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B Motivations and Contribution of Thesis
m Mobility Profiler Framework

B A Web Based Personalized Mobility Service for
Smartphone Applications

m PRO Routing for Pocket Switched Networks
B Future Works:

GPS based Implementation of Pollution Exposure Estimation

Social Collaboration Project, Location based Question Answering System
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Smartphone Technology

What is Smartphone?

B Smartphones are cellphones with PDA capability

B Smartphones provide mobile use of Information Technology.
Used for:
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Organization

Entertainment

Social Network
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Smartphone Technology

History

First official mobile phone, used by the Swedish police in 1946; could
make 6 phone calls before car's battery was drained

Development of first cell phone (creation of towers/cells at Bell Labs
in 1947

1983 Motorola DynaTAC 8000X,commercially available: 2 Ibs, $3,500
1991 Motorola MicroTac Lite the lightest phone: $1,000

1993 IBM developed first Smartphone, Simon

2007 iPhone by Apple

Murat Ali Bayir, Oct 09 té !.!-Iyaril_t; at H:_:Hal?
4 T'he State University of New York



Smartphone Technology

Some Statistics

Half the population of the world contactable by mobile phone in 2008
75% may have mobile phone services by 2012

1 billion SMS messages sent in the UK in the year 1999
1 billion SMS messages sent in Britain in 1 week in November 2007

... and similar growth around the world.
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m Plays important role for different Smartphone applications from routing to end user
applications (social network app, advertisement systems).

Routing in PSNs

Location Prediction Air Pollution Exposure Risk

Estimation

Different Types of Mobility information is needed!
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The main contribution of this thesis is improving Smartphone
applications and routing in PSNs by employing mobility information at
suitable abstraction level !

Mobility Profiler

l

TRACK ME Smartphone
: Web Based N .
PRO Routing Pers(onalize d Mobility Applications for Social
Service) Collaboration
IMAP Location Prediction
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Mobility Profiler:
A Framework for Discovering
Mobility Profiles of Cell Phone
Users

Murat Ali Bayir, Murat Demirbas, Nathan Eagle “Mobility Profiler: A Framework for Discovering
Mobility Profiles of Cell Phone Users. (accepted to Elsevier PMC Journal with minor revision).

Murat Ali Bayir, Murat Demirbas, Nathan Eagle "Discovering Spatiotemporal Mobility Profiles of
Cell Phone Users". WOWMOM 2009
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m Mobility information of cell phone users play a crucial role
In a wide range of cell phone applications.

m Difficult to use Ilow level location data for several
applications. (GPS or Cell tower id).

B To make mobility data more accessible and enable to
develop powerful applications, higher level data
abstractions needed.
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m Mobility Profiler framework converts low level cellular connectivity logs to the
high level mobility profiles.

m Definition (Mobility Profile): Frequent Trips + Static Locations

Temporal dimensions

Days of Week
Time Slices
Average Elapsed Time

Total Elapsed Time
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Oscillation Elimination Mobility Profile

Construction
Path Construction
Pattern Discovery
>
>
Mobility Paths Mobility Patterns Mobility Profiles
Cell Based
Location
Data
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We have used MIT Reality Mining Data Set, Cellular connectivity data format:

Observed Static Location Corresponds to cell where user spends significant amount of time,
I—kdutT > duration ® k=1or k=|C|

Duration time

oid start time end time Person_oic | celltower_oid
1 w007:03:04:41] [25/Apr/2007:03:24:48] 12 86
2 w @2007:03:33:28] b 12 87
3 [25/Apr/2007:0w [25/Apr/2007:03:39:52] 12 95
Y

Cell Transition Time

Hidden Static Location: If the user spends significant amount of time between two consecutive cell records,
L&D — L¥ang £ vansition, there exist hidden static location.
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m Definition (Mobility Path): C=[C1, C2, C3,..., Cn] is an
ordered sequence of cell tower ids which correspond to
users travel from one static location to another.

B Must satisfy the following constraints:

Static Location Rule: (for Observed Static Location)
0" C 1 C satisfying L¥; i+ > quration ® k=1 or k=|C|

Transition Time Rule: (for Hidden Static Location)
0" C,, Cyl C® L&D L

_Lk £ N
start end transition
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m Oscillation: A major problem with the cellular network data
m Cell phone may dither between multiple cells even the user is not mobile.
Previous approaches for removing the effect:

m Replace with dominating cell [1], (more errors in large window size and closer
values for elapsed time)

A B C B B C B
2
B B B B B B B

m Cluster the specific repeated patterns from the sequence [2] (ABABABA,
ABCABCABC.. and replace the cluster ids with respect to cell names. (can
not solve oscillations due to load balancing purposes)

[1] M. Mun, D. Estrin, J. Burke, and M.Hansen. Parsimonious m classi cation using gsm and wi- traces. In HotEmNets,
2008.

