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Abstract

Opportunisticnetworks make useof humanmobility andlocal forwardingin orderto
distributedata.Informationcanbestoredandpassedtakingadwantageof thedevice mobil-
ity?, or forwardedover awirelesslink whenanappropriateontactis me. Suchnetworks
fall into the elds of mobile ad-hocnetworking anddelay-toleranhetworking. In orderto
evaluateforwardingalgorithmsfor thesenetworks, accuratelatais neededn theintermit-
teng of connections.

In this papertheinter-contactime betweertwo transmissioropportunitieds obsened
empirically usingfour distinct setsof data,two having beenspeci cally collectedfor this
work, andtwo providedby otherresearchyroups.

We discover that the distribution of inter-contacttime follows an approximatepower
law over a large time rangein all datasets. This obsenation is at oddswith the expo-
nential decayexpectedby mary currently usedmobility models. We demonstrateéhat
opportunistictransmissiorschemeslesignedaroundthesecurrentmodelshave poor per
formanceunderapproximatgower-law conditions but couldbesigni cantly improvedby
usinglimited redundantransmissions.

1 Intr oduction

With the explosive deploymentof mobile wirelessdevicesin recentyears,the researctcom-
munity hasfocusedon the networking issuesheserepresentSuchdevicescantransferdatain
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
transmissiorrequiresfundamentallydifferentnetworking protocolsthanthosesuchasTCP/IP,
which rely on contemporaneousonnectvity betweertheirendpoints.

Lcarried for example,in one'strouserpodket
2for example,asonemovesinto a podket of wirelessconnectvity!
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We usetheterm opportunisticnetworking to referto dataexchange$asedon the connec-
tion “opportunities” that arisewhene&er mobile devices happento comeinto wirelessrange
dueto the mobility of their users. Suchsituationsare prevalentin mary regionsof the world
wherebroadbandaccessanfrastructurehaslimited coverage(aswell ascostand application
constraints) Thus,usershave “islandsof connectvity” (e.g.homeor work), but arealsolikely
to sporadicallybe in rangeof otheruserswhile in between.It is alsoworth notingthataccess
infrastructureis vulnerableto naturaldisastersor otherfailures,andthatin suchexceptional
situationsppportunisticnetworking may bethe only feasibleway to carryimportantdata.

Opportunisticnetworking is a sub-clasof both Delay-TolerantNetworking (DTN) [1] and
Mobile Ad-Hoc Networking (MANET) [2]. In this paperwe areconcernedpeci cally with the
partof thedesignspacewvherenodesareoftenout of contactwith oneanother

This papemakesthreekey contritutions.

1. We presentthe designand resultsof an experimentwhich provides a picture of some
typical humanmobility patternsn the context of opportunisticconnections.

2. We analyseboththe datagatheredoy oursehesaswell astwo otherlarge datasetsmade
availablefrom othermobility experimentsaandshav thatanapproximatgowerlaw holds
over an extendedrangeof valuesfor the inter-contacttimesof nodesin all four experi-
ments.

3. We provide a proofthatonemajorclassof previously proposedpportunistidorwarding
algorithmswill not performwell in theseconditionsand proposemeasuresvhich may
increasdahe performancef suchalgorithms.

We next discussthe relatedwork andthen presenthesecontributionsin the orderabove.
The paperconcludeswvith a brief summaryof contritutionsandpresentatiorf future work.

2 Relatedwork

We have investicatedthreeareador relatedwork:

Measurement: A numberof researctgroupshave conductedstudiesinto mobility in the
context of networking. Many of theseare aimedat analysingand informing the designof
infrastructure-basedetworks, but their dataandresultsarealsorelevantfor opportunisticnet-
works. This category includesBalazinskaandCastros study[3] aswell asthe datagatheredat
UCSD [4] andDartmouth[5] which we analysean this paper

Modeling : Much of thework in DTN andMANETs concernghe modelingof mobility or
location[6, 7]. The goal of the modelshastypically beento drive the evaluationof routing
schemesvhich assumehatthe majority of nodesareconnectednostof thetime. This is not
likely to berelevantsincewe arein the partof the designspacewvherenodesareoftendiscon-
nected. Indeed,the purposeof this paperis to modelthe distribution of thesedisconnection
timesandits impacton forwardingdecisionsasnotednext.

