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Problem

Information dissemination without infrastructure

ïEnvironmental (Participatory) Sensing

ïFailed/No Infrastructure

ïLarge communities without infrastructure (3rd World)

ïDisaster situations where infrastructure failed
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Future of mobile devices

ÅPowerful

ÅInformation rich

ÅIndispensable

ÅAutonomous communication using

ïSocial Networks

ïHuman Proximity Networks

ÅExploit Properties of Human interaction 
networks
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Fixed vs. Dynamic Networks

ÅFixed networks are already well researched

ÅMore recently dynamic networks

ïSocial Networks

ïProtein interaction networks

ïMANETs etc.

ïetc.



Human Interaction / Social Networks*

ïPhone calls / SMS graphs

ïSpatial Location 

ïHuman Proximity Networks (HPN)

Social Networks

HPN
Phone calls

/SMS

Mobility 
Models
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* not Facebook



Human Proximity Networks (HPN)

ÅDynamic Networks

ïNodes Move

ïEdges Come and Go

ÅIf two individuals are close they have an edge

ÅForm communities (as this is a social network)

ÅMay be sparse
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Pocket Switched Networks (PSN)

ÅDevices carried by Humans 

ÅTransmit data across Human Proximity 
Networks

ÅDynamic Network

ÅDelay Tolerant Network

ÅOpportunistic

Social Networks

HPN

PSN

Phone calls
/SMS

Mobility 
Models
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Data Dissemination (1)

ÅAlgorithm designed for battlefield 
communications (Li & Rus 2000)

ÅEpidemic-like dissemination schemes. (Vahdat 
& Becker, 2000)
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Related Experiments include:

ÅZebraNet- (Juang et al, 2002)

ÅHAGGLE- (Scott et al,2005)

ÅRealityMining Project- (Eagle & Pentland, 2006)

ÅSeal2Seal- (Lindgren et al, 2008)

ÅCAR- (Musolesi and Mascolo, 2009)

ÅCABSPOTTING(analysis of)ς(Piorkowski et al 2009)
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All reveal/use some properties of the network to decide how to route messages



Importance of Local/Global Properties

ÅNode Degree (local)
ïNumber of edges a node has
ïEasy to detect

ÅNode Centrality (global)
ïThe number of times a node is on 

the shortest path between all other nodes
ïCannot be calculated locally
ïShortest path routing

ÅDynamic Networks: Dependent on how an
edge is defined
ïHow quickly should an edge be formed
ïHow long does an edge last
ïHow many edges should be formed

11Image from: Junker et al.BMC Bioinformatics2006 7:219 doi:10.1186/1471-2105-7-219

Nodes do not know about global properties and must rely on local information



Data Dissemination (2)

BUBBLE Rap (Hui, Crowcroft & Yoneki, 2008)

Routing based on:

ïCommunity

ïDegree of node

Results

ïA local property (6 hours degree) as a good routing metric

ïNo need for a global property (centrality)

Why 6 Hours?



Related work

ÅWilliamson et. al. 2009

ïExamined two datasets (Reality Mining and 
CABSPOTTING)

ïDiscovered the importance of periods of time 
between encounters (periodicity)

ÅUsed to regulate degree calculations

ÅBest local property for routing

ïRouting Scheme based on adaptive calculation

ÅAutomatically calculate period 

ÅAdapts over time to account for change in network 
structure
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What is Periodicity

ÅThe notion of the amount of time between 
regularly occurring proximity events

ïMeeting others for mealtimes / meetings (~6hrs)

ïCome into work most days (~1 day)

ïMeet to play football once a week (~7 days)
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Calculating Periodicity
Correlation between the number of connections and time, (in one hour periods)

showed three distinct peaks
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from Williamson et al. 2009

Reality Mining Dataset

6 Hours

1 day 

7 Days

Fourier transform of the time evolution of the number of connections, defined 

on time slots of 1 hour. The frequency ɤhas been normalized, so that a peak 

in ᶼcorresponds to a period T = 1= .ʐ 



Our Position

ÅData collection experiment to  capture

ïProximity, Location, Communications

ÅInvestigate correlations

ïProximity / Centrality (Who is near me, am I a hub)

ïLocation / Centrality  (where I am, am I a hub)

ïCall records / Location (Who calls me, where I am)

ïLocation / Time (where am I, at certain times)

ÅCausality

ïWho am I calling, where am I going

ïWho is near me, where am I going 16



Prototype Implementation

ÅNokia N95

ïCampaignr (CENS/UCLA)

ÅGPS, Bluetooth, WiFi, Cell-id, Battery Level

ïCustom Python Application (PyS60)

ÅCall Logs, SMS Logs, Status

ÅServer

ïApache + MySQL + PHP

17http://www.campaignr.com/ https://garage.maemo.org/projects/pys60/ 



Dataset

ÅHighly detailed data
ïGPS Location 
ïWiFi/ Bluetooth/ Cell Proximity
ïCall / SMS Records
ïBattery Level and Phone Status

ÅRecord data every 30 seconds
ÅPost-Processing
ïWiFitriangulation ς(see placelab.org)
ïIncrease fidelity (roughly) over time

ÅAnonymity
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Sample Data
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Experimental Setup

ÅApprox 30 participants

ïPrimarily computer scientists 

(post-grads/academics) at UCD

ïExisting Hardware Available to Lab 

ïPlus a request for handset owners to participate

Å1 week initial trial of prototype

ï5 people 

ïBug finding

ïExamine data
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Future

ÅNew routing metrics

ïE.g. competition between locationand centrality

ÅDetect Causality

ÅSpot common patterns

ÅApplication to larger datasets

ÅSimulation (and synthesis)
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