[2] J.-K. Lee and J. C. Hou. Modeling steady-state and transient behaviors of user mobility: formulation, analysis, and
application. In MobiHoc, pages 85-96, 2006.
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Our Approach for Removing Oscillation Effect
Finding Oscillating Cell Pairs
Constructing Oscillation Graph of Cell Towers
Clustering Cell Towers forming dense group (size < k)
Replace cluster ids with cell names in Mobility Paths

> w N
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Murat Ali Bayir, Oct 09
15



Sequential Pattern Discovery
B Pattern discovery

Input Data: mobility paths (including cell clusters)
Output Data: frequent mobility paths.

B Several algorithms in the literature GSP, SPADE and
Prefix Span etc.

B Two phased problem (Candidate Generation + Support
Count)
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Faster implementation since patterns must be paths in topology.
Similar approach with different constraints for web mining
Inputs: Mobility Paths, Minimum Support

At each k+1-th iteration, we join length-k patterns with length-1 patterns
If Support of the length-k+1 pattern is greater than the required support, it becomes a
frequent pattern.
Topological Constraint is used, can not join length-2 [1,3] with [4].
During the support count, pattern specific contextual properties are calculated (days of week)
and corresponding attributes are updated.

[4] Murat Ali Bayir, Ismail Hakki Toroslu, Ahmet Cosar, Guven Fidan: Smart Miner: a new framework for mining large scale
web usage data. WWW 2009: 161-170
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Mobility Paths

PID session
o1 [1.2,3] Min_Sup = 0.5
02 [1, 2]
03 [1,3]
04 [1,4]
1 Support P2 Support
1 1.00 12 0.5
2 0.50 13 0.25< 0.50
3 0.50 21 0<0.50
4 0.25<0.50 23 0.25<0.50
31 0<0.50
32 0<0.50
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P3

Support
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0.25<0.50




Map/Reduce Implementation of Support Count
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Integrate mobility patterns and end locations from mobility paths!

Mobility Profile

Construction
Pattern Discovery
Mobility Patterns
>
>
Mobility Paths Mobility Patterns Mobility Profiles

End Locations
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Determining  y,qaiion fOr Static location threshold for Mobility Path
Construction

Duration Threshold vs CMF
1
N /J/A___A__—A———A
0.8
0.7 /
0.6
0.5 /

0.4

Cumulative Mass Function

1 2 5 10 15 20 25 30
Duration Threshold (min)

Elapsed time for %94 of total cell clusters are smaller than 10
minutes
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We provide Prefix based location prediction and integrate time slice and days
of week dimensions to the prediction score.
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Bu sekili
degistirelim.

Approximately 15% of the users time is spent in a large variety of locations that
each appear less than 1% of total time. Approximately 80%-85% time spend in
top-k locations where (k is smaller), {home, office, supermarket, favorite locations}
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m Human mobility shows high degree of irregularity like levy walk
behavior of wild animals. [5] (Irregular)

m Unlike the Levy walk nature of human mobility, [6] showed that human
trajectories show a high degree of temporal and spatial regularity.
(Regular)

m Our Work (Mostly regular %80-85, Irregular %20-15)

 [5] I. Rhee, M. Shin, S. Hong, K. Lee, and S. Chong. On the levy-walk nature of human mobility. In
Proc. of IEEE INFOCOM, 2008.

« [6] M. Gonzalez, C. Hidalgo, and A. Barabasi. Understanding individual human mobility patterns.
Nature, 453(7196):779-782, 2008.
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A Web Based Personalized
Mobility Service for Smartphone
Applications

Murat Ali Bayir, Murat Demirbas, Ahmet Cosar, "A Web Based Framework for Location Analysis
of Smart Phone Users" (submitted to The Computer Journal).

Murat Ali Bayir, Murat Demirbas, Ahmet Cosar, "TRACK ME! A Web Based Location Tracking
and Analysis System for Smart Phone Users" (ISCIS 2009).

Murat Demirbas, Carole Rudra, Atri Rudra, Murat Ali Bayir: iIMAP: Indirect Measurement of Air
Pollution with Cellphones. PerCom Workshops 2009: 1-6
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Rather than instant location of user, some smartphone
applications may need more personalized mobility information .

