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Tolc?

“Ta mavta pel, undEmOTE KATA T AUTO UEVELY —
Everything changes, nothing remains still.”
Heraclitus



‘Chop’rer outline

1.1. About Mobility Data

1.2. What Can We Learn from Mobility Data

1.3. Location- and Mobility-Aware Applications
1.4. Adding Mobility in Spatial Database Systems

1.5. Summary




1.1.
About Mobility Data




‘Mobile devices and services

® | arge diffusion of mobile devices, mobile services and
location-based services = location- and mobility-aware
data




‘Which data?

m | ocation data from mobile phones
m e, cell positions in the GSM/UMTS network

= Location (and trajectory) data from GPS devices
m Humans (pedestrians, drivers) carrying GPS-equipped smartphones
m Vessels equipped with AlS tfransmitters (due to maritime regulations)

® | ocation data from indoor posistioning systems
m RFIDs (radio-frequency ids)
m Wi-Fi access points
m Bluetooth sensors




\Geo—posi’rioning o2

m Positioning technologies using information from satellites

m Global Positioning System (GPS) and its variations ...
m Assisted GPS (A-GPS); Differential GPS (D-GPS)

source: ESA



\Geo—posi’rioning (cont.)

= GPS (Global Positioning System)
m 24-satellite constellation

® monitored by 5 monitoring stations and 4 ground antennas;
handled with (extremely precise) atomic clocks

m At least 5 satellites are in view from every point on the globe

m GPS receiver gathers information from 4 (or 3,
the minimum) satellites and

m friangulates to position itself;
m fixes ifs (non-atomic) clock
m Position accuracy: ~20m

~
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\Geo—posi’rioning (cont.)

)

m GPS accuracy improvements
= Assisted GPS (A-GPS): provides pre-calculated satellite orbits to
the receiver; accuracy ~10m

m Differential GPS (D-GPS): combines with land (anfennas)
information; accuracy down to Tm

[ [ l GPS satellites , GPS
Location
/ o

Rue

£

GPS/online phone GSM/cell network

!() §

o -



\Geo—posi’rioning (cont.)

m GPS competitors
m Glonass (Russia) — currently, semi-operational
m 24-satellite constellation; 1-10m accuracy
m Galileo (EU) - to be fully operational by 2019
m 30-satellite constellation; Tm accuracy
m Beidou (China) - to be fully operational by 2020
m 35-satellite constellation; 10m accuracy

* ¢

GALILEO

10



\GPS data - an example

- Parnitha, Jan. 2013 - Attica, Greece
by ytheod yvith EveryTrail for iPhong

1 ; ~caaryr - : = e ! g
% . \ = / = Map | Satellite | Hybrid Terrain

', "t.'ao‘
- Katagoylo

Distance (km)

Katafigio |
 KaTapoylo vlh’ *@::

o X

————1000m



\GPS data - format o2

m Raw data: GPS recordings (.gpx format)

<trk>
<trkpt lat="38.17733919" lon="23.74038222"> <ele>862.62</ele>
<time>2013-01-19T08:54:57.608Z</time> </irkpt>

<irkpt lat="38.17725880" lon="23.74043843"> <ele>1117.98</ele>
<time>2013-01-19T708:55:21.609Z</time> </trkpt>

<trkpt 1at="38.17717291" lon="23.74039676"> <ele>1129.98</ele>
<time>2013-01-19T708:55:31.608Z</time> </irkpt>

<trkpt lat="38.17707471" lon="23.74038878"> <ele>1155.93</ele>
<time>2013-01-19T708:55:45.5841Z</time> </irkpt>



GPS data - format (cont.) T

m Where and when?¢

<trkpt 1at="38.17733919" lon="23.74038222">
<time>2013-01-19T08:54:57.608z</time>

Agioi.

