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Research Scope

| MDP with surveys
® Infrequent updates (~5-10 years)

® High labor cost

® Static Information
| Develop methods and techniques that:
® enable the utilization of user-generated data (Smart Card logs,
Social Media) for MDP

® identify automatically individuals’ mobility patterns from
users’ data logs

® protect users’ privacy by obfuscating users’ IDs and geo-tagged
locations
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Motivation for utilizing user-generated data for MDP

® Capture seasonality effects on travel ‘,\‘
=

® Continuous generated information ﬁ You ﬁﬁ
® Vast amount of inexpensive data

behavior
® information-rich data (i.e., embedded text)

| But.. there are some drawbacks:
® Privacy issues
® Market penetration way below 100%

® Retrieved data cannot feed traditional travel demand prediction
models
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Overview of the Approach

Prediction of Mobility

Data Fusion

Generation of Individualistic
Probabilistic Activity Model
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PAM: Model for forecasting users’ daily schedules

| Basic assumption: Individuals are
characterized by their current state
which evolves during the day
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Probabilistic (Activity) Model — PAM

Learning Phase
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Probabilistic Activity Model
(PAM) of the User

| Individualistic PAM: P(I.k.t.L,,. A,)
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Generating user’s PAM from Smart Card Data

| For each Smart Card User:
» Revisited SC terminals are assigned to one of the following activity

types

Ay » Home or
As : Fixed Activity, in close proximity to home location (<5km) or
Am = {4 As : Fixed Activity, more than 5km away from home location or

A, : Flexible Activity, in close proximity to home location (<5km) or

Ay : Flexible Activity, more than 5km away from home location

» For the assighment spatio-temporal
analysis of users’ tap-ins/outs is
performed?

s

Interactions

[*]

=

Fi (k)

TGKIOTSALITIS, K., ALESIANI, F., BALDESSARI, R. (2014). Educated

rules for the prediction of human mobility patterns based on sparse Spati T e T e T G i Al e R .

. . . ) patio-temporal analysis of the observed individual’s mobility patterns

social media and mobile phone data. In Transportation Research Board:
93rd Annual Meeting Compedium of Papers, Paper: #14-0745.

over time, where F; is the distance from home
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Generating user’s PAM from Social Media Data

| For each SM user:

» Geo-tagged locations are
represented by the nearest
SC terminal station (centroid)

» Users’ IDs are obfuscated

» Activities are assigned to N e
centroids basedon: ~ \

g g
_~Centrbid

[ A, : Home or QS

As : Fixed Activity, in close proximity to home location (<5km) or
Am = § A; - Fixed Activity, more than 5km away from home location or

A, : Flexible Activity, in close proximity to home location (<5km) or

| As : Flexible Activity, more than 5km away from home location

» For the assignment, spatio-temporal analysis of users’ SM data is
performed

“I“lllln..,,,.
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KL-Divergence Matrix

| PAM probabilistic distance between users based on Kullback-

Leibler Divergence:

t=tmax Lm=|A| k=1 An=|A

KLy, = ‘/\‘;W > ) Z \P(Iy, k,t, Ly, Ay) — P(Io, k, 1, Ly, A

t=0 L.,,=0 k=0 A,

\”””m

[ KLy, KLy, KLon-1 )
| K-L matrix (all pairs of users): [KLi=| KL,  KLu KLjn-1
\]{L;\Ll.o KLy yq - KLNA,;\-"A/
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SC _User ID Day (0-6) Enter Mmute Exit Minute Tap_In_Station Tap_Out_Station Day Morth Date Time lsttude Llongitude Becipients Test Message

0 0 1315 1423 471 217 Tee  May 7 O7A4TAT 518374 -1350075 Mone “Magic Mopizry Salphabet funnatural §

Sun May 5 174108 5182196 -1.361575 Mone " Perfecton fhlue #zreen Bxumimertime |

0 2 101 164 170 398 Sat May 4 170231 51E4196 -1361575 Mone “Park Life #hienheimpalace Smoat Fhrid

0 4 904 950 318 463 Sat My 3 170208 5184762 -1.355256 Mone *lbmtzl Work Swoodstock fpub Fchilled