L1

Its Easy! Not So Easy!
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In order to meet more personalized demand of these applications we propose
TRACK ME:

Web based framework with personalized lightweight mobility service as well as
location tracking and mobility profile construction functionality

We illustrate the benefits our mobility service on two smartphone applications:

Location Prediction Air Pollution Exposure Risk Estimation
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m Provides interface for accessing mobility profiles, for application
services.

m Direct access to Mobility Profiles is not permitted, security issues
are handled by query interface.

B Has declarative query interface including 7 primitives.

B Application defines query by using query primitives and send query
by http request.
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B Important problem for different Smartphone applications like early
remainder systems and context based advertising

Two Previous Approaches

B Laasonen et al. [7] construct route clusters inside the cell phone.

Each cluster is represented by single path (representative path)
Use similarity of current mobility window with these representative paths.

B Yavas et al. [8] considers only frequent mobility paths

They don’t cover any temporal dimension
Offline approach, not practically easy to use by smartphone applications

[7] Laasonen, K. (2005) Route prediction from cellular data. CAPS, pp. 147-158.
[8] Yavas, G., Katsaros, D., Ulusoy, O., and Manolopoulos, Y. (2005) A data mining approach for location
prediction in mobile environments. Data Knowledge. Eng. 54, 121-146.
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Our Approach
B Using frequent patterns with their temporal dimensions.

B We have used confidence concept to estimate probability of visiting
location x after P.

B We Integrate the probability of observing current temporal data
with confidence to estimate score for visiting X.

m Location Prediction Service uses Query interface to get necessary
Information from mobility profiles to calculate visiting probability.
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m For a given mobility history window A — B (corresponds to current path

recorded in smartphone, window size =2). Current time is weekday

Candidate Locations

Pattern ID Mobility Pattern Support Weekday Weekend
01 A-B-C 0.30 (3/5)=0.6 (2/5)=0.4
02 A-B-F 0.20 (3/10)=0.3 (7/10)=0.7
03 A-J-L 0.10 (3/10)=0.3 (3/10)=0.3
04 A-B 0.50 (3/10)=0.3 (3/10)=0.3

ltem Score
C 0.36
F 0.12

B Conf(C, A-B)=0.30/0.50 = 0.6
Score(C)=0.6 X (0.6) = 0.36
m Conf(F, A-B)=0,20/0.50=0.4,
Score(F)=0.4 X (0.3) =0.12
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Important problem since air pollution has harmful effects on our health

Facts
2 million premature deaths caused by air pollutants.
The death ratio is even high in more developed countries.
Increase risks of cardiovascular and respiratory diseases, asthma

among children, low birth weight etc..

Previous Approaches

Uses residential info based on questionnaire, to illustrate A person may spend

Work

®Home

A very basic approach is calculating the weighted average of air pollution estimation values on these
two locations.
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Application Service
Implemented a web service which is fed by air pollutant

estimation values for CO and PM2.5 (including long, lat).
This service also reads all static locations of given user by
accessing mobility profiles through query interface.
Then uses weighted interpolation function to estimate

pollution exposure risk.
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Case study user (on Boston Area in Reality Mining Data):
We estimate air pollution risk by using top 2 locations (home, office) [covers 78% of
total time] like residential based approaches
Used all of the static locations provided by TRACK ME framework [covers 97% of

total time].
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Mobility Profile Aware
Routing for Pocket Switched
Networks

Murat Ali Bayir, Murat Demirbas. PRO: A Profile-based Routing Protocol for Pocket Switched
Networks. (submitted to INFOCOM 2010)
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B Pocket Switched Networks focuses on human
mobility.

®m Mobility Profiler shows that significant amount of
human mobility has spatial and temporal regularity.

B People may encounter same set of people in their top
locations (home, office, school, meetings)

B Can we use the regularity in human mobility profiles
to design lightweight and fast routing method?
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B Based on the regularity of human mobility pro les and
of intercontact events. We propose PRO:

A fast and efficient protocol for PSNs.
Treats node encounters as periodic patterns
Validated on “Reality Mining” data:

0 Celluar Data (coarse granularity)

0 Bluetooth intercontact data (high granularity)

Outperforms 3 best known routing protocol for PSNs.

Murat Ali Bayir, Oct 09
39



B Epidemic Routing [9]

When two nodes encounter they exchange all of their messages

B Prophet Routing [10]

Using transitive delivery probabilities for packet routing.