Theodoroi




From GPS data to trajectories

Q0 fo

-
A~
—t et

m A trajectory is a model for a motion path of a moving object
(human, animal, robot, ...)

m (due to discretfization) a sequence of sampled time-stamped
locations (p;, ;) where:
m p.is a 2D point (x;, y;) and

m fis the recording timestamp of p,

oooooo
%o,
®e
oooooooooooooooooooooooooo
.
.®
........

o .n‘..
.
oooooooooooooooooooooooooooooooooo
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From GPS data to trajectories (cont.)

2 fo

-
~™
.

B A common representation of a trajectory is a 3D polyline whose
vertices correspond to time-stamped locations (p;, 1)

= Usually, linear interpolation is assumed between (p, t,) and (py, ;. ti.1)

D \ - -
(p:.1) (Pis1.fis1)
-

\_ 7D

15



Examples of trajectory datasets

m Vessels sailing on the sea

4

\@?nfo=

m
>

1o

m Example: "IMIS%" datasets, available at ChoroChronos.org
m [MIS-3-days statistics:

m ~3 million GPS recordings from 933 vessels sailing in Aegean sea
during a 3 days period
= 1500 frajectories &

{_ | Kamenissi

issa

AAAAA
Kirykos

MMMMMM
io A

SSSSS

ooooooo



Examples of trajectory datasets

= Vehicles moving on a road network
m Example: "Attiki” dataset, available at hitp://infolab.cs.unipi.gr/hermes/

m Produced by Hermoupolis
data generator

m Statistics:

m ~1.5 million GPS recordings
of vehicles moving in
Athens meftropolitan area
road network

m ~4,500 trajectories




1.2.

What Can We Learn
from Mobllity Data




Learning from vessels datasets

= Analysis at individual level (i.e. per vessel):

Draw a vessel track (detailed vs. simplified)

Calculate similarity between a vessel’'s actual and expected
route

Calculate minimum distance between a vessel's frack and the
shore (where and when)

Calculate maximum number of vessels in a vessel's vicinity
(e.g. 10 n.m. radius)

Find whether (and how many times}.a vessel sailed through
narrow passages or biodiversity boxes

Find whether (and how many times) a vessel has performed
sharp changes in its direction

etc.

S
Management Lab
-
No_c
=
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Learning from vessels datasets (cont.) T

-
~=
.

= Analysis at collective level (i.e. per population of vessels)
® Find the most popular among vessels’ routes as well as the outliers
m Calculate the Origin-Destination (OD) matrix
m Calculate the population’s environmental fingerprint
m Search for correlation between flags of convenience and outliers
m efc.

20



Learning from vehicles datasets

m (holistic) Traffic analysis

How many cars are currently moving on the ring of the towne
What is the queue per traffic
light?

Does the “green wave”
between traffic lights appear
as it has been designede

Which cars follow eco-driving
recommendations?

~
Management Ly
=y
nio_c =
—t et
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Learning from vehicles datasets (cont.) T

® (personalized) Location-aware services
m Where is my nearest restaurant?

® Which gas stations are at a
maximum of 3 km deviation
from my planned trip?

m Are there any Facebook
friends around®@

22



Learning from mobility data

m More ambitious patterns, extracted by KDD techniques.
Examples: . 0,000,
m Typical routes (clusters vs. outliers): ;;’f:
T-Patterns, hot motion paths, etc. ? 17 °
= Flows of movement: moving clusters, <\ f\f:'x. 0, o
flocks, convoys, etc. I en X
(a)

23



1.3.

Location- and Mobllity-
Aware Applications




Location-based services (LBS) T

-
~I™
.

= Navigation (vehicle or pedestrian) & Location-aware
information

m Routing, finding the nearest point-of-interest (POI)
m |Location-based yellow pages (“what-is-around”, ...)

= Resource management & Tracking

® (taxis, frucks, efc.) fleet management, administration of
container goods, location-based charging

m Tracing of a stolen car, locating persons in an emergency
situation, ...