A commonpropertyof mary mobility modelsfoundin theliteratureis thattheinter-contact
distribution decaysxponentiallyover time.

Oneof thesimplestexamplesjntroducedn [8], in the casewherenodedocationsarei.i.d.
with a uniform distribution in a boundedregion, the succes®f communicatiorbetweeneach
sendeirecever pairhasa x edprobabilityp > 0 ateachtime slott.
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In this situation,if we considera particularsendeirecever pair, the remainingtime to the
next contacts distributedexponentiallyfollowing thedistribution X :

P[X > t]=p 1)

This propertyis alsotruefor the popularrandomwaypointmodel,see[9]. In this article,a
brownian motionmodelis analysedaswell. The authorsclaim thatthe inter-contacttime is in
this casestochasticallypoundeddy anexponentialrandomvariable.

Forwarding : Suetal.[10] usedtracesof humanmobility patternggatheredwith PDAs to
evaluatethe feasibility of opportunisticnetworking. Somesensometworks actin an oppor
tunistic fashion,suchasZebranef11], which usesopportunisticconnectiondetweenzebra-
mountechodedo transfersensodataandthuscollectstatisticsaboutzebrapopulations Similar
researclexistswith whales[12]. However, theseexperimentsarelargely pragmaticgproofs-of-
concept.

The mostrelevant work whentrying to nd forwarding algorithmsfor networks that are
frequentlydisconnecteds thealgorithmproposedy GrossglauseandTsein [8], furtheranal-
ysedin [9]. Theprincipalmotivationof thatwork wassomevhatdifferentfrom ours: it wasto

nd theavailableincreasdan capacityof the multi-hop radio network asa function of the mo-
bility andthe numberof nodes.In the processof exploiting mobility andtradingit off against
transmissionthe authorscreatedan opportunistidorwardingalgorithm.

Given the natureof intermittentconnectvity, it is likely that successfuforwarding algo-
rithms are basedpurely on locally learnedinformation. The regime in somesensess even
moreresourcestaned thana MANET whereoneesch&vs proactve routing. Thuswe needto
measurevhat we can statisticallylearnlocally in a variety of likely scenariosandthenuse
thosemeasurement® drive the evaluationof appropriatdorwardingalgorithms.

As ervisagedn theintroduction,onecanimaginethatsucha regime might operateonly in
partsof a network, wherein otherparts,connectvity is maintained We will discusshisin the
conclusionsunderfurtherwork.

3 Gathering data on transfer opportunities

In orderto conductinformed designof forwarding policies and algorithmsfor opportunistic
networks, it is importantto gatherdataon the frequeng anddurationof contactbetweenhu-

mans(andthedevicesthey carry). However, thisis noteasyto gather—ideally, adatasetwould

cover a large userbaseover a large time period,aswell asincludedataon connectionoppor

tunitiesencounteredwenty-fourhoursa day. This presentsnary practicalityissues, dealing
with deploymentof mobile devicesto a large userpopulation,the batterylife of the devices,
andminimisingtheinconveniencedo usersof carryingthedevicessothatthey arewilling to do

soatall times.