Delivery probability depends on intercontact frequeny.

B Bubble Rap[11]

Uses community model in human networks

Forwards packet to the most popular nodes as well as nodes in the
same community with destination.

[9] A. Vahdat and D. Becker. Epidemic routing for partially connected ad hoc networks., Technical Report, Department
of Computer Science, Duke University, 2000.

[10] A. Lindgren, A. Doria, and O. Schel en. Probabilistic routing in intermittently connected networks. In SAPIR,
pages 239-254, 2004.

[11] P. Hui, J. Crowcroft, and E. Yoneki. Bubble rap: social-based forwarding in delay tolerant networks. In MobiHoc,
pages 241-250, 2008.
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Key Points

m Utilizes the temporal and spatial regularity in Human
Mobility

m Utilizes the idea of adaptive learning in Prophet
Routing. (Observed Nodes concept)

m Utilizes social network structure like popularity in
Bubble Rap. (Information dissemination Score, non
Observed Nodes concept).
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Local Observation Table

B Each node reflects intercontact
events as updates to observation
rankings that are stored in the local
observation table.

Observation Score

m Probability of observing destination node in the near future.
| If the current slice is X and maximum delay tolerance X+K

m Observation score is calculated by using observation rankings in K+1
slices between [X,X+K].
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What happens when neither current
nor encountered

nodes have high observation scores?
m Information Dissemination Score solves the problem.

m It measures whether the encountered node is a good
candidate for distributing the packet through the network.

m Correlated with the difference of observation sets of
sender and receiver.
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Priority Level |
Direct Delivery

Priority Level Il
Forward to the Observed Nodes

According to community Model, nodes in
the same community meets frequently!



If there is no information about destination

_ _ (no observed nodes or direct delivery)
Sekildeki

ayrimi yapma.

Community Il

Priority Level Il
Forward to node with biggest Information
Dissemination score
(correlated with number of different
observed neighbors)

Which one to select ?

Community 11l

Murat Ali Bayir, Oct 09
45



If there is no information about destination

_ (no observed nodes or direct delivery)
Sarl yapma,

buyut.

Priority Level Il
Forward to node with biggest Information
Dissemination score
(correlated with number of different
observed neighbors)

Community 11l
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If there is no information about destination

(no observed nodes or direct delivery)

Priority Level Il
Forward to node with biggest Information
Dissemination score
(correlated with number of different
observed neighbors)

Community 11l
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If there is no information about destination

(no observed nodes or direct delivery)

Priority Level Il
Forward to node with biggest Information
Dissemination score
(correlated with number of different
observed neighbors)

Community 11l
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If there is no information about destination

(no observed nodes or direct delivery)

Community Il

Priority Level Il
Forward to node with biggest Information
Dissemination score
(correlated with number of different
observed neighbors)

Community 11l
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m MANET Simulator in Java

m Used Reality Mining Data Set (Cellular and Bluetooth)
m Compared PRO with Buble Rap, PropHet and Epidemic
m PRO:

1 hour time slice length

Forwarding Quota = 2, (proof is given in proposal document)

m Bubble Rap:

Single Community, (no proactive info)

m Prophet:

Same Parameters for Delivery Probability function in their paper.
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Cumulative Success Comparison

Cellular Data Bluetooth Data

PRO achieves similar success rate and latency and (10% more delay time) as the epidemic routing .
PRO also outperforms the Prophet and Bubble-rap (at least 20% less delay time)

Less intercontact opportunities in Bluetooth Data leads to low performance.
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Communication Cost

Cellular Data Bluetooth Data

PRO achieves similar success rate and latency with less than half the communication cost of the
epidemic routing. PRO also outperforms the Prophet and Bubble-rap routing protocols in terms of
communication cost (at least 25% less communication cost than these two protocols).

Less intercontact opportunities in Bluetooth data, low communication overhead.
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Point Queries

m PRO customized to learn location observations rather than node intercontacts.
m Used for location based querying like “What is the noise level at Student union”.

mif query is routed to a destination node that is located in target location in query,
receiver node sends reply message to the origin node that initialize the query. (Two
Way), Query packet and Reply Packet.
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B Social Collaboration Applications:

Mobile Question Answering over Twitter (ongoing work), iIn
preparation for MobiSys 2010.

Ride Share Application
m Real Deployment for Pollution Exposure Estimation |,

(Different Models from Domain Expert) + GPS
Implementation.

Murat Ali Bayir, Oct 09
54



End of
Presentation