= Location-aware social networking
m Google Latitude, Facebook places, Foursquare, etc.

25



‘Commerciol examples . ) —

New Trip
3

) New Trip . Ready to track a trip?

Press to Start >

Upload Trip ts
.. b Trips tracked by this phone
Stats Total § Trips; 0 Uploads
ﬂ a am] 11:32AM Show On Map R Total mileage
4 miles
\', s Resume Tracking
) T R Py R st Total time
e pon D —
o nane 'Y
% Sur
e |
poce g e
" el
\"'- o
3 h:
=
P Y
f K EveryTrail

will Carrier 9:37 AM

You do the running.
We'll do the rest.

Me My Goals

Leaderboard By Training

s 2 ~ w T ¥ s

30 @ 2 3 &4 5 6

Current Goals (3)

n’ Run a distance of 26mi
o @ Oraw Condon Yo ding

T0 0O

2 8x800m fast
i_i Lose a total of 10lbs . Jon Gilman ran 7.93 mi XGPOM. Tas)

2 (N EEEE
=

Get healthier.

Google My Tracks

+ fitness goals and get free Stay connected. Train smarter.
igac;«ing tc? crush them. Support and compete with Find and follow the right
your friends. plan for you.
I m—
Past Goals (2)
Select
[ 75 of 75mi

#- Lose atotal of 5 Ibs

RunKeeper 2%



ommercial examples (cont.) oo

® Tracing lost or stolen products
m [ ost smartphones: “Find my iPhone”, “Where's my Droid” etc.
m Stolen cars: “Volvo connectivity”

000 MobileMe Account -
941 P

Location 8

@ summary Find My iPhone and Remote Wipe e

L Personalinfo
Find ktula's iPhone

&) Account Options

) W Republican St . Repubican € ianll | satoio | ryora
| Billing Info i e
i 2 t
= Password Settings ?{. % & =
z = z >
@ sStorage Settings H 3 Z
= > z
_ 5
(&) Personal Domain X & I z &
- ktula's iPhone 8 é ¢
200 ¢ 2
| Security Certificates !Phone W Harrison 'S<lr ) Harrigon St
@ Online
t
: [ z
i )
Emo ml B ° H
p £
00gle 8 g €2 Map data ©2009 Sanborn, Tele Atias - Terms of Usa
Map reflects device's approximate location as of 9:18 PM on June 8, 2009. Update Location |

Display a Message or Play a Sound

Write a message that will appear on your iPhone's screen. You can also play a | Display a Message...
sound on your iPhone, even if it is in silent mode.

Remote Wipe

This will permanently delete all media and data on your iPhone, restoring it to Remote Wipe... |
factory settings. This will not suspend your wireless service. Once wiped, your
iPhone will no longer be able to display messages or be located. Learn more.

v :




‘Commerciol examples (cont.) oo

g Google’" P

Latitude

See in real time where your friends >
3 0 Laura Johnson

are! (launched Feb.09 by Google) = %LV Inneiehosn

A= - L N l' T
Lorenz<\{,»'? _ = M
5 YE\Y easanton
5 ‘Dry Creek Regional P3

* Pioneers”
Reg Park;

Jtair !:-.'i”._’r_:;_
View: fos}

3 LpsAltés 'SunnWéIe'i [

(250, !Sénla Clara .
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‘Commerciol examples (cont.)

Google places

m Google places: Rate and share
places on Google

m Google places for business

m (business perspective) Get your
business found on Google

m (end user’s perspective) rate
products, search for similar,
compare prices, etc

.

Google maps

We’re a

Favorite
Place

on Google

29
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‘Commerciol examples (cont.) Q-

faCEbOOk’: = Tag yourselves and find

tagged friends
Facebook Places

Who. What. When. And now where.

EE=ma8Q 9

Check In

Nearby
Greg Stark
William's Coffee Pub

e Arun Verma
W] William's Coffee Pub

= _ Lisa Perry

- BlackBerry HQ

m Tell your friends where you are,
suggest places, eftc.