3.1 Datafrom the reseach community

We rst examinedthe datamadeavailableto the communityby peoplewho have performed
previous measuremengxercises. Two datasetsemepged, namelyfrom UCSD [4] and Dart-
mouth[5]. Both make useof WiFi networking, with the formerincluding client-basedogs of
thevisibility of accespoints(APS), while thelatterincludesSNMPlogsfrom theaccesgoints.
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Figurel: An iMote connectedo a CR2battery

Thedurationsof thelogs arethreeandfour monthsrespectrely. Sincewe requireddataabout
device-to-device transmissioropportunitiesthe raw datasetswere unsuitablefor our exper
iment andrequiredpre-processingFor both datasets,we madethe assumptiorthat mobile
devicesin sightof the sameAP would alsobe ableto communicatalirectly (in ad-hocmode),
andcreateda list of transmissioropportunitiesoy determining for eachpair of nodesthe set
of time regionsfor which they sharedatleastoneAP.
UnfortunatelythisassumptiorntroducesnaccuraciesOnonehand,it is overly optimistic,
sincetwo devicesattachedo the sameaccesgoint maystill be out of rangeof eachother On
the otherhand,the datamight omit connectioropportunitiessincetwo devicesmay passeach
other at a placewherethereis no instrumentedaccesgoint, and this contactwould not be
logged.Furthermoreit is hardto ensurehatthe devicesarein factco-locatedwith their owner
at all times. Despitetheseinaccuraciesthe WiFi tracesare a valuablesourceof data,since
they spanmary monthsandincludethousand®f nodes.In addition,consideringwo devices
connectedo the sameAP are potentiallyin contactis not altogetherunreasonableasthese
devicescouldindeedcommunicatehroughthe AP, without usingend-to-encdconnectvity.

3.2 iMote experiments

In responseo thelimitationsof theprevioustracedor ourwork, we setup ourown experiments
makinguseof the iMote platform madeby Intel ResearchiMotes (seeFigure 1) arederived
from the Berkeley Mote?®, with the currentversionbasedaroundthe Zee/o TC2001Psystem-
on-a-chipproviding an ARM7 processoand Bluetoothsupport. Along with a 950mAhCR2
battery eachiMote wasenclosedn packagingdesignedo be corvenientfor testsubjectsto
continuallycarry. Two typesof packagingveremadeavailable: someiMotesweremadeinto
keyfobswhile otherswereenclosedn smallboxes(seeFigure2). Subjectsvereaskedto pick
theform factorwhich allowedthemto corvenientlykeeptheiMote with thematall times,with
mostsimply attachingtheiMote to their keys.

We programmedheiMotesto performaninquiry for vesecondgverytwo minutes.While

3seehttp://wwwxbowv.com/



Figure2: PackagedMotesin boxed andkeyfob form factors.

theBluetoothspeci cationindicatesensecondshouldbe usedour experiencewith theiMote

hardware is that the vast majority of nearbynodesare seenin the rst ve secondsor not
at all. Performingan inquiry is power-intensve andit is importantto minimise time spent
in this mode. The iMotes spend120 secondqplus or minustwelve secondswith a uniform

randomdistribution) in asleepmodewherethey areableto respondo inquiries. Thereasorfor

introducingrandomnesss thatiMotes cannotrespondo inquiry while themselesperforming
inquiry. Without randomnessMotes might synchronisen sucha way thatthey would never
seeeachother Thetwo minuteinquiry periodwaschoserto provide an estimatedifetime of

oneweekfor the iMotes with CR2 batteries. During the experiment,eachiMote used ash

memoryto log “contact” datafor all visible Bluetoothnodeg(includingiMotesaswell asother
Bluetoothdevices),with eachcontactbeingrepresentedby a tuple (MAC addressstarttime,

endtime). A twenty-fourhour pilot deploymentwas performedin orderto iron out software
bugsandre ne thedeploymentmethodologyandpackagingnechanisms.

Two iMote experiment“iMote A” and“iMote B”) wereconducted ExperimentMote A
includedserenteerresearcherandinternsworking at Intel ResearciCambridgewhile iMote
B involvedeighteerdoctoralstudentsandfacultycomprisingaresearclgroupatthe University
of CambridgeComputerLab. Unfortunately realworld factorscontributedto the malfunction
of someof theiMotes. As a result,thetwo experimentsesultedin datafrom nine andtwelve
iIMotes.

