place to impute low sampled location data originated,

e.g., from GPS recordings into trejeries with a better samplinghe ETL process that feeds the
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TDW is implemented using Pentabata Integration 5.0.[IL0§. The technical details of the ETL

developed are explained @hapters.

4.2.2.3Data Presentationarea

As it usually happens in data management world, the challenge after storing theaatakisthe

right analysis that couléxtract useful knowledged]]. Considering that a trajectory is a spatial
object whose location changes in tin#/]] a TDW should include a spatial and a temporal
dimension describing geography and time, respectidly As such, different features netbe
described: numeric, spatial, and tempogal [[87]. Another dimension regarding twnventional

data about MO (including demographic data, such as gender, age, occupation etc.) could be

considered as well.

FromFigure 4.8 we zoom in the TDW modéh Figure4.9, the model is composed by the Dimension

of MO (dimMovingObjedt that stores the objects that describes the trajectory; the dimension of
trajectories dimTrajectory, that stores the ID for each raw trajecttogifferentiate them from its
reconstructed ones; the dimension of critedanCriteria) that stores the description for each
criterion of reconstruction; the dimension of tim#in{Timég; the geometric dimension of the
underlying RN dimRoadNetwork and he fact table of reconstructed trajectories{Trajectory,

that stores a set of measures of interest for each segment/edge that make up the reconstructed

DimCriteria

trajectory.

/
)
Measure 1
X
[ DimRoadNetwork]i Measure n
 J

Figure 4.9. Dimensional Model of the Data warehouse proposal

In Table4.2, we zoom in thdfactTrajectoryentity. It shows an example of a fact table with the
reconstructed trajectories according to a set of criteria aftetréipgunction is applied in a
preprocessing stag&achlow sampled trajectoryTof the object IDis reconstructedor eachc
criterion consideredcomputed and stored. Similarly, each measure of inferesiputed for each

segment of the trajectory delimited by the interval of the two consecutive observ&tiortbe
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purpose of this thesis, we assume explicitly that a trajectatyjopocan be mapped into a RN

segment.
MO | Trajectory | Observation| RNID time Criterion | Measurel | é | Measure
ID ID ID n
é
IDi Tj L., ] RNy [0, O] C1
IDi Tj é é é Ci
IDj T L., ] RNy [CA), e) ] C1
IDi T; é é é C
ID T L ., 1] RN« [[O6 ,0] C1
e e
ID; T| L., ] RNx [0, O] Co
IDi T e e e Co
ID; Tj Loy, ] RNx [(), ®) ] Co
IDi Tj é e é Co
ID; T L ., 1] RN« [[O6 ,0] Co
e

Table4.2. Fact table of reconstructed trajectories of a set of objects for each criterion

In Figure 4.10 a sample of this fact table is shown with some measures of interest. The query

sentence is also shown next:

SELECT movingobijetid, trajectoryid, criterioid, roadnetworkidpbservationlinitial,
observationlfinal, distance, fuelconsumption,

FROM facttrajectory

observationlfinal distance

movingobject trajectory criterion roadnetwork observationlinitial fuelconsumption

integer inteqer |integer integer  observation observation  double precision double precision
13307560 201408052 344038 (-75.5612667,6.1851028,20140805135854) (-75.5611122, 0.021239435 0.0021239435
16516211  2014080%3 355672 (-75.5808303,6.2178794,20140805102203) (-75.5810046, 0.0773624 0.00773624
24822919 201408052 352904 (-75.5791741, 6.2494485,20140805102050) (-75.5784825, 0.16€217731  0.016217731
28763109 2014080%3 341805 (-75.5744685,6.2433958,20140805181452) (-75.573419560.26975274  0.026975274
32847494 201408051 354468 (-75.5724901,6.2421884,20140805122738) (-75.5719087, 0.068614714 0.0068614714

Figure 4.10. A factTrajectory fact table example
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Note that this is a simple dimensional model. The idea behind this proposal is the aggregation of
each measure along each criteria and evidencing the change of the analysis if a specific criterion is
considered such as the total distance when the criteR®Is is used or the total fuel consumption

if the time is considered. The measures are properties of ina@msieach one of the segments of

the trajectories. As it is shown Figure 4.8, the level of granularity, i.e., the detail of the units of

data in the DW, is given by the segment between inferred observations and the time intervals
determined by those observations. Note also that the aggregations of the measures have a semi
additive behavior (the measures only make sense if they are added ep tis dimension is
included) BZ] with the criteriadimension In Table4.3, some measures of interediout trajectories

are shown.
Measure Description
Quantity of| Count all distinct trajectory ids that pass through a street segment

trajectories

Quantity of users| Count all the MO IDs that pass through a street

Total Distanceg Adds up the computed distance for each segment of the reconstr

Traveled trajectory. The total distance of a set the trajectories is the sum of the di
of each one.

Total Travel| Adds up the computed time for each segment of the reconstruction traje

Duration The total distance of a set the trajectories is the sum of the distance (¢
one.

Fuel Adds up the fuel consumption according to the disaraveled

consumption

CO2 emissions | Adds up the co2 emissi@tcording to the distance traveled

Table4.3. Somaneasures of interest in a TDW

If the comparison of fuel consumption using a reconstruction critagaimst another is needed, a
measure of fuel consumption for each segment traveled can be defined. Of course, vehicle’s fuel
consumption changes according to vehicle types and other variables such as roadarrhaffic
weather conditions, driving style, vehicle speed, load, and condition. However, manufacturers
provide average fuel consumption data. In most countries, this ratio is given in litres / 100km as the
most commonly used measure of fuel consumpti®7i]in a most accurate way, many vehicles are

fitted with a trip computer that provides an average fuel consumption function. However, for the
goal of this thesis, the MOs are supposed as vehicles of the same type, i.e., they have the same fuel

consumption. Th&el consumption is estimated based on the distance travelled. This method offers
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a reasonably accurate means of determining actual fuel usage for a particular trip. Suppose that the
set of MO analyzed here use 10 Litres / 100knFigure 4.11 fuel consimption (litres / 100km)
sliced are by criteria and day betwe&amgust 4, 2014ndAugust 10, 2014re shown.

SELECT criteria.CriterionDesc, Timelni.IdDate
SUM(fact.FuelConsumption)

FROM factTrajectory fact

INNER JOIN dimCriteria criteria

ON fact.criterionid = criteria.criterionid

INNER JOIN dimTime Timelni

ON fact.(observationlinitial).t = Timelni.ldTime

INNER JOIN dimTime TimeFin

ON fact.(observationlfinal).t = TimeFin.ldTime

WHERE Timelni.ldTime >= 2014080AND TimeFin.IdTime < 20140810

GROUP BY criteria.CriterionDesc, Timelni.iddate

Sum Fuel Consumption

100
90
80

7
criterion
M Distance
Time
M Touristic
0

6
20140804 20140805 20140806 20140807 20140808 20140809 20140810
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Figure4.11. Fuel Consumption (litres / 100km) sliced by day and criteria

Also, measures such as CO2 emissions can be used for analfisistion of distance traveled
[107]. Suppose that the set of MO analyzed here emitgd@thsof CO2per km. InFigure 4.12
CO2emissions (gramper km) are sliced by criteria and day betwéaigust 4, 2014nd August
10, 2014are shown.
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SELECT dim.DescCriteria, Timelni.ldDateSUM(fact.co2emision)
FROM factTrajectory fact
INNER JOIN dimCriteria criteria
ON fact.idCriteria = criteria.idCriteria
INNER JOIN dimTime Timelni
ON fact.(observationlinitial).t = Timelni.ldTime
INNER JOIN dimTime TimeFin
ON fact.(observationlfinal).t = TimeFin.ldTime
WHERE Timelni.ldTime >= 20140804
AND TimeFin.ldTime <= 20140810
GROUP BY criteria.DescCriteria, Timelni.iddate

As we have done with the fuel consumption and CO2 emissions, we performed a series of queries

Sum of CO2 Emission

300000

250000

200000

150000

100000

50000

iddate

Time
m Tourstic
]

20140804

criterion
m Distance

20140805 20140806 20140807 20140808 20140805 20140810

Figure4.12. CO2emissions (grams per km) sliced by day and criteria

and show some results to explore the analytical possibilities in function of the criterion variation.

Howma ny

MO ar e

ExpasivianeSs ir mg ntdlad ofut i n t he

city

on August 5, 2014Tuesday between 07:00:00 am and 07:00:00 pm accordirtgrte criterion?
The correspondent queandthe resulting query answare showrin Figure 4.13

of
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SELECT COUNT(DISTINCT movingobjectid)

FROM factTrajectory fact

INNER JOIN dimroadnetwork rn

ON fact.roadnetworkid +n.roadnetworkid

INNER JOIN dimcriteria criteria

ON fact.criterionid = criteria.criterionid

WHERE (fact.observationlinitial).t >= 20140805070000
AND (fact.observationlfinal).t <= 20140805190000
AND criteria.criterionid = 2- Time Criterion

AND rn.roadnetworkdesc = 'Glorieta Exposiciones'
Answer: 21

Figure41l3. How many MO are traversing the AExXxposic
Colombiaon August 5, 201@Tuesday) between 07:00:00 am and 07:00:00 pm according to time

criterion?

