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Abstract

Opportunisticnetworksmake useof humanmobility andlocal forwardingin orderto
distributedata.Informationcanbestoredandpassed,takingadvantageof thedevicemobil-
ity1, or forwardedoverawirelesslink whenanappropriatecontactis met2. Suchnetworks
fall into the�elds of mobilead-hocnetworking anddelay-tolerantnetworking. In orderto
evaluateforwardingalgorithmsfor thesenetworks,accuratedatais neededon theintermit-
tency of connections.

In thispaper, theinter-contacttimebetweentwo transmissionopportunitiesis observed
empiricallyusingfour distinctsetsof data,two having beenspeci�cally collectedfor this
work, andtwo providedby otherresearchgroups.

We discover that the distribution of inter-contacttime follows an approximatepower
law over a large time rangein all datasets. This observation is at oddswith the expo-
nential decayexpectedby many currently usedmobility models. We demonstratethat
opportunistictransmissionschemesdesignedaroundthesecurrentmodelshave poor per-
formanceunderapproximatepower-law conditions,but couldbesigni�cantly improvedby
usinglimited redundanttransmissions.

1 Intr oduction

With the explosive deploymentof mobile wirelessdevicesin recentyears,the researchcom-
munity hasfocusedon thenetworking issuestheserepresent.Suchdevicescantransferdatain
two ways- �rstly by transmittingit over a wireless(or wired) network interface,andsecondly
by beingcarriedfrom locationto locationby their user. The useof device mobility for data
transmissionrequiresfundamentallydifferentnetworking protocolsthanthosesuchasTCP/IP,
which rely oncontemporaneousconnectivity betweentheirendpoints.

1carried,for example,in one's trouserpocket!
2for example,asonemovesinto apocket of wirelessconnectivity!
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We usethetermopportunisticnetworking to refer to dataexchangesbasedon theconnec-
tion “opportunities” that arisewhenever mobile deviceshappento comeinto wirelessrange
dueto the mobility of their users.Suchsituationsareprevalentin many regionsof theworld
wherebroadbandaccessinfrastructurehaslimited coverage(as well as costandapplication
constraints); Thus,usershave“islandsof connectivity” (e.g.homeor work), but arealsolikely
to sporadicallybe in rangeof otheruserswhile in between.It is alsoworth notingthataccess
infrastructureis vulnerableto naturaldisastersor other failures,andthat in suchexceptional
situations,opportunisticnetworkingmaybetheonly feasibleway to carryimportantdata.

Opportunisticnetworking is a sub-classof bothDelay-TolerantNetworking (DTN) [1] and
Mobile Ad-HocNetworking(MANET) [2]. In thispaperweareconcernedspeci�cally with the
partof thedesignspacewherenodesareoftenoutof contactwith oneanother.

Thispapermakesthreekey contributions.

1. We presentthe designand resultsof an experimentwhich provides a pictureof some
typicalhumanmobility patternsin thecontext of opportunisticconnections.

2. We analyseboththedatagatheredby ourselvesaswell astwo otherlargedatasetsmade
availablefrom othermobility experimentsandshow thatanapproximatepower law holds
over anextendedrangeof valuesfor the inter-contacttimesof nodesin all four experi-
ments.

3. Weprovideaproof thatonemajorclassof previouslyproposedopportunisticforwarding
algorithmswill not performwell in theseconditionsandproposemeasureswhich may
increasetheperformanceof suchalgorithms.

We next discussthe relatedwork andthenpresentthesecontributionsin the orderabove.
Thepaperconcludeswith abrief summaryof contributionsandpresentationof futurework.

2 Relatedwork

Wehave investigatedthreeareasfor relatedwork:
Measurement : A numberof researchgroupshave conductedstudiesinto mobility in the

context of networking. Many of theseare aimedat analysingand informing the designof
infrastructure-basednetworks,but their dataandresultsarealsorelevantfor opportunisticnet-
works.Thiscategory includesBalazinskaandCastro's study[3] aswell asthedatagatheredat
UCSD [4] andDartmouth[5] whichweanalysein thispaper.

Modeling : Much of thework in DTN andMANETs concernsthemodelingof mobility or
location[6, 7]. The goal of the modelshastypically beento drive the evaluationof routing
schemeswhich assumethat themajority of nodesareconnectedmostof the time. This is not
likely to berelevantsincewe arein thepartof thedesignspacewherenodesareoftendiscon-
nected. Indeed,the purposeof this paperis to model the distribution of thesedisconnection
timesandits impacton forwardingdecisions,asnotednext.

A commonpropertyof many mobility modelsfoundin theliteratureis thattheinter-contact
distributiondecaysexponentiallyover time.

Oneof thesimplestexamples,introducedin [8], in thecasewherenodeslocationsarei.i.d.
with a uniform distribution in a boundedregion, thesuccessof communicationbetweeneach
sender-receiverpairhasa �x edprobabilityp > 0 ateachtimeslot t.
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In this situation,if we considera particularsender-receiver pair, theremainingtime to the
next contactis distributedexponentiallyfollowing thedistributionX :

P[X > t] = pt (1)

This propertyis alsotruefor thepopularrandomwaypointmodel,see[9]. In this article,a
brownianmotionmodelis analysedaswell. Theauthorsclaim thattheinter-contacttime is in
thiscasestochasticallyboundedby anexponentialrandomvariable.

Forwarding : Suet al.[10] usedtracesof humanmobility patternsgatheredwith PDAs to
evaluatethe feasibility of opportunisticnetworking. Somesensornetworks act in an oppor-
tunistic fashion,suchasZebranet[11], which usesopportunisticconnectionsbetweenzebra-
mountednodesto transfersensordataandthuscollectstatisticsaboutzebrapopulations.Similar
researchexistswith whales[12]. However, theseexperimentsarelargely pragmaticproofs-of-
concept.

The most relevant work when trying to �nd forwardingalgorithmsfor networks that are
frequentlydisconnected,is thealgorithmproposedby GrossglauserandTsein [8], furtheranal-
ysedin [9]. Theprincipalmotivationof thatwork wassomewhatdifferentfrom ours: it wasto
�nd theavailableincreasein capacityof themulti-hopradionetwork asa functionof themo-
bility andthenumberof nodes.In theprocessof exploiting mobility andtradingit off against
transmission,theauthorscreatedanopportunisticforwardingalgorithm.

Given the natureof intermittentconnectivity, it is likely that successfulforwardingalgo-
rithms are basedpurely on locally learnedinformation. The regime in somesensesis even
moreresourcestarved thana MANET whereoneeschews proactive routing. Thuswe needto
measurewhat we canstatisticallylearn locally in a variety of likely scenarios,and thenuse
thosemeasurementsto drive theevaluationof appropriateforwardingalgorithms.

As envisagedin theintroduction,onecanimaginethatsucha regimemight operateonly in
partsof a network, wherein otherparts,connectivity is maintained.We will discussthis in the
conclusionsunderfurtherwork.