0 1 1413 1440 310 282 Fri = 2 214439 5150704  -D1164B9 Mone ““Bank Robber fssvetheskatepari fsouth

== Thu  May 30 223705 515137  -0.130119 More “ (e for the road with @hill_studio son

0 3 G656 745 129 549 Tue  Apl 25 082638 515173 0139902 Mome "Sien of the Times S Sevposure 20 Hits

0 2 14372 1440 277 346 Sum Apeil 27 20314 5151723 0140849 More “The Don. Amongst Dons. Tharks @ther

, 5 , . St Apl 37 2002843 5152263  -0.103582 Mome *Pre birthday wam up fchease Sradwin

0 1 992 1102 217 282 St Apdl 27 15:16:03 5154129 -0.145874 More “Familiar Face Slookalie Sjoesrummer

0 2 748 864 423 461 Sat  Aprl 27 15:10:54 5154212 0147173 Mone "Progerty mental place... #oyberdog fne

Thy  Apl 35 17-31:51 485738 2294952 Mome “Lfirc e Soleil Sparis S2unny Fhlue Sarc

0 1 535 578 56 126 ' - )

Wed  Apnl 24 175842 515202 40135056 Mone “Better than Ezster folliedabbous Fdelic

0 3 1082 1178 388 157 Sat April 0 22-30:12 A8ES414 2333533 Mome “5it 56l Scafeflors freflections Szhoot &

0 0 637 726 258 146 St Apl 30 22:15:33 4866000 234188 Mome “Pazsibly the bast mesl I've ever had in |

5 5 ) Sat Apel 20 165748 488573 233169 Mome “Aryone home flegend Srepesainsbour

0 1 721 812 5 218 Fri April 19 1748:17 5063971 3.07555 MNone ““Romantic escape Sknitting sonstein Fps

0 5 £23 845 333 322 Fri April 18 084208 5151734 0135902 Mone ""What's the magic number? fio fexpos,

Thy  Apl 18 22-08:79 5151604 -0.135258 More “Aryone sean Szhostiacekillah F100ciuh

0 5 133 185 440 199 Thu  Apel 18 220451 5151604 -0.135258 Mome “The brilliant fghostizcekillsh fwutang §

0 4 704 756 181 215 Thu  Aprl 15 211644 5151604  -0.135255 Mome “* i two cups are the same Sfragment &

0 5 1241 1302 277 484 Thu  Apel 18 211233 5151604 -0.135258 Mome “It'z gesin’ hat in here Spetdirty with ke

Thy  Apl 13 20:37:15 5151604 -0.135253 More “Boom! Sdocm F100cub Sconverse $ho

0 3 1380 1440 433 463 Thu  Apel 18 16:50:78 5151604 -0.135258 Mome “Snap @therealninal | blame keithtapen

0 3 716 813 428 259 Wed  April 17 074730 5151292 -0.122235 Mone ““Clean up the strests fgraffitti streetart

0 4 921 991 295 491 Toe  Apr 16 13:20:50 51507 0120174 Mome "“Learm and pazs it on Sengjizheffect for

Tuee  Aprl 16 082502 51507 -0.125174 MNone ““Pure brauty Fmarieallinger Swhitehor

0 0 681 705 273 509 Tue  Hprl 16 081211 5150799 -0.126049 Mome “iew From the top Snelsonscolumn Ssp

0 3 319 389 183 13 Tuee  Aprl 16 081026 5152149  -D.13EE58 Mone “Only way is up #hluesioy Fottower #spri

Sun Aprl 14 1600:26 51.51931 -D.121737 MNone ““Supercool innlondon #superpood #archi

0 4 988 1020 558 587 Sum  Apel 14 16:00:40 5151831 -0.124737 Mome “Film focus innlondon #projections Sista

0 4 1179 1182 103 420 Sun  April 14 15:54:40 5151931 -0.121737 Mone Architecture beyond boundaries innlon

Sum  Apel 14 15:39:47 5151831 -0.124737 Mome “Art hits the bullseye innlondon Sistanb

0 1 425 470 194 420 Sun Apl 14 11-39:31 5154953  -0.165008 More “Spring? Finally #sunshine @ Belsize Vill