What are the top 5 most traversed streets between 07:00:00 am and 09:006r0Ayogast 9, 2014
(Saturday according tdouristic criterion? The correspondent query and the resulting query answer

are shownn Figure 4.14
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SELECT rn.roadnetworkdesc

FROM factTrajectory fact

INNER JOIN dimroadnetwork rn

ON fact.roadnetworkid +n.roadnetworkid
INNER JOIN dimcriteria criteria

ON fact.criterionid = criteria.criterionid

WHERE (fact.observationlinitial).t >= 20140809070000
AND (fact.observatnlfinal).t <= 20140809210000
AND criteria.criterionid = 3 Touristic criterion
GROUP BY roadnetworkdesc

ORDER BY COUNT(DISTINCT trajectoryig DESC

LIMIT 5;

Order | Road Network Street
1 Avenida del Ferrocarril

Carrera 65

Calle 44

Carrerad3

Carrera 70

albhiwN

Figure 4.14. What are the top 5 most used segment stogefaugust 9, 201éaturday) according

to touristic criterion?

What is the average distance travelled August 8, 2014Friday) grouped by criteria? The
correspondent query and the resulting query anaveeshowrnn Figure 4.15
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SELECT criteria.CriterionDescAVG (fact.distance)
FROM factTrajectory fact
INNER JOIN dimCriteria criteria
ON fact.criterionid = criteria.éterionid
INNER JOIN dimTime Timelni
ON fact.(observationlinitial).t = Timelni.ldTime
INNER JOIN dimTime TimeFin
ON fact.(observationlfinal).t = TimeFin.ldTime
WHERE Timelni.ldTime >= 20140808
AND TimeFin.ldTime <= 20140808
GROUP BY criteria.CriterionDesc

Average Distance (km.)
0,12

0,11
0,10
Tourstic

Distance Time

Figure 4.15. What is the average distance traveltmd August 8, 201¢@-riday) sliced by criteria?

4.2.2.4Data Access

In order to present the data, we used a tool c&ledntum Gig10§ Free and Open Source
Geographic Information System application that provides data viewing, editing, and analysis
capabilitiesLayers ofa PostGis databag#03], [L05]were added and drawn in a desktop platform.
Figures shown in this chapteere generatkwith this tool.
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4.3 CONCLUSION AND FUTUR E WORK

In this chapter, we lay the groundwork for enhance the analysis of trajectories whaanipliing
is present. We extend the approach proposé&thapter 3for analytic tasks téind how the analysis
change when the movement criterion is incorporated to reconstruesdowling trajectories. A
complete flow of task required during a TDW developing were described.

The results shown here evidence the variation of the analysis of the imputation process when criteria
of movement is considered. A simple graphical analysidindrthe segments in the RN with the

most concurrence of MO during a period. This approactbearseful for support decisianaking

in companies with location based advertising foake advertising campaigns dn tourism
companies for determining the routes with the most touristic POls visited. The analysis supported
by TDW including criteria as a dimension for measuring trajectory characteristics such distance
Travel distance or fuel consumption can also be hkfpf companies such as logistic for expenses

saving or traffic control division for determining the segments with the most MO flow.

The analysis proposed here can be enhanced when trajectories are not consiceaatpling (the
ones from mobile applations such as Foursquare or Flickr), i.e., a process of integration between
imputed data derived frormaj function and most detailed information gotten from devices with

higher configured sampling such as GPS loggers.

Although, a DW approach has beerdwoled here, in the last years a new paradigm has been adopted
to deal with huge amount of data: Big Data. The big data is about finding new value within and
outside conventional data sources as a complementary extension to current TDW architectures to
supprt new data typed p9. This proposal can be enhanced by Big Data technigues and data mining
tasks can also be carried out over the fact tu rajectoryshowing the variation of the mining

analysis over all trajectories when the reconstructionrizrite changed.

The main contributions of this chapter are:

The mapping of th&aj function in a data warehouse architecture
The incorporation of user criterés a dimensiom a dimensional modelling
The development oftaajectory data warehousegbow the different variations of the criteria

in the analysis of loveampling trajectories.
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1 Thedifferentvisualizationgroposal®f the reconstructed trajectories according to the criteria.
T This chapter devel ddprifyopporaunitespotanalyfical taskousinge ct i v ¢
an operator over lowsampling trajectories considering the limitations of Network

Constrained Environmedt usi ng a data warehouse approach.



78. A Criteria basedrunction for Reconstructing Lo®ampling Trajetories as a Tool for Analytics

CHAPTER 5. TECHNICAL DETAILS.

5.1 INTRODUCTION

This chapterdetails each one of the components of titag function and theTrajectory Data
Warehouseproposal presented in tiéhapter 3and Chapter 4 This technical documentation is
intended to offer a more comprehensive understanding of the solutionsemdes$ as a reference

for future implementation of the system. It also pretends to provide the technical details to replicate
the previously executed experiments.

With this proposaltheaimingis to create a DW based on the lsampling trajectories reastructed
according the proposal of tiizhapter 3andChapter 4 Each detail of the TDW are explained here

as well as the implementation of ttnej function.

5.2 TECHNICAL REQUIREMEN TS

In this section, all software are listed

Apigee The leadingnfrastructure for creating & operating APIs and addd].

Foursquare API. Foursquare for developers. Access to watlissplaces database of Foursquare.
Understanding the intersection of Edaata and the physical worj@00].

Openstreetmapis a mapof the world free to use under an open licgi€¥].

Osm2po4.8.8 Routing On OpenStreetMapis both, a converter and a routing engine, converter

parseOpenStreetMapXML -Data and makes it routali£07].

Pentaho Data Integration 5.0.1: Delivers Extraction, Transformation, and Loading (ETL)

capabilities, using a groundbiéag, metadatalriven approachl0§.

PgRouting. Extends the PostGIS / PostgreS@eospatial database to provide geospatial routing
functionality. The Acostodo parameter can be dyn

comefrom multiple fields or tableg104].

Postgress 9.2An objectrelatioral datdbase management system (ORDBNIB)S .


http://www.openstreetmap.org/
http://openstreetmap.org/
http://osm2po.de/
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Qgis Desktop 2.0.1.A Free and Open Source Geographic Information System. Create, edit,

visualise, analysend publish geospatial information on Windows, Mac, Linux, BEIS].

5.3 SOURCE DEFINITION

In thissection, all needed sources are defined

5.3.1 Foursquare data

As it havebeen said beforéhe source data can be extracted from multiple locdtamed devices
and applications. For this technical proposal, Json files are generated using FoursquaB§]API [
and then read using Pentaho Data Integrafiof]]

The Foursquare API has been accessed using Apigee, An APl management and predictive analytics
platform that helps to create and operate APIs and appd. [The technical details of the
components of théson file can be found idQQ. Some interesting foursquare APl responses related

to the thesis proposal are listed:
5.3.1.1User

Get details of the users of Foursquérdps://developer.foursquare.com/docs/users/)s&igure
5.1shows an instance of thisdigotten with this response. Information of #emuegfind this file

in\source¥JsersListl.j}registered in Foursquare in the city of Medellin, Colombia were collected.

Figure5.1. Example of a Json File of the user response from the API Foursquare
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5.3.1.2Venues

Get details of the venues of Foursquare (The points where the people makeingheck
(https://developer.foursquare.com/docs/responses/YyeRigure 5.2 shows an instance of the file
gotten with this responselnformation of 80 active randomusers (find this file in:

\source$VenuesListi.js where 0<i<21jving in the Medellin, Colombia cityvere collected

B Userslist s | ) VenuesList15s B
F— R

Figure 5.2. Example of a Json File of the venue response from the API Foursquare

5.3.1.3Check-in

Get details of a cheek (https://developer.foursquare.com/docs/checkins/checkifigure 5.3
shows an instance of the file gotten with tleisponselnformation of a List of checln of the users
described abovevere gathered during a week. A file by day was generafed ¢his file in
\source¥DSFoursquare201408XX)js
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T

Figure 5.3. Example of a Json File of the chdokresponse from the API Foursquare

5.3.2 Point of Interest.

A list of touristic points of Medellin, Colombia city were defined. Those were extracted from
OpenStreetMap were people can tagged those placedowsstic. Find this file in
\source¥map_pois_nodes.xm process of standardization and filtering where also done (find the
file used in\DBObject§SQLsentenc&SleanPOIS.sgl See an example of this file Figure 5.4.
The location for each one was also incldildEhe idea behind this definition is to assign a lower cost

to segments of the streets near to those touristic points.
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</node>

<node 1a="1656789265" lat="6.2018676" lon="-75.5724550" version="2" timestamp="2012-03-03T04:52:09Z" changeset="10854455" uid="615689" user="saa7">
<tag k="amenity" v="bank'/>
<tag k="name" v="Bancolombia Santillana"/>

</node>

<node id="1656789276" lat="6.2019370" lon="-75.5714036" version="1" timestanp="2012-03-02T22:42:06Z" changeset="10853205" uid="615689" user="Saa7">
<tag k="name" v="Hotel Leblén"/>
<tag k="tourism" v="hotel"/>

</node>

<node|[id="1656792420" 1ac="6.2042985" lon="_75.5708510" |version="1" timesta 689" user="Saa7">

Tagged as Tourism Place

<tag k=
</node>

<node id="1657087244" lat="6.1984322"
1657087245" lat="6.1976856" lo

"tourism" v="hotel"/>

" timestamp="2012-03-03T04:52:05%" changeset="10854455" uid="615689" user="5aa7"/>
timestamp="2012-03-03T04:52:052" changeset="10854455" uid="615689" us:

<node 1i; 1657087249" lat="6.1591319" 1o timestamp
<node 1d="1657087250" 1. e . 9
<node 1d="1657087251" lon="-75.5716760 Tagged as Amer"glace 9"
<tag k="name" n" />
<tag k="tourism" v="hotel"/>
</node>

<node id="165T087252" lat="6.1985602" =75.5753483" " timestamp="2012-03-03T04:52:052" changeset="10854455" uid="615689" us
Timestamp="2012-03-03T04:52:05!