The iMotes werecollectedaftertheir batteryhadexpired,andthe ash memorywasread.
A numberof post-processingtepswere undertalen on the data. A time basisconsistentor
all iMoteswasreconstructedby (1) usingthe known starttime of the experiment,andby using
aprogramto nd “mutual” sightings(i.e. wheretwo iMotes seeeachother)of long duration,
and(2) determiningheclock offsetbetweerthetwo iMotes. Thesynchronisationvaschecled
manually iMotes contactswereclassi ed as“internal” with otheriMotes and“external” with
othertypesof device. Externalcontactsare a valuablesourceof data. iMotes are deplo/ed
to asmall setof adwancedusers.The externalcontactsarenumerousandincludeanyonewho
hasan active Bluetoothdevice in thevicinity of theiMote userstherebymeasuringhe actual
Bluetoothdeployment. The internal contacts,on the other hand, representhe contactsthat

7



Contacts seen by iMote 4B5F42886185
80

70

60

50

40

Indexed Node ID

30

20 |

10 |

0 20000 40000 60000 80000 100000120000140000160000
Time (s)

Figure3: Contacthistoryof oneiMote.

eachof our participantsvould have, if they wereequippedwith devices(suchassmartphones)
which arealways-onandalways-carriedyhich supportedpportunisticnetworking.

A typicallogisillustratedin Figure3. OntheY axis,thevariouscontacthave beenindexed,
with all iMoteshaving low index (i.e. 1-18),while externalcontactshave higherindexes. This
allows usto quickly view thedata.

An anorymisedversionof our datawill be madeavailable to other researchgroupson
demand.

3.3 Comparisonof data sets

A summaryof the featuresof the four datasetsis shavn in Table1l. Thesedatasetsgive us

a chanceto study four differentuserpopulations,using two differentwirelesstechnologies.
The iMote experimentshave the advantageghat the usersare morelikely to carry the small-

form-factoriMote at all times, andthatlogging takes placewherever the useris and not just

whenthe usersare nearAPs. The WiFi-basedexperimentshave larger userpopulationsand

durationsandincludeall contactsoccurringat theinstrumentedocations. Thus,the datasets
arecomplementaryn mary ways.

UserPopulation Intel Cambridge| UCSD | Dartmouth

Device iMote iMote PDA Laptop/PA
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

Tablel: Comparisorof datasetsused



4 Characterization of contact opportunities

This sectionreportsour obsenationson the four mobility datasetsdescribedabore. The con-
sequence®f theseobsenationson opportunisticnetworking forwarding algorithmswill be
describedn thefollowing section.

4.1 De nitions

We areinterestedn thecharacteristicef connectioropportunitiesj.e. how mary andwhendo
they occur how oftenandhow long. We chooseo characterizéheseopportunitiesn term of
contacts.To do so,we de ne two parametersepresentedn Figure4 :

Thecontactdurationis thetimeinterval for whichtwo network devicescancommunicate
whenthey comeinto range.The numberof suchcontactsandthe distribution of contact
durationss animportantfactorin determiningthe capacityof opportunistionetworks. It
givesinsighton how muchdatacanbetransferredat eachopportunity

Theinter-contacttimeis thetime interval betweertwo contacts.This parametestrongly
affects the feasibility of opportunisticnetworking, and hasrarely beenstudiedin the
literature. The natureof the distribution will affect the choice of suitableforwarding
algorithmsto be usedto maximizethesuccessfultransmissiorof messagem abounded
delay

Durationof theexperiment

~ 7

aninter-contact acontacttime

Figure4: ContactandInter-contacttimesfor a pair of nodes.

In this work, we focuson the analysisof the distribution of inter-contacttime. For com-
pletenesswe alsobrie y discusshe contacttime distribution. Two remarksmustbe madeat
this point. First, we computedhe distributionsof thesetwo variablesperevent(i.e. consider
ing eachoneof the valuetaken by theseperiodsof time). We did not computethe distribution
of the variableas seenat a randominstantin time by the pair. Thesetwo distributionsarein
correspondencly a classicakresultfrom reneval theory(see[13]).