3 Gathering data on transfer opportunities

In order to conductinformeddesignof forwardingpoliciesandalgorithmsfor opportunistic
networks, it is importantto gatherdataon the frequency anddurationof contactbetweenhu-
mans(andthedevicesthey carry).However, this is noteasyto gather– ideally, adatasetwould
cover a largeuserbaseover a large time period,aswell asincludedataon connectionoppor-
tunitiesencounteredtwenty-fourhoursa day. This presentsmany practicalityissues; dealing
with deploymentof mobile devicesto a large userpopulation,the batterylife of the devices,
andminimisingtheinconvenienceto usersof carryingthedevicessothatthey arewilling to do
soatall times.

3.1 Data fr om the research community

We �rst examinedthe datamadeavailableto the communityby peoplewho have performed
previous measurementexercises.Two datasetsemerged,namelyfrom UCSD [4] andDart-
mouth[5]. Both make useof WiFi networking, with theformer includingclient-basedlogsof
thevisibility of accesspoints(APs),while thelatterincludesSNMP logsfrom theaccesspoints.
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Figure1: An iMote connectedto aCR2battery

Thedurationsof thelogsarethreeandfour monthsrespectively. Sincewe requireddataabout
device-to-device transmissionopportunities,the raw datasetswereunsuitablefor our exper-
iment andrequiredpre-processing.For both datasets,we madethe assumptionthat mobile
devicesin sightof thesameAP would alsobeableto communicatedirectly (in ad-hocmode),
andcreateda list of transmissionopportunitiesby determining,for eachpair of nodes,theset
of time regionsfor which they sharedat leastoneAP.

Unfortunately, thisassumptionintroducesinaccuracies.Ononehand,it is overly optimistic,
sincetwo devicesattachedto thesameaccesspoint maystill beout of rangeof eachother. On
theotherhand,thedatamight omit connectionopportunities,sincetwo devicesmaypasseach
other at a placewherethereis no instrumentedaccesspoint, and this contactwould not be
logged.Furthermore,it is hardto ensurethatthedevicesarein factco-locatedwith theirowner
at all times. Despitetheseinaccuracies,the WiFi tracesarea valuablesourceof data,since
they spanmany monthsandincludethousandsof nodes.In addition,consideringtwo devices
connectedto the sameAP are potentially in contactis not altogetherunreasonable,as these
devicescouldindeedcommunicatethroughtheAP, withoutusingend-to-endconnectivity.

3.2 iMote experiments

In responseto thelimitationsof theprevioustracesfor ourwork,wesetupourown experiments
makinguseof the iMote platformmadeby Intel Research.iMotes (seeFigure1) arederived
from theBerkeley Mote3, with thecurrentversionbasedaroundtheZeevo TC2001Psystem-
on-a-chipproviding an ARM7 processorandBluetoothsupport.Along with a 950mAhCR2
battery, eachiMote wasenclosedin packagingdesignedto be convenientfor testsubjectsto
continuallycarry. Two typesof packagingweremadeavailable: someiMotesweremadeinto
keyfobswhile otherswereenclosedin smallboxes(seeFigure2). Subjectswereaskedto pick
theform factorwhichallowedthemto convenientlykeeptheiMote with thematall times,with
mostsimplyattachingtheiMote to their keys.

WeprogrammedtheiMotesto performaninquiry for � vesecondseverytwo minutes.While

3seehttp://www.xbow.com/
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Figure2: PackagediMotesin boxedandkeyfob form factors.

theBluetoothspeci�cationindicatestensecondsshouldbeused,ourexperiencewith theiMote
hardware is that the vast majority of nearbynodesare seenin the �rst � ve secondsor not
at all. Performingan inquiry is power-intensive and it is importantto minimise time spent
in this mode. The iMotes spend120 seconds(plus or minustwelve secondswith a uniform
randomdistribution) in asleepmodewherethey areableto respondto inquiries.Thereasonfor
introducingrandomnessis that iMotescannotrespondto inquiry while themselvesperforming
inquiry. Without randomness,iMotesmight synchronisein sucha way that they would never
seeeachother. Thetwo minuteinquiry periodwaschosento provide anestimatedlifetime of
oneweek for the iMotes with CR2 batteries.During the experiment,eachiMote used�ash
memoryto log “contact”datafor all visibleBluetoothnodes(includingiMotesaswell asother
Bluetoothdevices),with eachcontactbeingrepresentedby a tuple (MAC address,starttime,
endtime). A twenty-fourhour pilot deploymentwasperformedin orderto iron out software
bugsandre�ne thedeploymentmethodologyandpackagingmechanisms.

Two iMote experiments(“iMote A” and“iMote B”) wereconducted.ExperimentiMote A
includedseventeenresearchersandinternsworking at Intel ResearchCambridge,while iMote
B involvedeighteendoctoralstudentsandfacultycomprisingaresearchgroupat theUniversity
of CambridgeComputerLab. Unfortunately, realworld factorscontributedto themalfunction
of someof the iMotes. As a result,thetwo experimentsresultedin datafrom nineandtwelve
iMotes.

The iMoteswerecollectedafter their batteryhadexpired,andthe �ash memorywasread.
A numberof post-processingstepswereundertaken on the data. A time basisconsistentfor
all iMoteswasreconstructedby (1) usingtheknown starttime of theexperiment,andby using
a programto �nd “mutual” sightings(i.e. wheretwo iMotesseeeachother)of long duration,
and(2) determiningtheclockoffsetbetweenthetwo iMotes.Thesynchronisationwaschecked
manually. iMotescontactswereclassi�ed as“internal” with otheriMotesand“external” with
other typesof device. Externalcontactsarea valuablesourceof data. iMotes aredeployed
to a smallsetof advancedusers.Theexternalcontactsarenumerousandincludeanyonewho
hasanactive Bluetoothdevice in thevicinity of the iMote users,therebymeasuringtheactual
Bluetoothdeployment. The internal contacts,on the other hand,representthe contactsthat
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Figure3: Contacthistoryof oneiMote.

eachof ourparticipantswouldhave, if they wereequippedwith devices(suchassmartphones)
whicharealways-onandalways-carried,whichsupportedopportunisticnetworking.

A typicallog is illustratedin Figure3. OntheY axis,thevariouscontactshavebeenindexed,
with all iMoteshaving low index (i.e. 1-18),while externalcontactshave higherindexes.This
allowsusto quickly view thedata.

An anonymisedversionof our datawill be madeavailable to other researchgroupson
demand.

3.3 Comparisonof data sets

A summaryof the featuresof the four datasetsis shown in Table1. Thesedatasetsgive us
a chanceto study four different userpopulations,using two different wirelesstechnologies.
The iMote experimentshave the advantagesthat the usersaremorelikely to carry the small-
form-factor iMote at all times,andthat logging takesplacewherever the useris andnot just
whenthe usersarenearAPs. The WiFi-basedexperimentshave larger userpopulationsand
durations,andincludeall contactsoccurringat the instrumentedlocations.Thus,thedatasets
arecomplementaryin many ways.