Timestamp="2012-03-03T04:52:05%

1657087253" lat="6.1 T lon="-75.5733527"
<node 1d="1657087254" ] 5.1993239" lon="-75.5729761"

="615689"
uid="615689" user=n

changesst="10854455"
changesst="10854455"

<tag k="amenity"™ v="cafe"/>
<tag k="name" v="Hard Rock Café"/>
</node>
<node id="1657087255" lat="6.1980909" lon="-75.5731274" v " timestamp="2012-03-03T04:52:06Z" changeset="10854455" uid="615689" user="Saa7"/>
<node 1id="1657087256" lat="6.2065235" lon="-75.5717745" " timestamp="2012-03-03T04:52:06Z" changeser="10854455" uid="615689" user="Saa7">
<tag k="amenity" v="bank"/>

<tag k="name" v="Helm Bank"/>

Figure 5.4. Points of Interest of the city of Medellin

5.3.3 The Graph Map

The Graph Map was gotten using osm2Zp®.8 [L01]. osm2po's converter parses OpenStreetMap's
XML -Data and makes it routable. The OpenStreetMap of the Country of Colombia was downloaded
from  http://download.geofabrik.de/soutimerica/colombia.html  Find  this  file  in:
\source¥colombialatest.osm.pbfBoth executable and resulting .sql file from osm2po are available

in \Softvardosm2pe4.8.8

The specifically data for Medellin, Colombia city were gotten performing geometry operation in

Postgress 9.2. This .sqgl sentence can be foulizBObject§SQLsentenc&SetMedellinRN.sql

5.4 STAGING DEFINITIONS

The storing data between theurces of information and a DW is done in the staging area. Next, the
objects used for load the sources and the ETL process built to extract, transform (mapping and

reconstruction) and load the TDW are defined.


http://download.geofabrik.de/south-america/colombia.html
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5.4.1 Tables

5.4.1.1colombiarn_2po_4pgr

Thecolombiarn_2po_4pgtable stores the RN of Colombia. It is the result of the process explained
in section5.3.3 The colombiarn_2po_4pgtable definition can be found MDBObject$staging

schem#ablescolombiarn_2po_4pgr.sql.

5.4.1.2colombiarn_2po_4pgr_medellin

The colombiarn_2po_4pgr_medellitable stores the RN definition of Medellin, Colombia. This
table is the outcome of the next SQL sentence.

CREATE TABLE colombiarn_2po_4pgr_medelliRS

SELECT *

FROM colombiarn_2po_4pgr

WHERE ST_INTERSECTS( ST_MAKEENVELOPE (-75.6488, 6.1887,75.5317,
6.3238,4326) , geom_way YFRUE

The longitude and latitude values are the delimiter coordinates of the MedelliTleitytable
definition can be found ikDBObjectsstaging schemgabled colombiarn_2po_4pgr_medellin.sql

An example of theolombiarn_2po_4pgr_medelliable is shown ifrigure 5.5.

select *
from colombiarn_2po_dpgr_medellin
« i

utput pane
Data Qutput | Explain | Messages | History
id osm_id|osm_name osm_meta osm_source _id osm_target_id|clazz |flags | source | target |km kmh |cost reverse_cost | x1 yi x2
integer| bigint | character varying character varying| bigint int integer|integer integer integer double precision| integer double precision double precision| double precision| double precision| double
6339 | 340145 301756 Calle 48, Pichincha 430538043 332505767 |21 1 0454 247026 0.35593143 [ 0.0059321905 | 1000000 -75.588424  |6.2540406 -75.5!
6340 |353098 987423 Avenida Nutibara 325986078 342599353 |21 1 243040 0.066917464 60 0.001115291 1000000 -75.598294 | 6.2483559 -75.5¢
6341 |343473 350567 Carrera 43 & 393393406 393992180 |21 1 249462 0.22147106 60 0.0036911843 | 1000000 -75.5715867 | 6.2034679
6342 |356098 108957 Carrera 30 416720205 416726215 |21 1 252112 2 0.24545416 60 0.004090903 1000000 -75.5597932 | 6.2063717
6343 363308 203167 via al mar 2131466351 2131466310 |13 1 263849 0.08731134 |90 0.000970126 1000000 -75.6190515 | 6.2767148
6344 |363469 205667 Camino de Jalisco 2075052995 2111373630 |42 3 264015 0.77387035 |30 0.025795672  0.025795678  -75.5907572  6.3043501
6345 341094 313122 Salida a Avenida Gua 344805030 830075410 |21 1 247827 0.19456777 60 0.003242796 1000000 -75.5857861 | 6.203573
6346 | 355743 998766 Calle 30A 359750123 321924386 |31 3 242039 0.14108657 40 0.0035261642 0.0035261642 -75.578238  |6.2326701
6347 |340871309002 Carrera 43 & 1077838526 394237753 |21 1 256147 0.25610662 60 0.0042684437 1000000 -75.574327% |6
6348 359497 156522 351608274 1687606031 |32 3 258917 0.27180266 50 0.0054360535 0.0054360535 -75.5403489 |6
6349 342394 343427 Carrera 43 & 393232876 1966182967 |21 1 261850 0.22630853 40 0.003781803 | 1000000 -75.5630764 |6
6350 |364334231389 Glorieta Av. 20 con 2397786988 344800881 |21 1 264847 0.03174872 60 0.0005291453 1000000 -75.6018585 |6
6351 |361453 173108 1839409027 583016255 |31 3 0.020390324 40 0.00050975813 0.00050975813 -75.5341376 |6
6352 |357895 130444 1436721496 2378655326 |32 3 0. 50 0.0035942083 | 0.0035942083 -75.5427134 |6
6353 |354799 997568 Circular 4 377077900 415481964 |31 3 2 0. 40 0.0037783184 0.0037783184 -75.5923691 |6
6354 353912 987742|Calle 38 368147192 368147200 |31 3 0 82 |40 0.0026952205  0.0026952205 -75.6175214 |6
6355 |340913 309547 Carrera 52 429612991 344191635 |21 1 0. 52 &0 0.0053715585 | 1000000 -75.564019% &
6356 |341028 310101 Carrera 8L 344809770 344800878 |21 1 0.17740722 60 0.002956787 1000000 -75.6018271 |6
6357 |341865 324917 Carrera 47 365307126 365307127 |31 3 249653 0.20764957 40 0.0051912385 1000000 -75.5647292 |6
6358 |341076 310670 Diagonal 79 344807718 (344807719 |21 1 2263242 0.18129848 60 0.0030216414 | 1000000 -75.5994478 |6
6359 |343805 354775 Calle & 393991040 416048378 |31 3 21250002 0.09185337 40 0.0022963344  0.0022963344 -75.5710041 |6
6360 |342779 451036 Calle & 416037579 416038448 |31 3 7249929 0.05431561 40 0.0013578903 0.0013578903 -75.5680687 |6
6361 |361723 173395 Carrera 422 1371904425 1370561722 |32 3 6 7/0.09798307  |s0 0.0019596615 0.0019536615 -75.557668 |6
6362 |3s5n1090mAR7/ca11e 83 F41904987  R419449R3 |31 a 399 25539 0.17A55449 40 N.0044R38A2  N.0N44F3RF? | -75.591782 |k

Figure55.An exampl e of HAcol onbitaarbn e2po_4pgr _ |
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5.4.1.3stg_users

Thestg_usergablestores the content of the file of the response of the venues method of foursquare
API, see Section 5.3.2 and Section 5.3.3 The stg_userstable definition can be found in
\DBObjectsstaging schemeabledstg users.sqlAn example of thestg_userdable is shown in
Figure5.6.

select *
from stg_users|
« i

Output pane
Data Qutput | Explain | Messages | History
iduser firstnameuser genderuser filename
character varying(100) character varying(100) character varying(100) character varying(100)

1 280365074 Christa female UsersListl.js
2 11564028 Ronal male UsersListl.js
3 [13290580 Leonardo male UsersListl.is
4  |47810113 Senny male UsersListl.js
5 |44645162 Romaric male UsersListl.is
6 |53790192 Zhanna female UsersListl.js
7 |s7061871 Andres male UsersListl.js
8 |z1983400 Carolina female Userslistl.is
9 |77286522 Chris male Useralistl.js
10 3417434 Jesus male UsersListl.is
11 7807394 Noely female UsersListl.js
12 22819819 Jorge Hernfin male UsersListl.is
13 6587343 Camilo male UsersListl.js
14 18041968 Juan Carlos male UsersListl.js
15 64380661 Jhonatan male UsersListl.is
16 |8591004 Helena female UsersListl.js
17 6842900 Hector male UsersListl.is
18 37228698 Lui-0 male UsersListl.js
19 5547014 Marfa de los Afngel female UsersListl.js
20 21561255 Andres male Userslistl.is
21  |as48578 Juan Pablo male Useralistl.js
22 10991615 Luis Gabriel male UsersListl.is
23 26905168 Hatta female UsersListl.js
24 13325839 Marco male UsersListl.is

Figure56.An exampl e oo ft afbdteg_users

5.4.1.4stg_venues
Thestg_venuetable stores the content of the file of the response of the venues method of foursquare

API, seesection5.3.1.2 The stg_venuedable definition can be found ikDBObjectsstaging
schematabledstg_venues.sghn example of thetg_venuetable is shown ifrigure 5.7.

select *
frem stg_venues|
<[ i ]

Output pane
Data Output = Explain Messages History
idvenue amevenue latvenue Ingves categories namefile
varying(200) varying(200) character varying(200)  character varying(200) | character varying(1000)| character varying(100)