30
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Taxonomy of location-aware apps Tfoo2

® With respect to mobility of involved objects

Reference
object
user . i
( ) stationary mobile
Database
objects

= Routing (& constrained
routing)
= What-is-around

= Find-the-nearest

= Time-dependent
routing
= GQuide-me

stationary

mobile => Find-me = Get-together

Interesting: the vast majority of current commercial apps are classified as stationary
31



Aagamen Lab

(underlying) Transportation network %

-
A~
./

m Transportation networks are usually modeled as directed
graphs G(N, E)

m N:set of nodes

m E:set of edges between nodes

m Alternative models*:

m Edge-oriented model
m edges <e,>, <e,, e;>, etc
= Route-oriented model

= Routes <e,, e3>, etc.

* See more details in Chap. 3

32



\“Rouﬂng”

m (aka "“Get Directions” in Google maps)

m Find the optimal route from a departure to a destination point

m Goal to be optimized: the minimal network distance traveled; the
minimal traveled time; efc.

m Relates to the well-known shortest path (SP) problem from
graph theory and network analysis
m Several off-the-shelf solutions,

e.g. Dijkstra’s single-start SP
algorithm

m Recall the SP problem:
“find the SP from A tfo D"

ragament Lal

To

ent
~
—

b
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“R ] .
outing” (cont.)

. EXCImp|e.

! Caifona St

Map

-




\“Cons’rrained routing” Tocs

(currently, not supported in Google maps!)

® Find the opfimal route from a departure to a desfination
point ...

m .. with the extra constraint to pass through one among a@
specified set of candidate points

m Example: “Find the best route
office-to-home constrained to
pass from a bank ATM "

m [ssue: how to find (efficiently)
the best deviation?

m Technically, a variation of SP
problem*

* See more details in Chap. 3

California St Interconti
Map data €2005 NAVTéQ"‘ - Terms ajBse

e
[
g
@
e

pel

apAH
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"What-is-around” \

m (aka “Search nearby” in Google maps)
m Retrieve and display all points of inferest (POI) located in the
surrounding area

m Usually rectangular or circular area
m Example: "Find all gas-stations ¢

s 2 \ o o ]
. . . ¥ ion — n |
within a distance of Tkm from g =S = s

2 A
1 " St <
my current locafion E S Q
E Fanon P!
m As simpl typical = 3 1) OB s =
S simple as a rypical range s o} B o =
H H aE oadway Tun! - 1
query* in Spatial Databases | = L
IE 5 % 5 pacichte 2 2 A\
1k A L‘I - ‘
JE @ S
¥ paciic Ave % ‘? JacksO“
peific A® s inglon St~ 5|
I 03 =T A
= S ) L
ackson St % ’—g ashingon St % ?“’é % Clay / ‘Jl‘
s - : L Clay & | Lgnis | [® Y
¥ ' o = % Q,amen\os‘ = Fairm‘ot
* ils i Clay St = o 3 g 3 \ Sanﬁ
See more details in Chap. 2 ; s e et |
ento St 3 Wi
B Secrel I California a St Interconﬁ
@zuos Gpiogl % : '§ Map dat @2005 NAVTEQ™ - Terms afZe




\“Find—’rhe—neores’r”

Py

™~
™
Nt et

(currently, not supported in Google maps!)

m Retrieve and display the nearest POI (restaurants, museums,
etc.) with respect to a reference location

m Example: “find the nearest bank ATM w.r.t. my current location”
m |ssue: distance is computed over the network rather than the
free (Euclidean) space