UserPopulation Intel Cambridge UCSD Dartmouth
Device iMote iMote PDA Laptop/PDA

Network type Bluetooth Bluetooth WiFi WiFi
Duration(days) 3 5 77 114

Granularity(seconds) 120 120 20 300
Nodesparticipating 141 238 261 6648
Numberof contacts 3,984 8,856 175,105 4,058,284

Table1: Comparisonof datasetsused
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4 Characterization of contactopportunities

This sectionreportsour observationson thefour mobility datasetsdescribedabove. Thecon-
sequencesof theseobservationson opportunisticnetworking forwarding algorithmswill be
describedin thefollowing section.

4.1 De�nitions

Weareinterestedin thecharacteristicsof connectionopportunities,i.e. how many andwhendo
they occur, how oftenandhow long. We chooseto characterizetheseopportunitiesin termof
contacts.To doso,wede�ne two parametersrepresentedonFigure4 :

� Thecontactdurationis thetimeinterval for whichtwo network devicescancommunicate
whenthey comeinto range.Thenumberof suchcontactsandthedistribution of contact
durationsis animportantfactorin determiningthecapacityof opportunisticnetworks. It
givesinsightonhow muchdatacanbetransferredateachopportunity.

� Theinter-contacttimeis thetime interval betweentwo contacts.Thisparameterstrongly
affects the feasibility of opportunisticnetworking, and hasrarely beenstudiedin the
literature. The natureof the distribution will affect the choiceof suitableforwarding
algorithmsto beusedto maximizethesuccessfulltransmissionof messagesin abounded
delay.

t

aninter-contact acontacttime

Durationof theexperiment

Figure4: ContactandInter-contacttimesfor apairof nodes.

In this work, we focuson the analysisof the distribution of inter-contacttime. For com-
pleteness,we alsobrie�y discussthecontacttime distribution. Two remarksmustbemadeat
this point. First, we computedthedistributionsof thesetwo variablesperevent(i.e. consider-
ing eachoneof thevaluetakenby theseperiodsof time). We did not computethedistribution
of the variableasseenat a randominstantin time by the pair. Thesetwo distributionsarein
correspondenceby aclassicalresultfrom renewal theory(see[13]).

In additionto that,our resultsarein�uenced by thedurationandgranularityof theexper-
iments. For event lengthsapproachingthe durationof the experimentthereis an artici�ally
lower likelihoodof observation, andeventslastinglongerthanthe experimentcannotbe ob-
served.Similarly, for shorteventlengths,thedatais affectedby thegranularityof measurement
(which rangesfrom twentysecondsto � veminutesin ourdatasets).

4.2 Inter -contact time

We study inter-contacttime �rst as it is the parameterthat hasthe most signi�cant impact
on the feasibility of opportunisticnetworking. Inter-contacttime affects the frequency with
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which packetscanbetransferredbetweennetworkeddevices.In Figure5 we plot inter-contact
time distributionsfor all four datasets(i.e. iMote A, iMote B, UCSD, andDartmouth). The
signi�cant region is the middle of the graph,with the leftmostand rightmostpartsshowing
artifactsdue to the granularityand durationof the experimentsas describedabove. In this
region,all four experimentsshow thesamebehavior, anapproximatepowerlaw, asevidenced
by thestraightnessof thecurve. A power law is characterisedby it' s coef�cient re�ecting the
slopeof theline on log-log graphs— this coef�cient is importantfor theanalysispresentedin
Section5. For theiMote experiments,thecoef�cient is 0.5for therange[100s;oneday],with
a slightly convex distribution (�atter thanthat of a power law). The Dartmouthdataexhibits
anapproximatepower law with a coef�cient of 0.33on the range[100s;1 week]. TheUCSD
distributioncoef�cient is also 0.33,but overamorelimited range[100s;two days].

Theapproximatepower law shapemeansthat the inter-contactdistribution is heavy-tailed
over this range- i.e. the tail distribution function decreasesslowly. This is contraryto the
exponentialdecayof many mobility modelsput forward in the literature. As a result,oppor-
tunisticnetworking algorithmswhich have beendesignedaroundexponentialmodelsmustbe
re-evaluatedin thelight of our observations(seenext section).In theBluetoothtraces,15%of
inter-contactdurationsaregreaterthanonehour, and5% aregreaterthanoneday. In theWiFi
experiments,thelargeexperimentdurationallowsusto analyselargeinter-contactdurations.In
theDartmouthtrace,we �nd that they arefar from negligible: 20%aremorethana day, 10%
aremorethana week.In theUCSD trace,15%aremorethana day, and4% aremorethanone
week.

While the WiFi experimentshave longerdurations,longer inter-contacttimesmay be af-
fectedby themorelimited mobility of laptopsor PDAs astheirusersmaynotcarrythemall the
time. As onemightexpect,theiMote experimentsshow lower inter-contacttimes(asillustrated
by the lower coef�cient of the approximatepower law). This is an encouragingsign for the
�eld of opportunisticnetworking- with thealways-carried,always-onnatureof devicessuchas
smartphones,moreconnectionopportunitieswill be found. What is striking is that thesame
overall pattern,the approximatepower law, seemsto apply to both BluetoothandWiFi data
despitethedifferencesin experimentalmethodology.

Inter nal vs. external iMote contacts

While theaboveiMote plotsusedbothinternalandexternalcontacts,it is alsoinstructiveto look
at eachof theseclassesin isolation.Theseareshown in Figure6. We observe thattheinternal
contactplot is almostindistinguishablefrom theplot containingall contacts(Figure5), while
theexternalcontactplot hasa very similar distribution, again showing anapproximatepower
law. This indicatesthatourexperimentalmethodologyusingiMotesis suitablefor studyingthe
behavior of thedeployedBluetoothuserbase.

4.3 Impact of time of day on opportunities

Sincehumanmovementpatternshave daily cycles, it is possiblethat the resultsabove arise
as an artifact of averagingover entiredays,and that during given partsof the day different
behaviour is seen. In orderto addressthis possibility, we split the day into 3 hour bins. For
eachinter-contactgapin theexperiments,weaddthedurationto thebin in whichthegapstarts.
Resultsareshown in Figure7.
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Figure5: Distribution of inter-contacttime for our four experimentaldatasets; our Bluetooth-
basedexperimentson thetop,WiFi-basedexperimentson thebottom.
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It can be observed on Figure 7 (top) that the t.d.f. is becoming�at up to value of the
orderof a dayfor 15%or 10%of intercontact,at period15:00-18:00and18:00-21:00.This is
explainedby theproximity of a periodof inactivity, immediatelyafter, for eveningandnight,
thatincreasestheproportionof largevaluesof inter-contacttimesstartingin thisperiod.