26 |5026d2abedb02bE91S3 Haldi kaffe 6.26271882419598 -75.56613712932887 edded4es VenuesListl.is
27 |51800ck0e4b00ad005d Acuario Pargue Explora 6.270053498913541 | -75.56569943947153 VenuesListl.is
28 |4fea5198e4b0348£7f1 Dogger Pargue de los Deseos 6 04684065241  -75.56614855350953 VenuesListl.js
29 |512e123de4b03634254 Clinica Lefi’n XIII Blogue 2 6 32 -75.564163 VenuesListl.js
30 |s521651261ld2ded2coc Patic de las Azaleas 6 66 -75.563775 VenuesListl.js
31 983fe4b0SE2aebe|Viva Auditorium 6 22405130832 | -75.58960891751553 VenuesList2.3s
32 cf64be4b0d331620 | Centro Comercial E1l Diemante 6.260954659465193 | -75.52955207 VenuesList2.is
33 |52380fdf330df599elc Baruc Shop 6.260852013242268 | -75.52968 VenuesList2.is
34 |Siadeebssissebsdas rocel 6.261113 -75.589557 VenuesListz.3s
35 [s1700d00edbosaado omprodigios 5.A.S 6.2611799240112305 -75.58960723576953 VenuesList3.js
36 |4e9f10p90cdE1cTodeS Variedades Luz Dary 6 22616511686 | -75.58975428342819 VenuesList2.js
37 |5101647bedb004£288e Store Games 6 -75.589743 VenuesList2.3s
38 |50d0fe60e4b0d30eelS Zimbabwe 5. -75.589833 edded4es VenuesList2.is
39 |4£91f7e6e4b0935bs2d Los Colores - Centro Comercd 6. -75.58971691634648 VenuesList2.is
40 |4bSbce91£964a520832 E1 diamante 6.260784561930819 | —75.58931902552504 8dded48s VenuesList2.3s
41 [5287992311d2937bd04 Sun = Time 6.260942664426005  -75. VenuesList3.js
42 |so7s96s6edb046s863a Lovayna Ink 6 -7s. £ddsd48s [ Venueslist2.js
43 [510a7d490e289cds85567 Fruta Fresca el Diamante 6 -75.58978915214539 £dd8d489 [ Venueslist2.3s
44 |502590£9e4b0af0deld Relojerda Tino 5. -75.589853 edded4es VenuesList2.is
45  |512572b0edbOcatdede Change The Look 6. -75.589531 is
46 [4bdlfigecaff9szldfb Soulfish. C.C E1 Diamante 1c6 -75.58928489685059 is
47 |S0253cdaedb04ed31bS Electro Horizonte 6 -75.58376 is
as 2efoB1125 viva 6 -75.58988571166992 i=
a9 s. -75.58760208274357 is

Figure5.7.

An

exampl e

oftdadkBltg venues
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5.4.1.5stg_check_in_data

Thestg check_in_dat#able stores the content of the file of the response afitbekins method of
foursquare API, seé&ection 5.3.1.3 The stg check_in_dataable definition can be found in
\DBObjectsstaging schemtabledstg check in_dataql. An example of thestg _check_in_data

table is shown ifrigure 5.8.

select * from stg check in_data

« n r

Output pane x

Data Output | Explain | Messages | History

objectid| trajectoryid| poiname x t point
integer |integer character varying(200) numeric umeric timestamp without time zone | geometry

Y [3417494 20140805 watusi S974016E237609 23E995672E51286 2014-08-05 12:53:28 0101000020E61000005L] 3

10 |3217494 20140805 |Teatro Metropolitano 57734769350883 242355729271313 2014-08-05 14:58:44 0101000020E610000027 i

11 3417494 20140805 |Homeplaatic 231261 2014-08-05 10:00:41 0101000020E610000004

12 3417494 20140805 |Plaza Boterc 252122763815575 2014-08-05 13:17:02 0101000020E61000000(

13 3217494 20140805 |Lige Antioquehts de Gimnasia 256160259246826 2014-08-05 16:49:53 0101000020E61000000(

14 |249460920140805 |JsC Delicias C.C. Santafe 195940230459258 2014-08-05 14:16:32 0101000020E610000002

15 4494609 20140805 |Parque De Loa Pies Descalzos 57679653167725 244806506055907 2014-08-05 12:37:32 0101000020E61000000¢

16 |4494609 20140205 |Change The Look 5289531 260861 2014-08-05 10:38:00 0101000020E610000022)

17 |4654709 20140805 |Gimnasio Ures .59183140381538 257561580985405 2014-08-05 06:44:02 0101000020E61000005(

18 |265470920140805 |Laguna Jardin Botdinico .56365842438433 508876651686 2014-08-05 08:15:29 0101000020E6100000CE]

19 |501234520140805 |Premios Medellfn La MAis Educada -75.5773687 5115 2014-08 0101000020E6100000F2)

0101000020E6100000D4
0101000020E6100000B7
0101000020E61000007C

58842660934471
56032694841524

57087276479228

237365244921854 2014-08
1961981042819287 2014-08
230358150747934 2014-08

20 |501834820140805 | Parque De MalibA®
21 |501834820140805 | Kokorike
22 5367615 20140805  Fase IT

23 5347615 20140805 SALUD EPS-3 5823583929683 250628134559358 2014-08 0101000020E610000057
24 |53§761520140805 II Forc Base Internacional 2013 576759 243269 2014-08 0101000020E61000001L
25 |536761520140805 Loz Asados 57679059931037 2444064091954585 2014-08 0101000020E61000006¢
26 5547014 20140805 watusi .59740168237609 238995672851286 2014-08 0101000020E61000005T,

0101000020E61000008C
0101000020E61000000C
0 2 Et|

.560248
5924301147461

196482 2014-08
2014-08

27 5547014 20140205 |Mundo Verde El Tesoro
28 5547014 20140805 |Papeleria del blogue md
Exito Cafetero -

Ve e m s e e e e e o e e o e e e o a3 <

Figure58.An e x ansptlge_confecik _i n_datao tabl e

5.4.1.6stg_pois

The stg_poistable stores the content of the most representative POls of the city of Medellin. See
Section 5.3.2 The stg pois table definition can be found in\DBObjectsstaging

schem#abledstg pois.sqlAn example of thetg_poistable is shown ifrigure 5.9.
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select *
from stg_pois

Ltpane

ita Output | Explain Messages History

nodoid nodolat
text text text text text
6 339473513 6.2117445 —75.5746E838 name Exito Poblado
7 |339473860 6.2115205 -75.5794060 name Politécnico Colombia
8 339474570 6.2034549 —75.5766139 amenity hospital
] 339905710 €.2359141 -75.569829]1 name Exito San Diego
0 339907169 6.2539681 -75.5638982 amenity place of worship
1 |339907385 6.2523129 —-75.5630309 name Museo de Antiegquia
2 |339907744 6.2463405 -75.5730993 amenity library
3 339908708 £.24977289 -75.5856821 name MAKRO San Juan
a4 339908843 6.2514341 —75.5850984 name Jumbo La 65
5 |339909492 6.2496253 -75.5838E82 name Homecenter de La &5
6 339909792 6.2566898 —-75.5900680 leisure stadium
7 339909933 €.2552053 —75.5894672 leisure Sports centre
8 3399165839 6.2321537 -75.6036490 name EXITO Los Molinos
9 342187162 £.23903909 -75.6034694 amenity place of worship
o 342167558 6.2449354 —75.6087222 amenity place of worship
1  |343456460 6.2363521 -75.5729029 amenity place of worship
2  |343527819 6.2292859 —-75.5707480 name Jumbo
3 343601473 €.2509391 —75.6046495 amenity place of worship
4 344799743 6.2443382 -75.5735530 alt name Medellin Capital
5  |344924583 6.2011113 —75.5783886 amenity library
6 358107931 €.2516598 -75.56281261 name Palacio de la Cultur
7 |358111823 6.2498851 -75.5674395 amenity place of worship

Figure59.An exampl ed off aliilsé g _poi s

5.4.1.7stg_pointprojection

Thestg_pointprojectiortable stores the result of thiev_stg_pointprojectioniew. It is intended to

be used as an input with all projected chickor the reconstruction process. This table stores
information of QQOQ"TQQB Q1 d '@ I"EHD Q1 O ;Do and "QQ @ functions.
The stg_pointprojection table definition can be found in \DBObjectsstaging
schemgabledstg_pointprojection.sglAn example of thestg_pointprojectiontable is shown in
Figure5.10