= How to solve it efficientlyg*

=
= 2 [ map  |[ Satellite |
Al = o
m Union sondeay L Q
3 L — Green St
o = g
2 @
S Fanon B
Vaielo St g
Bonita St Glover St =ﬁ Broadway St ’;‘
Broad¥
== A
O T%’ Broadway St g §
- - qz = Jfic A > o?ﬂ
A" = pacifi 7}
® 3 = nn St
2 h St =3 o JO
Broadway St Z 3 Lync g
2 @ @ jackson St
ific A =
Pact o
-
t
Jackson S z iashington St z
S, (X
< -— - e B t 3
St Zz = % Clay St S
cks = 7 g a @
= ) @ @iashingion St 22
P 7)) g t
- 3 N2y = ) pleasan t St =
on St — S
* See more details in Ch 3 ' 2 e
— 3 an
ee more aetaills In ap. ciay St g :
= Grace}
= - 2 2 Canearal »
ento a
_é‘ + Sacram < ca\\'Om‘a St Interconti
%uos Google % E 5 Map deta ©2005 NAVTEQ™ - Terms diZse
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“Find me" / “Get-together" .2

m Several moving objects try to reach a stationary / moving
object

m Could be an advanced “Google Latitude” or “Facebook
Places” app

® How-t1o:

m other objects are routed to @

. - s %‘N\eui; K= @ o F IG'eel\:asl: |[satelite_]
point where the target object | ..t ;
IS estimated to arrive after a @

t i
time interval Rt %/ \ B o>
= the “meeting point” is - %1“ =r s
periodically refreshed i
=

m Challenge: future location

fic Ave >
Lynch &t ° g o Jon S
3
@ n St
j Jackso
pacific Ave =
. . polic B2 Jackson == -
* t S 2
rediction = \ o
@ 3 @
on

4
Clay St Pleasan t 5 !
t ~ -
* See more details in Chap. 7
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1.4.

Adding Mobillity in Spatial
Database Systems




From the DBMS perspective ...

applications

m So far, we've outlined a variety of mobile-aware

Places, etc.)

m from ‘smart’ (updated in real-time) routing ...
m ... to mobile social networking (Google Latitude, Facebook

m Internally (either at server or client side), what kinds of
operations should be efficiently supported?

m Spatial database and graph-based operations
m Tragjectory management operations

40

Py



\Opero’rions to be supported

m Spatial database and graph-based operations

= Window search: select points within a (circular or rectangular)
window

m k-NN search: select the k- nearest points to an object (point or
region)

® Routing: find the optimal route between two points (taking into
consideration a number of constraints)

® Trojectory management operations

~
Management Ly
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nio_c =
—t et
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\Opero’rions to be supported (cont.) -

® Spatial database and graph-based operations

= Tragjectory management operations

= Trajectory update (& map-matching): add a new coming

position to an existing trajectory (mapped to the underlying
network)

» Trajectory-based search: perform (spatial and/or temporal)
range, NN, trajectory similarity, etc. search

m Trajectory projection: estimate the anticipated position of an
object at a future time (perhaps, taking its history into
consideration)

-
A~
—t et
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The big picture

m raw GPS data =2 (raw & semantic) trajectories - mobility patterns

[
raw data producers
- Semantic
Trajecto S fi - ( il )
B J ry emantic a| Mobility Data
TPr =N reconstruction enrichment | m| Querying
— [
| =
U .
.v,
Raw location recordings . +
<t (DB) "l (Semantic)
L] -
<trkpt lat="38.17733919" lon="23.74038222"> - Mobility
<ele>862.62</ele> 8=
<time>2013-01-19T08:54:57.608Z</time> </trkpt> ). an : Data Mining
<trkpt lat="38.17725880" lon="23.74043843"> Semantic Trgjecfories = :>
<ele>1117.98</ele> STD ?@ (&3 'd -
<time>2013-01-19T08:55:21.609Z</time> </trkpt> ( ) VN u
<trkpt lat="38.17717291" lon="23.74039676"> [8am, 9am] [6pm, 6:30am] [7:30pm, 8pm] u
<ele>1129.98</ele> ) . u
<time>2013-01-19T08:55:31.608Z</time> </trkpt> @% Trn% i %@ L
<trkpt lat="38.17707471" lon="23.74038878"> |
<ele>1155.93</ele> Home (breakfast) office (work) Market (shopping) Home (relax) |
<time>2013-01-19T08:55:45.584Z</time> </trkpt> [~ 8am] [9am, 6pm] [6:30pm, 7:30pm] [8pm,~] n (Semantic)
n .
<fric> w - Mobility
m| Data OLAP
n
Extract- S " m | o— \/
Transform-Load (Semantic)  ETET
Trajectory m |
(ETL) i -
aggregations .
(DW) L]
[