As Figure 7 shows, the inter-contacttime exhibits an approximatepower law in eachof
the time bins,with the only differencebeingthe coef�cient of the power law, which is easily
explainedby thehumandiurnalcycle.

4.4 Contact duration

Thecontactdurationis oneof the factorsaffecting theamountof datathatcanbe transferred
betweennodeswhenthey comeinto range.Otherrelevantfactorsincluderelativedistancepat-
terns,thespeedof movement,thediscovery latency, andwirelessnetwork congestion.While
thecapacityof an opportunisticcontactis obviously an importanttopic for opportunisticnet-
working, it is not the focus of this paper. Nevertheless,for completenesswe discusssome
aspectsof contactdurations.

Figure8 shows the distributionsof contactdurationsin all four datasets. The maximum
contactdurationis around3 hoursin theiMote experiments,3 daysin theDartmouthdataset,
andaroundhalf a day in theUCSD data.The latter two canbeexplainedby theexperimental
methodologies;the UCSD PDAs wereonly able to last 8 hoursbeforerecharging, while the
Dartmouthdatamayre�ect laptopsleft in of�ces. 50%of thecontactlastlessthan6 minutesfor
iMotesexperiments,whenonly 20%of thecontactlastlessthanthisis UCSDtraces,andaround
30%for tracesfrom Dartmouth.Themostimportantresultis thatcontacttime distributionsin
thesecasesseemsto belongto the samecategory that inter-contacttime. They arecloseto a
power law onarangeof value.But therangeof valueis muchmorenarrow, andthecoef�cient
of the power law is higher(around1.5 for the Bluetooth-baseddatasets,and1.8 to 2 for the
WiFi datasets).

5 Networking with power law–basedopportunities

In this section,we study the impactof heavy tailed inter-contacttimeson the actualperfor-
manceandtheoreticallimits of a generalclassof opportunisticforwardingalgorithms.These
algorithmscanbe characterizedas“stateless”in that they do not maintainhistory dataor at-
tempt to predict performancein the future. Instead,eachnodetakes advantageof contacts
opportunitiesto forwardasmany packetsaspossiblewhile in contactwith anothernode. We
startby de�ning formally theclassof algorithmswestudy.

5.1 Opportunistic forwarding algorithms

We areinterestedin a generalclassof opportunisticforwardingalgorithmsthatrelieson inter-
mediatenodesto carry databetweena sourceanda destinationthat might not be contempo-
raneouslyconnected.Intermediatenodesarechosenpurelybasedon contactopportunismand
notusingany storedroutinginformation.

Thefollowing two algorithmsprovideboundsfor theclassof algorithmdescribedabove :
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Figure7: Distribution of inter-contacttimesdependingon the time of theday, for Bluetooth-
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� wait-and-forward: Thesourcesimply waitsuntil its next contactwith thedestinationto
communicate.

� �ooding : anodeforwardsall its packetsto any nodewhich it encounters,keepingcopies
for itself

The�rst algorithmusesminimal resourcesbut canincurvery longdelaysanddoesnot take
full advantageof thead-hocnetwork capacity. Thesecondalgorithmdeliverspacketswith the
minimumpossiblelatency, but doesnot scalewell in termsof bandwidth,storage,andbattery
usage.

In betweenthesetwo extremecases,thereis a wholesetof middle-groundalgorithmsthat
usevariousnumbersof intermediatenodes,contacts,andpacket duplicates.Startingfrom the
mostconservativealgorithms(wait-and-forward),weanalyseincrementallythecapacityof our
classof algorithms,in thefaceof power law hehaviour of theinter-contactdelaydistribution.

We �rst studythe two-hoprelayingalgorithmintroducedby GrossglauserandTsein [8].
The two-hoprelayingschemeoperatesasfollows. Time is divided in a sequenceof evenand
odd slots. During every even time slot, packetsaresentfrom sourcesto relays,with the �rst
availablecontactchosenasa relayTheonly exceptionis if thedestinationis the �rst nodeto
comeinto contactwith the source,asthe packet is transmitteddirectly. Otherwise,the relay
will keepthepacket in memoryandthesourcedoesnot sendthis packet again. Relaysdeliver
to thedestinationonly; goingthroughasecondrelayis notpermitted.

Eachrelaysmaintainsonequeueperdestination.Weassumethatbuffersareunlimited,and
thatpacketsin eachqueuearetransmittedto thedestinationin a �rst-come �rst-servedfashion,
at thenext timethattherelayencountersthedestination,in anoddtimeslot. As queuingis used
in theintermediatenodes,theforwardingprocessof packetssentby thesourceto a relayneeds
to beof lower intensitythanthepacketssentby this relayto thedestination.This is thecasein
theimplementationproposedin [8] andwemake thesameassumptionbelow.

Thisalgorithmis agoodcandidateto startourstudyof theimpactof powerlaw inter-contact
timesonopportunisticforwardingfor thefollowing threereasons:
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� Thealgorithmwasshown to maximizethecapacityof densead-hocnetworks,underthe
conditionthatnodesarei.i.d. uniformly in aboundedregion.

� This resultdependsstronglyonthemobility processof nodes.Authorsof [8] assumedan
exponentialdecayof theinter-contacttime. Thesameresulthasbeenprovenfor packets
following Brownianmotionor randomwaypointmobility model[9].

� [8] and[9] haveshown thatthatthepacketsexperiencea�nite expecteddelayunderthese
conditions.

5.2 Analysisof the two-hop relayingalgorithm

In this sectionwe �rst constructa communicationmodelbasedon the following assumption:
Inter-contacttimesbetweenany pair of nodesfollow anunboundedrandomvariablewith dis-
tribution X accordingto a power-law with coef�cient � > 0. With a discreteslottedtime
t,

P[X � t] = (max(1; t)) � � for all t = 1; 2; : : : : (2)

Later in this section,we will discussthemoregeneralcasewherethe inter-contacttime is
bounded,andwhereits distribution is subjectto a lowerboundby apower law overa restricted
interval.

5.2.1 The unboundedpower law case

We considerN nodeswhich transmitpacketsaccordingto thetwo-hoprelayingalgorithmde-
scribedabove. Insteadof themobility modelusedin [8], we introduceacommunicationmodel
wherea node's locationis ignored. In this modelthe timesat which two nodescanexchange
datais modeledasarenewal pointprocessof events.Thetimebetweentwo eventsis distributed
accordingto therandomvariableX alreadydescribed.

Our goal is to evaluatethetransmissiondelayassociatedto a packet. We thereforeassume
thatall contactslastonetime slot andthatinter-contactperiodslasta variablenumberof slots.
This simpli�cation is supportedby our experimentalresults,in which all datasetsexhibited
contacttimesseveralordersof magnitudelessthaninter-contacttimes(seeSection4).