Deled

Previous queries -

select *
from stg_pointprojection

Output pane

Data Output | Explain | Messages | History

objectid| trajectoryid| poiname x ¥ t point row_n nearestedgeid pointsource pointtarget| proyx proyy source |target | pointprojection|disl

integer |integer character varying(200) numeric numeric| timestamp without time zone geometry bigint | integer geometry |geometry |double precision | double precision| integer integer geometry dou
1 |133075620140805 Corral Gourmet Teso -75.5606.196122014-08-05 14:03:33 01010000/88 344045 0101000020 010100002€ -75 . 5606402621 6. 196217371141 250152 250151 0101000020E61/35.
2 |254857220140805 | Rotiseria La nueva -75.5556.269362014-08-05 19:42:11 01010000/50 348087 0101000020 010100002€ -75.555017266( 6. 26929327661 252845 265661 0101000020E6116
3 |7207394 20140805 Arturo Contador -75.589 6.26118 2014-08-05 13:35:20 01010000/41 342211 0101000020 0101000021 -75.589210309: 6. 2604462281 6( 248738 248739 0101000020E6140.
4 |491581% 20140805 Parmessanc santafe -75.5746.1895922014-08-05 11:19:56 01010000182 342110 0101000020 010100002 -75. 5744487691 6. 19589640858( 248643 248634 | 0101000020E61/42.
5  |446451620140805 Flaza De Toros La M -75.580 6.249472014-08-05 07:22:41 01010000166 341391 0101000020 010100002€ -75. 579632645+ 6. 24945970193/ 248053 248054 0101000020E61140
6 |4915818 20140805 |South Cafe -75.5706.23001 2014-08-05 10:31:11 01010000/180 340856 0101000020 010100002( -75.570724110¢ 6. 23004297239( 247594 247587 0101000020E61/157
7 |5818679 20140805 McDonald's Postres .5936.27465 2014-08-05 10:43:01 01010000/190 350305 0101000020 010100002¢ -75.594246006! 6. 27524025914° 254460 254463 0101000020E6163.
8 |7029595 20140805 Carnes s Vinos .567 6.20966 2014-08-05 07:51:34 01010000/35 343253 0101000020 010100002€ -75. 567756647( 6. 20953634245 249980 253352 | 0101000020E61/23.
9  |1329052 20140805  Teatro Metropolitan -75.577 6.242352014-08-05 06:51:09 01010000/82 341815 0101000020 010100002( -75.577299421: 6.24221616252( 248437 248441 0101000020E61/52
10  262022920140805 Santa beketa .5976.23895 2014-08-05 08:37:48 0101000054 342604 0101000020 010100002( -75.597899421! 6. 23893040457° 249119 249120 0101000020E61/139
11 |491581£20140805 |la cava del brangus -75.597)6.238962014-02-05 08:16:40 01010000/179 342604 0101000020 010100002 -75. 5972972621 6. 238946533511 249110 249120 0101000020E61/72.
12 8591004/20140805 Flaza De Toros La M -75.5806.249472014-02-05 16:14:56 01010000/52 341391 0101000020 010100002¢ -75.579632645¢ 6. 249459701934 248053 248054 0101000020E61/140
13 1099161/20140805 Los Perros de Buler -75.5906.238132014-08-05 18:57:16 01010000]69 350758 0101000020 010100002( -75.530629547: 6.23812421170: 254309 254308 0101000020E61/21
14 |5367615/20140805 Hamburguesas E1 Gar -75.5606.196452014-05-05 10:36:04 01010000/25 344045 0101000020 010100002¢ -75. 560476688 6. 13655314007: 250152 250151 0101000020E6176.

15 |1035106/20140805 |Magifoto -209732014-08-05 19:46:07 0101000065 343253 0101000020 010100002€ -75. 567683768: 6. 209507089141 249980 253352 0101000020E61/32.

16 109916120140805  Santa bebeta .238952014-08-05 10:54:19 01010000/67 342604 0101000020 010100002( -75.537899421! 6. 23893040457° 249113 249120 0101000020E61/139
17 |5979019/20140805 Coliseo Iviin de Be .25628 2014-08-05 16:09:19 01010000/194 355059 0101000020 010100002( -75.587368930" 6. 25536059015/ 250456 250453 0101000020E61225
18 |758159220140805 | Afuerita de Vertige -233092014-08-05 10:34:43 01010000215 342604 0101000020 010100002 -75. 597919657 6. 23892926256 249119 248120 0101000020E61141
19 3417494/30140805 los Asados .267882014-08-05 07:46:39 01010000]14 344231 0101000020 010100002¢ -75 . 565722046( 6. 26724900615( 247635 250402 0101000020E61151
20 |177663320140805  Cafetro .232752014-08-05 06:11:22 01010000/101 364209 0101000020 010100002 -75. 610706899( 6. 23328117120( 256376 264750 0101000020E61/109
21 491551% 20140805 Museo de la Ciudad .236092014-08-05 12:38:21 01010000183 337767 0101000020 010100002¢ -75. 580095084 6. 23578564677¢ 255474 245272 0101000020E61234
22 |7728652/20140805 (CET (Centro de Even -196562014-08-05 12:10:44 01010000221 344045 0101000020 010100002€ -75. 560454686 6. 19659830339 250152 250151 0101000020E61/82.
23 ssA73aalznianens  Horlew —75_560 £.19A33 2N14-NA-N5 13:54:40 aniannnian 344045 A1010ANN20 M N1ANNNZ( -75_ SRNS24303 6.1 9A45540ANE" 250152 250151 | n1n1nANN2FA1 A4

Figure510.An e x ansptlge_poofi nit pr oj ecti ono t abl

e
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5.4.1.8stg_notfoundroutes
Thestg_notfoundroutesableis an auxiliary table used for storing the not found routes.
5.4.2 Views

Some staging tables were mapped in to a view respectivelylabhe5.1show the respective table,
the view assignedndthe source file to be executed.

Table view source

stg_users vw_stg_users | \DBObject$staging
schem&iewsdvw_stg_users.sql

stg_venues vw_stg_venues | \DBObject$staging

schemaiewdvw_stg venues.sql

stg_check _in_data vw_stg_checkindat{ \DBObjectsstaging

schemaviewdvw_stg_checkindata.st

stg_pois VW_stg_pois \DBObjectsstaging  schemuaiews

VW_stg_pois.sql

colombiarn_2po_4pgr_medellin vw_roadnetwork | \DBObjectsstaging  schemaiews

vw_roadnetwork.sql

Table5.1. Staging schema views

5.4.2.lvw_stg_setTouristicCost

Thevw_stg_setTouristicCostew finds every nearest edge to the POls defined in &bleois.

5.4.2.2vw_stg_pointprojection

The vw_stg_pointprojectionview implements implicitly the’QQO Q" Q®OB QI d @b i ©Q
Q0 QI ®dd ;D@ and "QQ @ functions joining the set of check in data stored in the
stg_check_in_dattable the the RN network data of the_roadnetworkiiew. The view definition

can be found iINDBODbject§STAGING schenvaewsvw_stg_pointprojection.sql

For a set of cheel data theQQ'Q Q "@dction finds its nearest edge of the RN as presented in
section3.3 of the Chapter3 but setting a rectangle around the chickoint with a longitude of
0.0025 units from the clak-in point. It is done to reduce the searching time of the possible nearest

edges.
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5.4.2.3vw_settime

The vw_settimeview implements implicitly the proportional assignation of the time of the
reconstructed trajectories proposed d®t_timefunction. The view definition can be found in
\DBObject$STAGING schemaiewdvw_settime.sql

5.4.3 Functions/Procedures

5.4.3.1set_pointprojection

Theset_pointprojectiofunctioninserts the outcome gfv_stg_pointprojectiomiew. The definition
of the set pointprojection function can be found in \DBObject§STAGING
schemg#functionsset_pointprojection.sql

5.4.3.2set_costforcriteria

The set_costforcriterigdfunction uses thevw_stg_setTouristicCosiew to set a lower cost for the
edges nearest to each point defined insgtige poistable. The definition of theet_costforcriteria
function can be found YDBODbject$STAGING schemunctiondset_costforcriteria.sql

5.4.3.3traj

Thetraj function is implemented implicitly and carries out the reconstruction task proposed by this
thesis. The definition of thetraj function can be found in\DBObject§$STAGING

scheméfunctionstraj.sql
5.4.3.4set_time

Theset_tinefunctionimplements the function set_time proposed by this tesis. The definition of the
set_timdunction can be found YDBObject§STAGING schenunctionsset_time.sql

5.4.3.50ad_dimRoadNetwork

The load_dimRoadNetworkunction loads thedlimroadnetworkdimension The definition of the
load_dimRoadNetwork function can be found in  \DBObject§STAGING

schem#unctionsload_dimroadnetwork.sql
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5.4.3.6load_dimcriteria

The load_dimcriteria function loads thedimcriteria dimension The definition of the
load_dimcriteria function can be found in  \DBODbject$STAGING
schem#functionsload_dimcriteria.sql

5.4.3.7load_dimmovingobject

The load_dimmovingobjedunction loads thelimmovingobjectlimension The definition of the
load_dimmovingobject  function can be found in  \DBObject§STAGING
schemgfunctionsload_dimmovingobject.sql

5.4.3.8load_dimtrajectory

The load_dimtrajectory function loads thedimtrajectory dimension The definition of the
load_dimtrajectory function can be found in  \DBObject§STAGING
schemgfunctionsload_dimtrajectory gl

5.4.3.90ad_factrajectory

The load_factrajectory function loads thefactrajectory fact table The definition of the
load_factrajectory function can be found in  \DBObject§STAGING
schemgfunctionsload_factrajectory.sql

5.5 DATA WAREHOUSE DEFIN ITIONS

Next Databaseables that make up the dimensional model of the TDW are listed and defined. Also,

auxiliary views are also shown.