In additionto that, our resultsarein uenced by the durationandgranularityof the exper
iments. For eventlengthsapproachinghe durationof the experimentthereis an artici ally
lower likelihood of obsenation, and eventslastinglongerthanthe experimentcannotbe ob-
sened. Similarly, for shorteventlengthsthedatais affectedby thegranularityof measurement
(whichrangedrom twentyseconddo ve minutesin our datasets).

4.2 Inter-contacttime

We study inter-contacttime rst asit is the parametetthat hasthe most signi cant impact
on the feasibility of opportunisticnetworking. Intercontacttime affectsthe frequeng with
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which pacletscanbetransferretbetweemetworked devices. In Figure5 we plot inter-contact
time distributionsfor all four datasets(i.e. iMote A, iMote B, UCSD, and Dartmouth). The
signi cant region is the middle of the graph,with the leftmostand rightmostpartsshaving

artifactsdue to the granularityand durationof the experimentsas describedabove. In this
region, all four experimentsshav the samebehaior, anapproximatepowerlaw, asevidenced
by the straightnes®f the curve. A power law is characterisedy it's coefcient re ecting the
slopeof theline onlog-log graphs— this coefcient is importantfor the analysispresenteadn

Section5. For theiMote experimentsthecoefcient is 0.5for therange[100s;o0neday], with

a slightly corvex distribution ( atter thanthat of a power law). The Dartmouthdataexhibits

an approximatepower law with a coefcient of 0.33on therange[100s;1 week]. The UCSD
distribution coefcient is also 0.33,but over a morelimited range[100s;two days].

The approximatepower law shapemeanghatthe inter-contactdistribution is heavy-tailed
over this range- i.e. the tail distribution function decreaseslowly. This is contraryto the
exponentialdecayof mary mobility modelsput forwardin the literature. As a result,oppor
tunistic networking algorithmswhich have beendesignedaroundexponentialmodelsmustbe
re-evaluatedn thelight of our obsenations(seenext section).In the Bluetoothtraces,15% of
inter-contactdurationsaregreaterthanonehour, and5% aregreaterthanoneday. In the WiFi
experimentsthelargeexperimentdurationallows usto analysdargeinter-contactdurations.In
the Dartmouthtrace,we nd thatthey arefar from negligible: 20% aremorethana day, 10%
aremorethanaweek.In theuCSDtrace,15%aremorethana day, and4% aremorethanone
week.

While the WiFi experimentshave longerdurations,longerinter-contacttimes may be af-
fectedby themorelimited mobility of laptopsor PDAs astheir useramaynot carrythemall the
time. As onemightexpect,theiMote experimentshav lowerinter-contactimes(asillustrated
by the lower coefcient of the approximatepower law). This is an encouragingsign for the

eld of opportunistimetworking - with thealways-carriedalways-onnatureof devicessuchas

smartphonesmore connectionopportunitieswill be found. Whatis striking is thatthe same
overall pattern,the approximatepower law, seemso apply to both Bluetoothand WiFi data
despitethe differencesn experimentaimethodology

Inter nal vs. extemal iMote contacts

While theaboreiMote plotsusedbothinternalandexternalcontactsit is alsoinstructveto look
ateachof theseclassesn isolation. Theseareshowvn in Figure6. We obsenre thattheinternal
contactplot is almostindistinguishabldrom the plot containingall contactgFigure5), while
the externalcontactplot hasa very similar distribution, again shaving an approximatepower
law. ThisindicateghatourexperimentaimethodologyusingiMotesis suitablefor studyingthe
behaior of thedeployed Bluetoothuserbase.