To simulatethefactthatacontactmaylastlongerthanoneslot,we introducetwo cases:

� theshortcontactcase: whereonly onepacket canbesentbetweennodesfor eachtime
slotwherethey arein contact.

� the long contactcase: wheretwo nodesin contactcanexchangeanarbitraryamountof
data.

Thesetwo casesrepresentlowerandupperboundsontheamountof datathatcanbeexchanged
duringacontactperiod.

We de�ne the setof packetstransmittedin a singlecontactasa databundle. In the long
contactcase,adatabundlecontainsanarbitrarynumberof packets.In theshortcontactcase,a
databundleis comprisedof a singlepacket. Bundlesaretreateddifferentlyby therelay in the
two contactcases.For longcontacts,arelaycanemptyit' sentirequeueeverytimeadestination
is in contact.In theshortcontactcase,packetsaresentoneat a time whenever thedestination
is in contact.Therefore,multiplecontactsmaybeneededto emptythequeue.
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In theshortcontactcase,sincewe needto ensurestability in the relay's queueingmecha-
nism,we assumethatbundlesarecreatedat thesourceat timesfollowing a point processwith
�nite intensity� (whichwealsocall thedemandintensity).Thesameassumptioncanbemade
for thelongcontactcasealthoughstability is notanissuein thiscontext.

We introducefor eachpacket/bundlek, thedelayD k it experiencesfrom its creationtime
to the time whereit is received by the destination. We also introduceM (t), the numberof
packets/bundlesreceivedby thedestinationat time t.

A consequenceof thewaiting timeparadoxis :

Theorem1 For a sourcewith a positivedemandintensity� , transmittinginformationusingthe
two-hoprelayingalgorithm,wehave:

� For � < 2, thesequenceof delaysexperiencedbypackets/bundlesdivergeswith expecta-
tion lim E [Dk ] = + 1 , andif, in addition,� > 1 in theCesaro sense:

lim
k!1

D1 + D2 + : : : + Dk

k
= 1 a.s.

� For the long contactcaseand � > 2, a stationaryregime exists where the delay of
a bundle transmittedfrom a source to a destinationhas a �nite expectedvalue. The
sequenceof delayconvergesalmostsurely in theCesaro sense.

� For theshortcontactcaseand� > 3, if � < N � 1
E[X ] , a stationaryregimeexistswhere the

delayof a bundletransmittedfroma sourceto a destinationhasa �nite expectedvalue.

Proof : The�rst half of theproofdealswith thelongcontactcase.Theresultfor shortcontacts
canthenbededucedby increasingstochasticcomparison[14], for any positive traf�c demand
� .

long contact, for 1 < � < 2 : We considera sourcecommunicatingwith a relayat times
(Sk)k� 1; the timeswhenthe relay cancommunicatewith the destinationwill be denotedby
(Rk)k� 1.

�
R0 = 0
Rk = Rk� 1 + X k for k = 1; 2; : : : ;

where(X k)k� 1 arei.i.d. accordingto X . Wehavethesameform for thesequence(Sk)k� 1, with
theinter-contactsequence(Yk)k� 1 independentaccordingto X . Weintroducefor any timet the
remainingtime Ft (resp.Gt ) until thenext source-relaycontact(resp.relay-destination).Note
thatFt is alsotheremainingdelaythatwill beexperiencedby a bundlethatarrivesin therelay
at time t. It is awell-known resultthatbothareMarkov chainssuchthat:

�
Ft+1 = Ft � 1 if Ft � 1
Ft+1 = j with prob. P[X = j + 1] if Ft = 0 ;

This Markov chain is irreducible,aperiodic,recurrent(as X is a.s. �nite) and positive (as
E [T0] = E [X ] < + 1 ). Fromtheregenerative form of invariantmeasureonecanseethat its
stationarydistribution � is givenby (i +1) � �

P
i � 0 (i +1) � � .
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Thekey argumentis thattheproductchain(Ft ; Gt )t � 1 is irreductibleandadmitsastationary
measure(givenby theproductof � ), henceit is ergodicandwehavealmostsurely:

lim
T !1

1
T

TX

t=1

f (Ft ; Gt ) =
X

i � 0;j � 0

� (i; j )f (i; j ) (3)

for any functionf integrablewith thedistribution � .
In particular the LHS for f (A ) : (i; j ) 7! min(i; A)I f j =0 g is a.s. lower boundedby

Cst
P A

i=0
i

(i +1) � � , which divergesfor A ! 1 . Hencewe canprove by comparisonfor all
A :

lim
T !1

1
T

TX

t=1

Ft I f Gt =0 g = + 1

suchthatby takingT = Sk wehave theCesarodivergence:

lim
FS1 + : : : + FSk

Sk
= lim

D1 + : : : + Dk

k:E [X ]
= + 1

To prove thattheexpectationdiverges,wehave for any A � 1 :

A(A+1)
2 I f X 1 � Ag �

X 1 � 1X

t=0

min(Ft ; A) � A:X 1;

whereall thesevariablesarepositivewith a�nite expectation.Then,as(Rk)k� 1 isaregenerative
sequencefor (Ft )t � 1, theregenerative theoremtellsus:

lim t !1 E [Ft ] � lim t !1 E [min(Ft ; A)]

�
A ( A +1)

2 P[X 1 � A ]
E[X 1 ] � A 2 :A � �

2:E[X 1 ]

hence
E [M (t)]

t
! 0 for t ! 1 : (4)

usingM (Sk + Dk)=Sk + Dk = k=Sk + Dk .
long contact casefor 0 < � < 1 : We �rst prove that theexpecteddelaydiverges.In this

case,asE [X ] = 1 , theMarkov chainde�ning (Ft )t � 1 is recurrentnull, sothatOrey's theorem
[13] tellsus:

lim
t !1

P[Ft = i ] = 0 for all i

In particular, for any A,

lim
t !1

P[Ft < A] = 0 henceP[Ft � A] ! t1 1

Thisimplies: E [Ft ] � E
�
Ft I f Ft � Ag

�
� A whichprovesthatlimk!1 E [Dk ] = limk!1 E [FSk ] =

lim t !1 E [Ft ] = + 1 :
long contact casefor � > 2 : For suchvaluesof the parameter� , the productMarkov

chain(Ft ; Gt ) is positive recurrent(seeabove). In addition,thefunctionf : (i; j ) 7! i I f j =0 g is
integrablew.r.t. thestationarydistribution � asde�ned below, henceEquation(3) proves:

lim
T !1

1
T

TX

t=1

Ft I f Gt =0 g =
X

i � 1

i:� (i ):� (0) < + 1 a.s.
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Thisprovesanalmostcertainconvergencein theCesarosensefor thesequenceof delayD k .
Theregenerative theorem,appliedto theprocessFt provesthat:

lim
t !1

E [Ft ] =
P X 1

i =1 Ft

E [X ]
=

E [X 2] + E [X ]
2E [X ]

< + 1

thisprovestheconvergencein expectationof thedelay, asD k = FSk .
short contact casefor � > 3 : We will usethesamenotationasabove andconsiderone

queuein a givenrelay. We assumethepoint processSk andRk to bein a steadystate.Whatis
now differentis thatthedelayof packetk is notgivenby FSk , asexistingremainingpacketsmay
block thenew onefor sometime beforeit is transmittedto thedestination.Anotherdifference
is thatbundlesarecreatedin thesourceaccordingto a point processwith intensity� . We will
�rst prove thatpacketsarriving in a relay througha point processwith intensity �

N � 1 remains
for a timewith �nite expectation.