5.5.1 Types

5.5.1.10bservation

The observationtype describes the observation. It is composed by longitude X, latituated ya
timestamp t. The definition of thebservationtype can be found inDBObject§TDW

schemgypedObervationsql
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5.5.2 Tables

5.5.2.1Facttrajectory

ThefactTrajectorytable is the fact table of the dimensional model of the TDW. It stores the facts of
the reconstructed trajectory, i.e., the outcome of the transformations and computations in the staging
area. Measures are reported by trajectory section between impugedadiosis. SeSectiord.2.2

The factTrajectory table definition can be found in \DBObject§TDW
schem#ablesfactTrajectorysqgl An example of théactTrajectorytableis shown inFigure5.11

select *
from facttrajectory
< m
Output pane

Data Qutput | Explsin | Messages | History

movingobijectid trajectoryid| row_ni | row_nf | criterionid| observationlinitial observationffinal distance pointinitial pointfinal edge

integer integer integer integer|integer | observation observation double precision donble precision| double precision | double precision| geometry | geometry geometry
1 |sz7198 20140802 |1 2 1 (-75.6098195,6. {-75.6104341720.10325823 452.385448 82 30.977469 010100002/01010000; 01020000;
2 327199 20140804 |1 2 1 [§ -/ (-75.6098195,60.10325823 652.844308 30.977469 010100002 01010000:01020000;
3 3271938 20140804 |1 2 1 ( ./ (-75.6097124,60.0901086 569.706515 27.03258 010100002 01010000: 01020000
4 |327199 20140802 |1 2 1 (-75.6084269, 6. {-75.608898¢8, £0.05220371 330.054998 15.661113 010100002/01010000; 01020000;
5 327199 20140804 |1 2 1 (-75.6080281,6.| (-75.6084269,60.044099055 278.813775 0.0044099055 |13.2297165 010100002 01010000:01020000;
& 3271938 20140804 |1 2 1 (-75.6076184,6.|(-75.6080281,60.045304433 286.43471 0.0045304433 |13.5913299 010100002 01010000: 01020000
7 |s27199 20140802 |1 2 1 (-75.6075652,6. {-75.6076184, £0.07815804 2 010100002/01010000; 01020000;
8 327193 20140804 |1 2 1 (-75.6067459,6.|(-75.606709,6. 0.054238804 010100002 01010000:01020000;
9 3271938 20140804 |1 2 1 (-75.6067459,6.|(-75.6075652, 6 0.090707 010100002 01010000: 01020000
10 |327199 20140804 |1 2 1 ( .[(-75.606709,6. 0 7 1825.601903 010100002/01010000; 01020000:
11 |327193 20140804 |1 2 1 (-75. -/ (-75.6041245,60.19941914 1260.816208 0.0199413914 . 2 010100002 01010000:01020000;
12 |32719% 20140804 |1 2 1 (-75. 60“169 6./(-75.6023292,60.015484639 97.900753 0.0015484639 |4.6453917 010100002 01010000: 01020000
13 |327199 20140804 |1 2 1 (-75.6021429, 6. {-75.6022169,60.008405394  53.142627 0.0008405394 |2.5216182 010100002/01010000; 01020000:
14 |327193 20140804 |1 2 1 (-75.601995, 6.2/ (-75.6021429,60.016812392 106.295335 0.0016812392 |5.0437176 010100002 01010000:01020000;
15 |32719% 20140804 |1 2 1 (-75.6019193,6.|(-75.601995,6./0.010510839 66.454184 010100002 01010000: 01020000
16 |327199 20140804 |1 2 1 (-75.6006465,6.| (-75.6019193,60.14205785 898.152704 010100002 01010000:01020000;
17 |327183 20140804 |1 2 1 (-75.5987791,6.|(-75.6006465, 6 0.2066758 1306.69603 010100002 01010000:01020000;
18 |327193 20140804 |1 2 1 (-75.5361991,6. {-75.5987721, 6 0.28548768 1804.379674 010100002/01010000; 01020000;
19 |32719% 20140804 |1 2 1 (-75.595378, 6.2/ (-75.5961991, € 0.09079215 574.02i 1 0.009079215 010100002 01010000:01020000;
20 |32718%8 20140804 |1 2 1 ( 75.5936058, 6. ( 75.595378,6. 0.19603693 1239.432378 0.019603693 010100002 01010000:01020000.

Figure5.11. An example of thfactTrajectoryfacttable
5.5.2.2Dimroadnetwork

The Dimroadnetworktable stores the information about the RN here (Medellin, Colombia). Each
trajectory segment can be mapped in to a RN SegmenDifireadnetworkable definition can be
found in in \DBObject$TDW schemdableddimroadnetworksgl. An example of the

Dimroadnetworldimensiontableis shown inFigure 5.12
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select *
from Dimroadnetwork

<

Output pane
Data Output | Explain | Messages | History

roadnetworkid roadnetworkdesc roadnetworkgeom
integer character varying(200) geometry(LineString,4326)

5713 |339980 Carrera 92 0102000020E61000000200)
5714 |333981 Carrera &9 0102000020E61000000200)
5715 |339982 Calle 34 F 0102000020E61000000200)
5716 |333983 Carrera 91 0102000020E61000000200)
5717 |33998¢ Calle 34 EE 0102000020E61000000200)
5718 |333985 Calle 34 E 0102000020E61000000300)
5719 |333986 Carrera 89 0102000020E61000000400)
5720 (340140 Calle 48, Pichincha 0102000020E61000000200)

Figure5.12. An example of thdimroadnetworldimensiortable

5.5.2.3Dimcriteria

The DimCriteria table is the criteria dimension. This is an essential table in the TDW analysis. It
stores the criteria of reconstruction and it distinguish each distinct reconstructed trajectory according
to criteria. The DimCriteria table definition can be found in\DBObject§TDW
schemg#ableddimCriteria.sgl. An example of th@imCriteria dimensiontableis shown inFigure

5.13

SELECT *|
FROM dimcriteria

Cutput pane

Data Output | Explain | Messages | History

criterionid  criteriondesc
integer | character varying(100)

1 Distance
Time

BN

3 Touristic
] Turns

Figure 5.13. An example of thdimcriteria dimensiortable

5.5.2.4Dimtrajectory

The Dimtrajectorytable stores the information about the whole trajectories registered here. For the
simplicity of the problem addressed here, we set the trajectoryid identificator according each day,
i.e., each day, a user makes a different trajectoryDlinérajectorytable definition can be found in
\DBObject§TDW schemidableddimtrajectorysql. An example of theDimtrajectory dimension
tableis shown inFigure 5.14
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Figure 5.14. An example of thdimTrajectory dimensiotable

5.5.2.5DimMovingObject

The DimMovingObjectable stores the information about the whole MOs (users) considered here.
The DimMovingObject table definition can be found in \DBObject§sTDW
schem#abledDimMovingObjecsgl. An example of theDimMovingObjectdimensiontable is

shown inFigure 5.15

Figure 5.15. An example of thdimMovingObject dimensia@able

5.5.2.6Dimtime

The Dimtimetable stores the information about the kind of timestamps considered here. The level
of granularity is seconds. Each timestamp has the YYYYMMDDHHMMSS format.Ditméime
table definition can be found iDBObject§TDW schemdableddimtimesq|

5.5.3 Views

5.5.3.lvw_reconstructedtrajectory_congestion

The vw_reconstructedtrajectory_congestiorew lets to rate the road segments with the most
trajectories traversing thenthe vw_reconstructedtrajectory_congestiorew definition can be

found in\DBObject§TDWschem#abled vw_reconstructedtrajectory_congestisgl
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5.6 ETL PROCESS

For implementing the ETL process we use Data Integration of the PentaholS6jteNext the
orchestration of the load of a lesampling trajectory dataset is documented

5.6.1 Jobs

5.6.1.1Job: jobPrincipal

\ETL SolutionjobsjobPrincipal.kbj

jobPrincipal

Principal Job than orchestrates the Stage loading and TDW loading tog

== Daveloped by: Edison Camilo Ospina A =

Principal Job

e e R

START STAGE Load TDW Load Success

Table5.2. Job:jobPrincipal

5.6.1.2Job: jobLoadStage

\ETL SolutionjobsjobLoadStage.kbj
jobLoadStage

Job that orchestrates the load and transformation in the stage data are

s Developed by: Edison Camilo Ospina A ™=

Job that orchestrates the load and transformation in stage area data

L e - e

START Job Extract Data  Job Reconstruct Trajectories Success

Table5.3. Job:jobLoadStage
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5.6.1.3Job: jobLoadTDW

\ETL SolutionjobsjobLoadTDW.kbj

jobLoadTDW

Job that orchestrates the load of TDW

Ferrmr=Developed by: Edison Camilo Ospina A **=*===

Job that orchestrates the load of TDW

START job Load Dimensions ~ Load FactTrajectory ~ Success

Table5.4. Job: jobLoadTDW

5.6.1.4Job: jobExtractData

\ETL Solutionjobs jobExtractData.kbj

jobExtractData

Job that orchestrates the extract of user, venues, pois and check in dat

sre======*Developed by: Edison Camilo Ospina A =*=="==

Job that orchestrates the extract of user, venues, pois and check in data

S T

START Extract Check Users Extract Venues Extract POIs Extract Check In Data

Table5.5. Job: jobExtractData
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5.6.1.5Job: jobReconstructTrajectories

\ETL SolutionjobsjobReconstructTrajectories.kbj

jobReconstructTrajectories

Job that orchestrates the reconstruction of trajectories

""""" ‘Developed by- Edison Camilo Ospina A ===

Jab that the of

L o - AR

START Set Cost for Criteria  set Point Proj R T Success

Table5.6. Job:jobReconstructTrajectories

5.6.1.6Job: jobLoadDimensions

\ETL Solutionjobs jobLoadDimensions.kbj

jobLoadDimensions

Job that orchestrates the load of Trajectory Datawarehouse

Dimensions

=== Developed by: Edison Camilo Ospina A *=*=*=

Job that orchestrates the load of Trajectory Datawarehouse
Dimensions

o3k e X e (58] e R v (iR

START Load Time  Load Road Network Load Criteria  Load Moving Objects  Load Trajectories Success

Table5.7. Job: jobLoadDimensions
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5.6.1.7Job: jobLoadFactTrajectory