4.3 Impact of time of day on opportunities

Sincehumanmovementpatternshave daily cycles, it is possiblethat the resultsabove arise
as an artifact of averagingover entire days, and that during given partsof the day different
behaiour is seen.In orderto addresshis possibility, we split the day into 3 hour bins. For
eachinter-contactgapin the experimentsye addthedurationto thebin in whichthegapstarts.
Resultsareshavn in Figure?.
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Tail Distribution Function of the inter-contact time.
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Figure5: Distribution of inter-contacttime for our four experimentaldatasets; our Bluetooth-
basedexperimenton thetop, WiFi-basedexperimentson the bottom.
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Tail Distribution Function of the inter-contact time.
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Figure 6: Distribution of inter-contacttimes betweeniMotes and otheriMotes (top), and be-
tweeniMotesandotherBluetoothdevices(bottom).
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It can be obsered on Figure 7 (top) that the t.d.f. is becoming at up to value of the
orderof adayfor 15% or 10% of intercontactat period15:00-18:00and18:00-21:00.Thisis
explainedby the proximity of a periodof inactiity, immediatelyafter, for eveningandnight,
thatincreaseshe proportionof large valuesof inter-contacttimesstartingin this period.

As Figure 7 shaws, the inter-contacttime exhibits an approximatepower law in eachof
the time bins, with the only differencebeingthe coefcient of the power law, which is easily
explainedby the humandiurnalcycle.

4.4 Contactduration

The contactdurationis one of the factorsaffecting the amountof datathat canbe transferred
betweemodeswvhenthey comeinto range.Otherrelevantfactorsincluderelative distancepat-
terns,the speedof movement,the discovery lateng, andwirelessnetwork congestion.While
the capacityof an opportunisticcontactis obviously animportanttopic for opportunisticnet-
working, it is not the focus of this paper Neverthelessfor completenessve discusssome
aspect®of contactdurations.

Figure 8 shaws the distributions of contactdurationsin all four datasets. The maximum
contactdurationis around3 hoursin theiMote experiments3 daysin the Dartmouthdataset,
andaroundhalf a dayin the UCSD data. The lattertwo canbe explainedby the experimental
methodologiesthe UCSD PDAs were only able to last 8 hoursbeforerechaging, while the
Dartmouthdatamayre ect laptopdeft in of ces. 50%o0f thecontactastlessthan6 minutesfor
iMotesexperimentsyhenonly 20%of thecontactiastlessthanthisis UCSDtracesandaround
30%for tracesfrom Dartmouth.The mostimportantresultis that contacttime distributionsin
thesecasesseemsgo belongto the samecateyory thatinter-contacttime. They arecloseto a
power law on arangeof value.But therangeof valueis muchmorenarrav, andthe coefcient
of the power law is higher (aroundl.5 for the Bluetooth-basedlatasetsand 1.8 to 2 for the
WiFi datasets).

5 Networking with power law—basedopportunities

In this section,we studythe impactof heavy tailed inter-contacttimes on the actualperfor
manceandtheoreticalimits of a generalclassof opportunisticforwardingalgorithms. These
algorithmscanbe characterizeds “stateless’in thatthey do not maintainhistory dataor at-
temptto predict performancan the future. Instead,eachnodetakes adwantageof contacts
opportunitieso forward asmary paclketsaspossiblewhile in contactwith anothemode. We
startby de ning formally the classof algorithmswe study

5.1 Opportunistic forwarding algorithms

We areinterestedn a generalclassof opportunisticforwardingalgorithmsthatrelieson inter-
mediatenodesto carry databetweena sourceand a destinationthat might not be contempo-
raneouslyconnectedIntermediatenodesarechoserpurely basedon contactopportunismand
not usingary storedroutinginformation.