WeintroduceW(t) theremainingloadin therelaysfor thisdestinationasseenimmediately
after time t. Whena packet arrived andthe relaycontainsm � 0 packetsto be sentW(t) is
givenby

inf f Rk+ m ; k � 1 suchthatRk > tg � t

For this case,a methodsimilar to the oneusedin [9] canbe used. Whena packet enters
the relay, it addsan additionalservicerequestto the value of W(t). Thereis two casesto
distinguish:eithera packet entersa queuethat is empty, in which casethe additionalservice
requestis of the samedistribution as Ft , or it addsto a numberof packets waiting in line
already. In the latter case,theadditionalservicerequestis with law X . As canbe seenfrom
theexpressionof Ft , its distribution is alwaysgreater, for thestochasticincreasingorder, than
theoneof X . Hencetheloadin this queuingsystemis stochasticallysmallerthantheloadin a
singleserverqueuewith clientsall requestingindependentservicewith law F t .

As we have assumed� > 3, thesecondmomentof the law of Ft is �nite (ascanbeseen
from theexpressionof � ), it is thenpossibleto useKingman's bound[15] to show thatunder
thestability condition(veri�ed as �

N � 1 < 1
E[X ] ), theexpectedload in thecorrespondingsingle

server queueis �nite. By comparison,the expectedload in the original queueingsystemis
�nite. NotethatW(t) is alsothetimeatwhichapacketarriving at time t leavesthequeue,this
provesthat the sojourntime of a packet in the relay is of �nite expectedvalue. The proof is
exactly thesameto show thatthedelayfrom packetscreatedat thesourcewith intensity� stay
adelaywith a �nite expectationin thesourcebeforebeingsentto therelay. Thedeparturefrom
thesourceto arelaycanbeshown to beapointprocesswith intensity �

N � 1 , whichcompletethe
proof.

We noteherethatthesameresultis likely to holdunderthesamestability conditionfor the
moregeneralcase� > 2. Oneway to look at this problemis throughtheframework of queues
in a randomenvironment(see[14]). Thiscaseis thesubjectof ongoingresearch. �

Corollary 1 Asa consequencefromtheproof :

if � < 2, lim
t !1

E [M (t)]
t

= 0

If � > 2 (or � > 3 for theshortcontactcase),

lim
t !1

E [M (t)]
t

= min(
N � 1
E [X ]

; � ) > 0
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To summarize,wehaveidenti�ed two regionswherethebehavior of thetwo-hopforwarding
algorithm would differ underthe power law inter-contacttime assumption: For a value of
� that is greaterthan 2 (or 3 if contactsare short) the algorithm converges,as in the case
of an exponentialdecay, to a �nite expecteddelay. For smallervalue, it will exhibit a very
differentperformance,asdelaywill grow unboundedlywith time, andthroughputwill vanish
in expectation.

5.2.2 Restrictedpower law

We have shown above thatthetwo-hoprelayingalgorithmstabilizes,undertheassumption(2)
of unboundedinter-contacttime following a power law, if and only if the coef�cient of the
power law is greaterthan2. In particular, for smallervaluesof thecoef�cient � , which is what
we observe in all four experimentaldatasets,the empiricalthroughputmay vanishwith time,
andtheaveragedelayof successivepacketssentwill grow to in�nity .

In practice,the consequenceof this result is that the delay observed by a sourcein this
forwardingschemewill almostsurelydivergeout of therangeof inter-contacttimesfor which
apower law applieswith coef�cient smallerthan2.

In otherwords,theprobabilitythata packet is blockedin oneof thevery long inter-contact
timesbecomeslarger with time. In our empiricaldatasets,the expecteddelaywould not be
closeto moderatevalues. It would be dominatedinsteadby the extremevaluesfound in the
power-law region. For theBluetoothexperiments,this is on theorderof days,while for WiFi
this is in weeks.

This remainstrueeven in theoptimisticcasesof unlimitedbulk exchangebetweennodes,
with noqueuingexpectedin therelay, andthebestpossibleuseof contactopportunitiesbetween
thechosenrelayandthedestination.

On theotherhand,thesituationis not sopessimisticif a power law applieswith a stronger
coef�cient (greaterthan3). In this case,thetwo-hoprelayingalgorithmconvergesfor a stable
demandto the stationaryregime of a queuingsystem,with �nite expecteddelay. A positive
throughputis guaranteedto thesource,thatdoesnotnecessarilydependonthesizeof therange
wherethispower law applies.

5.3 Generalization to statelessalgorithm

We have seenthat theperformanceof thetwo-hoprelayingalgorithmstronglydependson the
valueof theparameter� whichcontrolsthedistributionof largeinter-contacttimes.In thissec-
tion weprove thatthesameresultsapplymoregenerallyto any statelessforwardingalgorithm.
Dependingon thevalueof � , thedelaymight have boundedexpectationfor all forwardingal-
gorithms,some,or for noneof them.This is importantsincedifferentmobility conditionslead
to differentvaluesof � ; for example,Section4.3showedthevariationat differenttimesof the
day.

We show that,within theclassof statelessforwardingalgorithms,thereis a subclasschar-
acterizedby multiple transmissionsto differentrelaynodesthatoutperformsthetwo-hopalgo-
rithm with regardto stability in thelongcontactcase.

Insteadof sendingasinglecopy of amessageto a relay, thesourcewill sendeachpacket to
the�rst m relaysopportunisticallymet. Providedthatthecontactsof theserelaysareindepen-
dent,thesourcemayreducethetransmissiondelayby increasingits probabilityto pick a relay
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with asmalldelayto thedestinationamongtheN relaysto whichit hasforwardedthemessage.
Westudythissubclassof algorithmfor N = 2.

Lemma 1 Let (Ft )t � 1 and(F 0t)t � 1 theindependentremainingtimeof a renewal process,with
inter-eventfollowing thedistributionof Equation(2) for 3

2 < � < 2.

ThenE [Ft ] = E [F 0
t ] = + 1

andE [min(Ft ; F 0
t )] < 1 .