\ETL SolutionjobsjobLoadFactTrajectory.kbj

jobLoadFactTrajectory

Job that orchestrates the load of TDW FactTrajectory

""""" Developed by: Edison Camila Ospina A ===

Job that orchestrates the load of Trajectory Datawarehouse
FactTrajectory

s3]~

START Load factTrajectory Success

Table5.8. Job: jobLoadFactTrajectory
5.6.2 Transformations

5.6.2.1Transformation: traExtractUserData

\ETL SolutiontransformationgraExtractUserData.ktr

traExtractUserData

Transformation that load the user data fforsquare

rerrmrsiDeveloped by: Edison Camilo Ospina A ===

Transformations that extract of user data from Foursquare

| hitps:/fapi-foursquare comi\2/users/selffriends=20140901 lJ

e - 4

Json Input stg_users

Tableb.9. Transformation: traExtractUserData
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5.6.2.2Transformation: traExtractVenuesData

\ETL SolutiontransformationgraExtractVenuesData.ktr

traExtractVenuesData

Transformation that load the venues data from foursquare

resstisiDaveloped by: Edison Camilo Osping A ##stes

Transformations that extract of venue data from Foursquare

https f/api foursquare comA2/users/selffvenuesn=20140901 IJ

&

Json Input stg_venues

Table5.10. Transformation: traExtractVenuesData

5.6.2.3Transformation: traExtractCheckinData

\ETL SolutiontransformationgraExtractCheckinData.ktr

traExtractCheckinData

Transformation that load the cheickdata from Foursquare

Transformation that extract of the Check-in data from Foursquare

Checkin stg_FoursquareCheckin

Tableb.11. Transformation: traExtractCheckinData
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5.6.2.4Transformation: traExtractPOIlData

\ETL SolutiontransformationgraExtractPOlData.ktr

traExtractPOlData

Transformation that load the POI data from OpenstreetMap

mr==Developed by: Edison Camilo Ospina A ===

Transformation that extract of POIS data from OpenStreetMaps

.
i 5
Get data from XML stg_pois

Tableb5.12. Transformation: traExtractPOlData

5.6.2.5Transformation: traSetCostforCriteria

\ETL SolutiontransformationstraSetCostforCriteria.ktr

traSetCostforCriteria

Transformation set the Cost for Criteria in the RN

Transformation that set the cost for criteria for each edge
of the graph

]

Generate Rows Set Cost for each Criteria

Table5.13. TransformationtraSetCostforCriteria
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5.6.2.6Transformation: traSetPointProjection

\ETL SolutiontransformationgraSetPointProjection.ktr

traSetPointProjection

Transformation that finds the nearest edge

=== Developed by- Edison Camilo Ospina A *=**==

Transformation that project each observation ta its nearest edge
of the graph

]

Generate Rows Set point projection

Table5.14. Transformation: traSetPointProjection

5.6.2.7Transformation: traSetPointProjection

\ETL SolutiontransformationgraSetPointProjection.ktr

traSetPointProjection

Transformation that finds the nearest edge

st Daveloped by: Edison Camilo Ospina A *+#+#

Transformation that project each observation to its nearest edge
of the graph

4]

Generate Rows Set point projection

Table5.15. Transformation: traSetPointProjection
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5.6.2.8Transformation: traReconstructTrajectory

\ETL SolutiontransformationgraReconstructTrajectory.ktr

traReconstructTrajectory

Transformation that implements the reconstruction of trajectories. It cal

traj function.

""""" Developed by: Edison Camilo Ospina A *=*=*=

Transformation that recanstruct the low-sampling
trajectories

4]

Generate Rows Reconstruct Trajectory

Table5.16. Transformation: traReconstructTrajectory

5.6.2.9Transformation: traLoadDimRoadNetwork

\ETL SolutiontransformationdraLoadDimRoadNetwork.ktr

traLoadDimRoadNetwork

Transformation that load the dimension of Road Network

reeskrsssDoveloped by: Edison Camilo Osping A, e

Transformation that load the dimension of
Road Network

Generate Rows Load dimRoadNetwark

Table5.17. Transformation: traLoadDimRoadNetwork
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5.6.2.10 Transformation: traLoadDimCriterion

\ETL SolutioritransformationstraLoadDimCriterion.ktr

traLoadDimCriterion

Transformation that load the dimension of Criteria

wsestisDeveloped by: Edison Camilo Ospina A=+

Transformation that load the dimension of
Criteri

4]

Generate Rows Load dimCriteria

Tableb5.18. Transformation: traLoadDimCriterion

5.6.2.11Transformation: traLoadDimMovingObject

\ETL SolutiontransformationgraLoadDimMovingObject.ktr

traLoadDimMovingObject

Transformation that load the dimension of Moving Objects

=xes=====*Developed by Edison Camilo Ospina A **====***

Transformation that load the dimension of
Moving Objects

4]

Generate Rows Load Dim Moving Objects

Table5.19. Transformation: traLoadDimMovingObject
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5.6.2.12Transformation: traLoadDimTrajectory

\ETL SolutiontransformationgraLoadDimTrajectory.ktr

traLoadDimTrajectory

Transformation that load the dimension of Trajectories

Transformation that load the dimension of
trajectories

]

Generate Rows Load Dim Trajectories

Table5.20. Transformation: traLoadDimTrajectory

5.6.2.13 Transformation: traLoadFactTracjectory

\ETL SolutiontransformationgraLoadFactTracjectory.ktr

traLoadFactTracjectory

Transformation that load the reconstructed thedampling trajectories to

the factrajectory fact table

Transformation that load the dimension of
trajectories

]

Generate Rows Load Dim Trajectories

Table5.21. Transformation: traLoadFactTracjectory
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5.7 RECONSTRUCTED TRAJECTORIES BY CRITERIA A ND DAY

In the following section, some images about the chiedaollected by day and the reconstructed
trajectories by criteria along those days are shdwe dataset were collected fréxagust 4, 2014

to August 10 2014 Both, the checln data and the reconstructed trajectories were visualized and
analyzed using layers iQgis Desktop 2.0.1108]. For further description of how analyses were
made, see the proposal of tikapter 4.

5.7.1 Check-in by day

Next, images about the collected chaukby daysin the city of Medellin, Colombia are shown.

5.7.1.1Check-in data on August 4, 2014Medellin)

@Bbque MB-B, Facultad De Minas - 2014-08-04 09:43:38

Gimnasio Extremo - 2014-03-g 1:35:
El Vai -2014-08-04 14:34:01
® O

Aa Vida - 2014-08-04 10:02:40

% El diamante - 2014-08-04 17:43:10
@H&nda Dandue Yoli - 2014-08-04 08:15:46
Liga AntioqueAta de h%ion - 2014-08-04 17:58:46
@~ Hotel Nutibara - 2014-08-04 11:47:00
Subway - 2014-08-04 06:2

(o)

El EslabA?n Prendido - 2014-08-04 15:16:14

Secretarha de Desarrolo EconAi?mico - 2014-08-04 18:54:25
o Pabelld*n del Conocimiento Inexmada - UPB - 2014-08-04 09:28:36
D Ja ipias - 2014g018-04 17:33:57
D? @  Tactiva Alternativas Publicitarias - 2014-08-04 18:01:08

L]
f% @ Circo MedellBn - 2014-08-04 13:04:29
Mandarina - 2014-08-04 14:21:0%0
westem union premium plaza - 2014-08-04 10:30:13
L

@ Calfornia del Poblado - 2014-08-04 08:11:26
Cafesalud MP - 2014-08-04 10:20:14
telco Sede Olaya - 2014-08-04 06:07:06

Carbe Motor - 2014-08-04 18:39:17
La Tienda De DoA+a Blanca - 2014-08-04 16:15:35

o 3 Bendito Seas - 2014-08-04 10:06:57
po Cementerio Campos De Paz - 2014-08-04 13:56:48
N . Mall Providencia - 2014-08-04 15:30:51
)'\ Ada S.A. - 2314-08-04 13:1654
CET (Centro de Eventos El Tesoro) - 2014-08-04 19:28:22

Figure 5.16. Setof checkin pointson August 4, 201@Medellin
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5.7.1.2Check-in data on August 5, 2014(Medellin)

o oo " »
Intec safety - 2014-08-05 14:5¢;23 @ Metro EstaciA3n Manrique (MetroplA®s) - 2014-08-05 10:47:06
Manrique - 2014-08-05 08:52:26

* Surtimax Manrrique - 2014-08-05 06:25:47

OQ\l’tuno Contador -~ 2014-08-05 13:35:20

Coliseo IvAin de Bedgut - 2014-08-05 16:09:19
® @ancisco Murilo & Cia Ltda Sede Centro - 2014-08-05 17:52:48
o]

Muestra de Cine Espaiol 2013 - 2014-08-05 08:16:33
2 La Charcu 2D R08-05 13:47:01
Plaza de ka Libertad - Tome A - 2014-08-05 13:27:27
Fofur& gh14-088'5 17:07:03
®luseo de kb Cudad - 2014-08-05 12:38:21
Q Cafetto - 2014-08-05 06:11:22 © Fabricogres y Plasticos Ltda - 2014-08-05 17:13:50
South Cafe - 2014-08-05 10:31:11

@

L)
L &Poblado Real - 2014-08-05 14:29:12

® Cafesalud MP - 2014-08-05 17:35:30
ElLaboratorio de cafA© - 2014-08-05 17:42:52

© Centro Integral La 10 - 2014-08-05 17:45:15
Aereopuerto El Dorado - 2014-08-05 10:39:06

Magifoto - 2014-08-05 19:46:07

)
o, PFisby Guayabal ; 2014-08-05 10:42:53
N @ .institucion Educativa Jose Acevedo y Giomez - 2014-08-05 19:52:27

®
Mikaela - 201%0805 13:44:5%
Converse Tesoro - 2014-08-05 13:00:54

Figure 5.17. Setof checkin pointson August 5, 201@Medellin
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5.7.1.3Check-in data on August 6, 2014(Medellin)