Mobility
Data
Visual-
ization
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raw data producers

reconstruction

Trajectory

= W=
v

Raw location recordings
(DB)

<trkpt lat="38.17733919" lon="23.74038222">
<ele>862.62</ele>
<time>2013-01-19T08:54:57.608Z</time> </trkpt>

<trkpt lat="38.17725880" lon="23.74043843">
<ele>1117.98</ele>
<time>2013-01-19T08:55:21.609Z</time> </trkpt>

<trkpt lat="38.17717291" lon="23.74039676">
<ele>1129.98</ele>
<time>2013-01-19T08:55:31.608Z</time> </trkpt>

<trkpt 1at="38.17707471" lon="23.74038878">

<ele>1155.93</ele>
<time>2013-01-19T08:55:45.584Z</time> </trkpt>

<1rk>

</trk>

Semantic
enrichme

(STD)

[8am, 9am] [6pm, 6:30am]

Home (breakfast) office (work)

Q]

Semon’ric%ojec’rories i

@ Ro:sd %& r‘:‘rgipo 5 rm:.'f Sideway % @

Market (shopping)
[6:30pm, 7:30pm]

>

&

0 Evy,

* -_—

[7:30pm, 8pm]

Home (relax)

[ 8Pm» ~]

-

Extract-Transform-

Load
(ETL)

(Semantic)
Trajectory
aggregations
(DW)

ImEnE g -




Trajectory
reconsfruction

Semantic
enrichment

N

ne> </trkpt>

ne> </trkpt>
[8am, 9am]

ne> </trkpt>
>

Home (breakfast) office (work)

ne> </trkpt>

Semon’ric%ojec‘rories G

[6pm, 6:30am]

\'d

(STD) 9-9

[7:30pm, 8pm]

@ Ro:sd %& rggipo % ﬂwr"f Sideway % @

Market (shopping) Home (relax)

[6:30pm, 7:30pm] [8pm,~]

-

Extract-Transform-
Load
(ETL)

(Semantic)
Trajectory
aggregations
(DW)

(Semantic)
Mobility Data
Querying

+

(Semantic)
Mobility Data
Mining

(Semantic)
Mobility Data
OLAP

ImEE 3 -

Mobility
Data
Visual-
zation




Key guestions that arise

= How to reconstruct trajectories from raw logse
= How tfo store trajectories in a DBMS<

» What kind of analysis is suitable for mobility data (in particular,
trajectories of moving objects)e

® How does infrastructure (e.g. road network) affect this analysis?

m Which patterns / models can be exiracted from them?
m Clusters, frequent patterns, anomalies / outliers, etc.
m How to compute such patterns / models efficiently?

= How fo protect privacy — user anonymity?
m What is the trade-off between privacy protection and quality of
analysise
® Which are the semantics hidden into mobility data?

» What if extremely large volumes of data are collected?
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1.9.

Summary




\Summcrizing

= Mobility data management and exploration is a hot
research topic

m due to the wide spread of GPS devices

® |n this chapter, we discussed:
m the concept of mobility data
» what can we learn from mobility data

m the core applications for
mobility data (traffic analysis,
LBS/LBSN)

m the technical challenges
from the data management
perspective

S
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End of chapter