Proof : Thestationarydistribution existsas� > 1, it extendsnaturallyto theproductchain,
whereit is givenby

� (i; j ) = Cst
1

(i + 1)� � (j + 1)� �
suchthat

E [min(Ft ; F 0
t )] = Cst

X

i;j

min(i; j )
(i + 1)� � (j + 1)� �

Thisseriesis convergentif � > 3
2 , as:

P
i;j

min( i;j )
i � j � = 2:

P
i;j

min( i;j )
i � j � I f i � j g

= 2:
P

j
1

j �

P j
i =1 i 1� �

� 2:
P

j
1

j � (Cst + j 2� � )

� 2
� P

j
1

j � Cst +
P

j j 2� 2:�
�

:

�
This resultshows that, for certainvaluesof the parameter� , the expectedtime to get in

contactwith a given nodeis in�nite, but the delaybeforecontactingonenodein a given set
mayhave a �nite expectedvalue. More precisely, for 2 > � > 3

2, any setcontainingat least
two nodeshasthisproperty.

Thesameresultcanbeextendedfor anarbitrarynumberof relaysm :

Lemma 2 Let (F (1)
t )t � 1; : : : ; (F (m)

t )t � 1 be independentremainingtimesof a renewal process,
with inter-eventdistributedaccording to Equation(2), for m+1

m < � < 2.

ThenE
h
F (1)

t

i
= : : : = E

h
F (m)

t

i
= + 1

andE
h
min(F (1)

t ; : : : ; F (m)
t )

i
< 1 .

Proof : Wecanproveusingthesameargumentthanpreviouslemma:

E
h
min

�
F (1)

t ; : : : ; F (m)
t

� i
= Cst

X

i 1 ;:::;i m

min(i 1; : : : ; i m )
(i 1 + 1)� � : : : (im + 1)� �

;

suchthatin particularit is �nite if wehave f (m; � ; 1) < 1 for

f (m; � ; � ) =
X

i 1 ;:::;i m

(min( i 1; : : : ; i m )) �

(i 1)� � : : : (im )� �
:
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Wewill prove that if (m + 1)=m < � , and� � 1, thenf (m; � ; � ) < 1 :
For m = 1, this is trueasfor � > 2 and� � 1, f (1; � ; � ) =

P
i i � � � < + 1 .

For m = 2, theresultis aneasygeneralizationfrom thepreviouslemma,andwehavemore
generally:

f (m; � ; � ) � m:
X

i 2 ;:::;i m

0

@
min( i 2 ;:::;i m )X

i 1=1

(i 1)� � �

1

A 1
(i 2)� � : : : (im )� �

� m:
X

i 2 ;:::;i m

Cst + Cst(min(i 2; : : : ; i m )) � +1 � �

(i 2)� � : : : (im )� �

� Cst + Cstf (m � 1; � ; � + 1 � � )
� : : :
� Cst + Cst f (1; � ; � + (m � 1)(1 � � ))

| {z }
=

P
i i � +( m � 1)(1 � � ) � �

:

Theresultfollow as

� + (m � 1)(1 � � ) � � � � 1 + m + 1 � m:�| {z }
< 0

:

�
This observation is thekey componentin thenext result,which provesthatsucha method

canbe usedwith two relaysto build a stablealgorithmwith � > 3
2, in the long contactcase.

More generallywe canconstructa methodusingm duplicatecopiesthat is stableunder� >
m+1

m . Wealsoneedto makeassumptionon thesizeof thenetwork.
Thenext resultalsosetsout a theoreticalboundon theapplicationof statelessforwarding

algorithmsto transportpacketsthroughcontactopportunitieswith power law properties.As we
will see,for inter-contacttimesdistributedwith � < 1, no algorithmbasedon opportunistic
contacts,includingunlimited�ooding, cansupportstable(i.e. bounded-delay)communication.

Theorem2 In an opportunisticnetwork,for thelong contactcase, if weassumethat thecon-
tactsfor each pair (r; s) of nodesfollow an independentstationaryrenewal processwith the
distributionof Equation(2) with parameter� r ;s � � .

� if � > 2, there is a forwarding protocolusingonly onecopyof thepacket, with a �nite
expecteddelay.

� if � > 3
2, and we supposethat the networkcontainsat leastN = 4 nodes,there is a

forwardingprotocolusing2 duplicatecopies,such that theexpecteddelayis �nite .

� More generally, if � > 1, andif wesupposethat thenetworkcontainsat leastN > 2
� � 1

nodesthereexistsanalgorithmusingm duplicatecopieswith m > 1
� � 1 , that is achieving

a �nite expecteddelay.

� if � r ;s � 1 for all pairs(r,s),andwesupposea �nite networkwith N nodes,noforwarding
protocol (with any numberof copies,including �ooding) can achieve a �nite expected
delay.
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Proof : First result : � > 2 : This is only a reminderfor longcontactsof theresultshown in
theprevioussection,thealgorithmchosenis thetwo-hoprelayingstrategy.

Secondresult : 1 < � < 2 : We assumethesamecoef�cient � r ;s for every pair of nodes.
The resultcanbe deducedin the generalcaseby an increasingstochasticcomparison.Let's
treatthecase� > 3=2. Theforwardingalgorithmthatwe will consideris a two-hoprelaying
usingtwo relays.

STEP 1 : The packet k is transmittedby the source(denotedasnode1) to the �rst two
intermediatenodesthataremet. We �rst estimatethetime for which eachof thesetwo relays
will bebothcontactedandwill receive thepacket.

For a givennoder , theinter-contacttime of thepair (1; r ) follows a power law distribution
P(X � u) = (max(1; u)) � � . In particular, the remainingtime F (1;r )

t until the next contact
is an irreductibleand positive recurrentMarkov Chain, with stationarydistribution � (i ) =

(i +1) � �
P

i � 0 (i +1) � � (seetheproofof Theorem1). In particular, asthereareN � 1 nodesfrom whichthe
sourcecanchoosetwo relaysfrom, they will bechosenasthetwo minimumcoordinatesof the
randomvector(F (1;2)

t ; : : : ; F (1;N )
t ). Let usdenotethemby ( �F (1;r 1 )

t ; �F (1;r 2 )
t ), sortedincreasingly.

As thereareat leastN � 1 � 3 nodes,�F (1;r 2 )
t is theresultof theminimumof two independent

Markov Chainwith law Ft , henceit hasa �nite expectationby thelemma.
STEP 2 : At time t + F (1;r 2 ) , a copy of the packet is presentin eachof this two relays.

The remainingtime for eachof themto get in contactwith the destinationfollows the same
distribution that F (1;r ) . In particularthe minimum of thesetwo independentvariableshasa
�nite expectation. The total latency sincethe packet is createdin t is then the sum of two
variableswith �nite expectation.

GENERALIZATION TO ANY m : Let usassume� > 1 andm > 1=(� � 1). Thesameproof
canbeappliedmoregenerallyto a forwardingalgorithmusingm duplicatecopies.