0 0 1202 282 315 161 Wed  Aprl 10 183016 5151734 0139902 Mome "G pell check malfunction? i fexposure
0 0 1248 1295 400 562

_ : : SM: Data entries of 32 users;
SC: Data entries from 200 users in London time period varies
(Oyster Card; 608 stations)
from 2to 12 months from
November 2012-February 2014
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KL-Divergence Results

' TF I
SM I
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0.58219
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KL Distance Matrix. 0-199 are SC users and 200-231 are SM users

» The probability
distance is bigger
among SC users
(range 0.58-0.587)

» SM users have more
common mobility-
activity patterns (range
0-0.53)

» The probability
distance between SC
and SM users is in the
range of 0.53-0.587
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Results of Users’ Clustering based on a modified
DBSCAN method

r \ A
['User2', 'User3g', \ ['User28', 'User69'] ['User29', 'User85', 'User172'
'Userd5', "User46', \ J ['User48', 'User91', 'User181']
& J
‘User64', ‘User90’, . L o)
'User100', 'User109', L [Userll’, ‘User567] ) (. - - , )
'User124', 'User127" ['User54', 'User74', 'User148
'User139', IUser141', [User3’, 'User164] ) §
User155', 'Userl73, L ) . o o '
'User178" 'User180" 'Use ['User67', 'User87', 'User89',
r195' 'SM|0' 'SM1" 'éMZ' - N 'User117', 'User1297
'SM3' 'SM4''SM5''SM6' | [User®, ‘Usersl] | % 4
,SM7','SM8''SM9','SM1 . B B ,
0'’'SM11''SM12' 'SM13' e ['User113','User132','User135']
,'SM14''SM15','SM16', [Userl?", 'User20;, X
SM17','SM18','SM19','S 'User35', 'User61', [ \ . ] T _
M20','SM21''SM22,/SM ‘User78, 'User147, [Useri19, Userl92].. . o N
23''SM24''SM25' 'SM2 'User161I',l'User188l‘,' . ['User2','User20','User3l’,\ ['User3', 'User82'] ["UserOl',I'Userl??.’.sM:r,.lSM12-
6','SM27‘,'SM28','SM29'/ User189','User1941] /| User3s User3g' Userds' | © | SM2LSM27/SM3l] )
'SM30','SM31'] . User46','User54''User56', ( [User12, User181] A
User61','User64','User87", L ' ) (. ., o , )
Generated Clusters: 11 U§§r109 , Us'<?r124,Uslz'er1 [User22', 'User192 ) .
27','User139','User141','Us L ) [User70', ‘User121]
erl48','Userl55','User161", L ' )
User164','User173','Userl7 | [ A
" ‘.. ot ['User24', 'User48'
8 ) User180 ,'User188','Use L ) [ ['USEI’ZB', 'User69, 'User116'] ]
r189','SM1''SM2','SM3',
'SM4','SM6','SMT7','SM8',! / \
SM9''SM10','SM11''SM1 ['Userl?7','User75', [ ['User29', 'User1721 ]
3','SM14''SM15''SM16','S '‘User78','User85','U
M17''SM18',SM19','SM2 ser113','User117", , — — ,
0''SM22' 'SM23' 'SM24' 'S 'User119','User132', ['User57', 'User89', 'User130']
M25''SM26','SM28','SM2 'User135','User147',
9''SM30] ‘User163','Userl77, [ ['User67', 'User98', 'User129] ]
'‘User194']
K j K j [ ['User74', 'User107'] ]

25t Run of DBSCAN
Generated Clusters: 14
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Daily Travel Plan

Time Period Colour
0-1

I
1
©O© 0o ~NOoO o WD

Daily Mobility Patterns of the Representative User in Cluster 1
(OpenStreetMap View)
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Discussion

| The developed techniques were tested with the use of SC and SM
data demonstrating that:
® User-generated data from different sources can be fused based on
users’ mobility-activity patterns without taking into account privacy-
sensitive information
® Linking users’ from different sources can be used for:
» Improving data completeness; supplement traditional surveys

| For future research

® Link clustered users with census data to perform mobility demand
prediction in a city-scenario

® Test the performance of the techniques against O-D data from a city
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