@ewque 188, Faculad De Minas - 2014-08,06 13:27:13
Cenfol Robledo - 2014-08-06 1Q28:58 o5 sede Comfama Manrique - 2014-08-06 07:33:39

© “@inidad de Discapacidad - 2014-08-06 07:22:56
Cinica LeA3n XIII - 2014-08-06 19:30:25

o]

Store Games - 2014-08-06 08:21:12

Coliseo IvAin de Bedout - 2014-08-06 11:07:44

%Nﬂ Botero - 2014-08-06 09:50:39
Plaza De Toros La rena - 2014-08-06 19:28:05

°9 ¥

Q&Asdos - 2014-08-06 07:26:58
° Heroes Fest - 2014-08-06 06:44:17

@
» Salsabor@éfdo - 2@4-08-06 19:52:29
Jeatro Carlos Vieco - 2014-08-06 17:23:33

Q @ ©  Circo MedellAn - 2014-08-06 10:04:03
Cafetto - 2014-08-06 07:44:49 ~ ©
Servieuropeos - 2014-08-06 15:44:36

@
o ificio Soho - 2014-08-06 07:04:34
() Al Patio Restaurante - 2014-08-06 15:00:10
Cafesalud MP - 2014-08-06 08:10:10
(=)
@ OARL SURA -CEOH - 2014-08-06 12:32:06
o0 2 52, Parqueadero y Lava Autos - 2014-08-06 18:17:47
La Tienda De Dgd +a Blanca - 2014-08-06 15:01:11

dfogi Mobile - 2014-08-06 07:43:06
Humo - 2014-08-06 10:48:34

o
©  FestyTortas - 2014-08-06 19:26:05
N La Colinita - 2014-08-06 07:46:29

(o 4
* e El Salon Del Inmueble - 2014-08-06 16:01:07

Figure 5.18. Setof checkin pointson August 6, 201@Medellin
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5.7.1.4Check-in data on August 7, 2014(Medellin)

?gaunal - 2014-08-07 06:30:31 °
Gimnasio Extremo - 2014-os-w7;28;®0 Metro EstaciA?n Manrique (MetroplA®s) - 2014-08-07 12:18:27
@  ElVagog-2014-08-07 20:23:57
Mercolpolis - 2014-08-07 08:41:45

.A'les de Valencia - 2014-08-07 20:02:25
.QsTn'buna Norte - 2014-08-07 14:39:36

) @
La 70 - 2014-08-07 06:?9:%
+ Del Oeste La Playa - 2014-08-07 15:46:54

’ ')Centro Administrativo La Alpujarra - 2014-08-07 08:22:49
® Heroes Fest - 2014-08-07 21:11:40
Liquot i - 2018807 12:04:15
o Teatro Carlos Vieco - 2014-08-07 17:35:17
@ Boulevard de Junin - 2014-08-07 22:38:39

.52 @
Colseo - 2014-08-07 14:52:37 Bodytech - 2014-08-07 07:41:53

@
QOB Poblado - 2014-08-07 21:10:12
Barrio El Poblado - 2014-08-07 07:18:12

QLavaAutos La 73 - 2014-08-07 11:31:52

) o, Q Bendito Seas - 2014-08-07 07:15:23
Campos de Paz - 2014-08-07 21:08:55
Co
N 0s . Mall Providencia - 2014-08-07 14:43:40
Sodexo S.A.&mpo FIX - 201“)8-07 06:57:50
Al Rojo Restaurante-Bar - El tesoro - 2014-08-07 22:12:51

Figure 5.19. Setof checkin pants on August 7, 201@Medellin
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5.7.1.5Check-in data on August 8, 2014(Medellin)

o
gaunal - 2014-08-08 21:13:49
Spa Motos San CristA3bal - 2[}‘-08-03 1910:50
> #TagMeS 2014-08-08 20:31:31

De Lolta Edificio de Extensifi3n Universidad de Antioquia - 2014-08-08 16:25:03

MCI - 2014-08-08 15:56:26
o ODFR - 2014-98—08 09:36:58
Liga AntioqueA+a de jon - 2014-08-08 16:20:36
% Fedegfro - 2014-08-08 20:18:17
Edificio San Felipe - 2014-08%8 g1:32:45 =
Teatro Pablo TobA2n - 2014-08-08 08:03:33
g Centro Administrativo La Alpujarra - 2014-08-08 06:02:03
Heroes Pest - 2014-08-08 08:12:30

@ & 8 > )
0q Tactiva Alternativas Publicitarias - 2014-08-08 06:28:39
Alumbrados Rio De Medellin - 2014-08-08 16:25:46
‘. (u] Fscah’eneral De La Macion - 2014-08-08 15:29:16
Colsen-r201408-08 21 18,78 South Cafe - 2014-08-08 15:45:01
ificio Soho - 2014-08-08 07:29:15
UrbanizaciA?n Cantizal - 2014-08-08 21:49:05

o 0
@ ~ Entelco Sede Olaya - 2014-08-08 22:43:58

Centro Integral La 10 - 2014-08-08 07:49:27

Rs

Carnes & Vinos - 2014-08-08 19:25:08

% Mall El Rodeo - 2014-08-08 12:22:08
N BOS$- 2014-08-08 14:25:33

Ada 5.A. - 2814-08-08 06:1;0!]
Del Oeste Hamburguesas Santa Fe - 2014-08-08 06:10:33

Figure 5.20. Setof checkin pointson August 8, 201MMedellin
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5.7.1.6Check-in data on August 9, 2014(Medellin)

DoA+a Marina - Coffee Cream - 2014-08-g9 10:44:32
Cenfol Robledo - 2014-08-09 0@0:406 ntro Medico La Samaritana - 2014-08-09 03:06:04

& Pizza Americana Manrique - 2014-08-09 02:03:23
Chnica LeA3n XIII - 2014-08-09 07:29:38

o
o Store Games - 2014-08-09 17:54:30
@p Liga AntioqueA+a de Tenis - 2014-08-09 14:44:40
Tomeo Panamericano_de Gimnasia ArtAstica - 2014-08-09 14:18:36

o dificio Miguel De Aguinaga - 2014-08-09 19:15:12
Apiram®- 2014-08-08°00:35@ 3
o Teatro Pablo TobA3n - 2014-08-09 06:07:45
& SecretarAa De Cutura Cludadana De MedelAn - 2014-08-09 21:28:15

Colombiatex de las Amencas - 2014-08-09 11:13:02
R ‘O oo
©  Piscina Pie del cerro - 2014-08-09 03:58:38

UnidagiDeportiva de BelA©n - 2014-08-09 15:12:31
Cafetto - 2014-08-09 00:54:57

Bodytech - 2014-08-09 00:02:03

O%&'rﬁcio Soho - 2014-08-09 20:18:09
.O Carboneros del Poblado - 2014-08-09 02:47:12
Cafesalud MP - 2014-08-09 07:32:13
o
Comestibles Galeon - 2014-08-09 12:52:47
La Tienda De +a Blanca - 2014-08-09 20:16:30

@ Galeria Julietta Alvarez - 2014-08-09 20:38:21
Club Elgdeo - 2014-08-09 11:57:05

@® Frisby Guayabal - 2014-08-09 00:49:14
IE Jose Acevedo y GA3mez - 2014-08-09 20:56:18

Ada 5.A. - 2&14-08-09 02:2.312
‘* LeAos Y Carbon - 2014-08-09 09:00:03

Figure 5.21. Setof checkin pointson August 9, 201MMedellin
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5.7.1.7Check-in data on August 10, 2014 K edellin)

ggjgaunal -2014-08-10 14:10:33 o)
Bodytech Robledo - 2014-08-10¢8§3:20:51 @Centro Medico La Samaritana - 2014-08-10 15:20:07

£l Va% 2014-08-10 08:04:12
Pitanza - 2014-08-10 00:53:48

Q
&un & Time - 2014-08-10 01:27:07

0@
tefman Bedoya Estetica Dental - 2014-08-10 10:49:00
Liga AntioqueA+a de l\%:n - 2014-08-10 00:00:00
o] ® o 050 Nutibara - 2014-08-10 19:21:44

El Arepazo De Girardot - 2014-08-10 00:33:24

* @
Despacho del Akakle - 2014-08-10 11:16:17
& Heroes Fest - 2014-08-10 07:20:00
VA@rtig@#014-0818 15:38:06

deatro Carlos Vieco - 2014-08-10 12:35:40

¢ Circo MedelAn - 2014-08-10 18:47:38
Cafetto ~2014-08-10 18:10:21

South Cafe - 2014-08-10 02:02:56

Q %
macA©n Herbalife - 2014-08-10 03:15:25
Unidad Residencial CA3rcega - 2014-08-10 11:56:17

(o]
- @& ARL SURA -CEOH - 2014-08-10.17:35:29
TOYOTA Yokomotor - 2014-08-10 00:46:40

e Bendito Seas - 2014-08-10 09:23:00

(5]
® © Ofrisby Guayabal - 2014-08-10 12:47:53
Maria luisa calle - 2014-08-10 17:04:54

Ada S.A. - 2014-08-10 00:44550
—*— Corral Gourmet Tesoro - 2014-08-10 05:08:04

Figure 5.22. Setof checkin pointson August 10, 201@edellin

5.7.2 Reconstructed trajectories by criteria and days

Next, images about the reconstructed trajectories of the dafadetckins by days and criteria in

the city of Medellin, Colombia are shown.
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5.7.2.1The reconstructed trajectorieson August 4, 2014

Figure 5.23. Reconstructed trajectories usilistance criterioron August 4, 201@Medellin)

.)k

Figure 5.24. Reconstructed trajectoriesing Time criterionon August 4, 201@Meddlin)








