A sourceforwardsacopy of thepacket to eachof the�rst m relaysthatit meets.Weassume
thatthenetwork containsat leastN � 2m nodes,hencethesuccessivewaitingtimeto meetthe
correspondingrelaysis of �nite expectedvalue: The�rst relaymetis chosenamongN � 1, and
eventhem th relaymetby thesourceis chosenasthe�rst relaymetof theN � 1� (m� 1) � m
remaining.

Whenm relaysreceive thepacket, thetime-to-delivery is theminimumof thetimesbefore
thedestinationmeeteachof thesetm, whichhasbeenshown to havea �nite expectedvalue.

Third result : � < 1 : Let us considerin this case,for all pairs (r; s) of nodesin the
network, theremainingtime F (s;r )

t a time t until thenext contact.They areall irreductiblenull
recurrentMarkov chains.By Orey's theorem,we thenhave thatlim P(F (s;r )

t = i ) = 0 for all i
whent tendsto in�nity .

In particularlim P(F (s;r )
t � M ) = 0, sothatlim

T
(r ;s) P(F (s;r )

t � M ) = 1.

Hencelim P(min (r ;s) F (s;r )
t � M ) = 1 andE

h
min(r ;s) F (s;r )

t

i
divergesfor larget.

As a consequence,whentwo nodesarein contactin sucha network, theexpectationof the
timeuntil any of themis in contactwith any othernodesis divergingwith time. No forwarding
algorithm,no matterhow redundant,canthentransporta packet within a �nite expecteddelay.

�
Thesecondresult,whichdemonstratestheimprovementintroducedby tworedundantcopies

of thesamepacket, relieson thesetof chosenrelaysbeingindependentlychosenwith respect
to their contactpatterns.Althoughit seemsto beanassumptionthat is acceptedin therelated
literatureonopportunisticcommunications,it maybethemostdif�cult to achieve in apractical
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manner. Extensionof this resultto nodeswith lightly correlatedcontactpatterns,andheuris-
tics to choosea reasonablesetof relaysin practicalcases,areappealingfuture directionsfor
research.

At this stage,we have establishedthefollowing resultsfor theclassof statelessforwarding
algorithmde�ned in 5.1,in thelongcontactcase:

� If � < 1, noneof thesealgorithmscanachievea transmissiondelaywith a �nite expecta-
tion.

� If 1 < � < 2, thealgorithmintroducedby [8] is notstableasthedelayhasanin�nite ex-
pectation.It is howeverpossibleto build a forwardingalgorithmthatachievesabounded
delay, usinga numberof duplicatecopiesof thepacket. Thenumberof necessarycopies
m usedmustbegreaterthan 1

1� � andthenetwork mustcontainat least 2
1� � nodes.

� For � > 2 any algorithmfrom ourclassconverges.

Note thatby comparisonthe �ooding algorithmcanachieve a forwardingwith boundeddelay
in all the cases� > 1, if the network is large enough.Using suchan aggressive forwarding
schemeis however never necessaryto have a boundeddelay ; for any valueof � > 1 there
existsanalgorithmusingonly a �x ednumberof copiesm thatdoesnot dependon network's
size.

All thedivergenceresultsapply to theshortcontactcaseaswell, asit is moreconstrained
thanthe long contactcase.It it not clearat this stageif redundantcopy canimprove the do-
main of stability of forwardingalgorithmin the shortcontactcase.This caseis left to future
investigation.

Therefore,in thecasesof bothourBluetoothandWiFi datasets,thereis nostatelessoppor-
tunisticalgorithmthatcanguaranteea transmissiondelaywith �nite expectation,since� < 1.
This posesa challengefor designersof opportunisticcommunicationsystems,which couldbe
tackledby usinghybrid opportunisticandinfrastructure-basedcommunications,or by creating
statefulfowardingalgorithms,which learnfrom network history, e.g. locatingwell-connected
clustersof nodesfor whichapower law of inter-contacttimesmayhavea tractablecoef�cient.

Theconclusionfrom thissectionis thatforwardingalgorithmsdesignedfor non-end-to-end
connectivity canstill take advantageof connectionopportunitiesin thecontext of inter-contact
timeswhich follow a power law. However, certainconditionsmustbe met to ensurestable
communications.The strongestheavy tailed propertiesof inter-contacttimes,especiallythe
onesthatwereexhibitedbyourBluetoothexperiments(� < 0:6) andbyWiFi traces(� < 0:33),
resultin divergingdelayfor any statelessforwardingalgorithm.

6 Summary, conclusionand futur ework

Westudyanad-hocnetwork scenario,calledopportunisticnetworking,whereinherentmobility
andtheoccasionalconnectionwith otherdevicesareusedto transferdata.

We establisha �rst major result,which is that in four differentandindependentdatasets,
thedistribution of the“inter-contacttime” betweennodesin anopportunisticnetworking envi-
ronmentfollows anapproximatepowerlaw over a largerange,with power law coef�cient less
thanone.This resultis notconsistentwith theexponentialdecaypredictedby all existingnode
mobility modelsusedto datein ad-hocnetworking.
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We show that a classof statelessforwardingalgorithms,that have beenproved to deliver
packetswith a boundeddelayin thecaseof exponentialdecayinter-contacttimes,have indeed
an in�nite expecteddelay when mobility follows approximatepower law inter-contactwith
coef�cient under1. We prove that using multiple intermediaterelaysis suf�cient for these
algorithmsto convergewhenthepower law coef�cient is locatedbetween1 and2. Above two,
thesealgorithmsconvergenaturally.

Theimplicationsof ourwork for theresearchcommunityareasfollows:

1. Currentmobility models(e.g. randomwaypoint,uniformly distributedlocations)do not
havethecharacteristicsobservedin ourhumanmobility experiments.New mobility mod-
elsarethereforerequiredin orderto facilitateevaluationof potentialopportunisticdata
transmissionschemes.

2. Little work hasbeendonein the areaof informeddesignof opportunisticforwarding
algorithms— this remainsan arearipe for study. Suitabledirectionsfor work might
involvethesharingof recentcontactinformationbetweennodes,leadingto amorecareful
selectionof potentialrelaynodeswhich arelikely to have a shortpathto thedestination,
while alsobeingindependentlymoving ascomparedto otherchosenrelaynodes.

We planto continueour researchin a numberof directions.Firstly, we wish to characterise
thecontactspatternsbetweennodesaswell asthe inter-contactpatterns,looking at how con-
tact duration,nodespeed,relative distance,discovery latency, andnetwork congestionaffect
thecapacityof anopportunisticcontactfor BluetoothandWiFi networks. Secondly, we wish
to explore tractableforwardingalgorithmsfor opportunisticnetworks, taking into accountthe
lessonsaboveof avoidinglong-delaypathsandof sendingredundantcopiesoverindependently-
moving relays.Finally, we wish to examinea hybrid of opportunisticandinfrastructurebased
networking,andthedelayandbandwidthcharacteristicspresentin suchconditions.
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