Thefollowing two algorithmsprovide boundsfor the classof algorithmdescribedabove :
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Distribution of Inter-Contact Time in a day (granularity 3 hours), for All nodes.
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Figure7: Distribution of inter-contacttimesdependingon the time of the day, for Bluetooth-
basedxperimentdatasets(top) andWiFi-basedexperiment(bottom)datasets.
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Tail Distribution Function of the Contact Duration. Tail Distribution Function of the contact duration.
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Figure8: Distribution of contactdurationfor Bluetooth(left) andWiFi (right) datasets.

wait-and-forvard : The sourcesimply waits until its next contactwith the destinatiorto
communicate.

ooding : anodeforwardsall its pacletsto any nodewhichit encounterskeepingcopies
for itself

The rst algorithmusesminimal resource$ut canincur verylong delaysanddoesnottake
full advantageof the ad-hocnetwork capacity The secondalgorithmdeliverspaclketswith the
minimum possiblelateng, but doesnot scalewell in termsof bandwidth,storageandbattery
usage.

In betweenthesetwo extremecasesthereis a whole setof middle-groundalgorithmsthat
usevariousnumbersof intermediatenodes,contacts andpaclet duplicates.Startingfrom the
mostconsenrative algorithms(wait-and-forvard), we analysancrementallythe capacityof our
classof algorithms,in the faceof power law hehaiour of theinter-contactdelaydistribution.

We rst studythe two-hoprelayingalgorithmintroducedby Grossglauseand Tsein [8].
Thetwo-hoprelayingschemeoperatesasfollows. Time is dividedin a sequencef evenand
odd slots. During every even time slot, pacletsare sentfrom sourcedo relays,with the rst
available contactchosenasa relay The only exceptionis if the destinations the rst nodeto
comeinto contactwith the source,asthe paclet is transmitteddirectly. Otherwise the relay
will keepthe pacletin memoryandthe sourcedoesnot sendthis paclet again. Relaysdeliver
to thedestinatioronly; goingthrougha secondelayis not permitted.

Eachrelaysmaintainsonequeueperdestination We assumehatbuffersareunlimited,and
thatpacletsin eachqueuearetransmittedo thedestinatiorin a rst-come rst-servedfashion,
atthenext timethattherelayencountershedestinationjn anoddtime slot. As queuingis used
in theintermediatenodesthe forwardingprocesof pacletssentby the sourceto arelayneeds
to be of lower intensitythanthe pacletssentby thisrelayto thedestination.This is the casein
theimplementatiorproposedn [8] andwe make the sameassumptiorbelow.

Thisalgorithmis agoodcandidateo startour studyof theimpactof powerlaw inter-contact
timeson opportunistidorwardingfor the following threereasons
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Thealgorithmwasshavn to maximizethe capacityof densead-hocnetworks,underthe
conditionthatnodesarei.i.d. uniformly in aboundedegion.

Thisresultdependstronglyonthemobility procesof nodes. Authorsof [8] assumedn
exponentialdecayof theinter-contacttime. The sameresulthasbeenprovenfor paclets
following Brownianmotionor randomwaypointmobility model[9].

[8] and[9] have shavn thatthatthe pacletsexperiencea nite expecteddelayunderthese
conditions.

5.2 Analysisof the two-hoprelaying algorithm

In this sectionwe rst constructa communicatiormodelbasedon the following assumption
Inter-contacttimesbetweenary pair of nodesfollow anunboundedandomvariablewith dis-
tribution X accordingto a power-law with coefcient > 0. With a discreteslottedtime
t,

P[X t]= (max(1;t)) forallt=1;2;:::: (2)

Laterin this section,we will discusshe moregeneralcasewheretheinter-contacttime is
boundedandwhereits distributionis subjectto alower boundby a powver law over arestricted
intenal.

5.2.1 Theunboundedpower law case

We consideN nodeswhich transmitpacletsaccordingto the two-hoprelayingalgorithmde-
scribedabove. Insteadof the mobility modelusedin [8], we introducea communicatiormodel
wherea nodes locationis ignored. In this modelthe timesat which two nodescanexchange
datais modeledasareneaval pointproces®f events. Thetime betweerntwo eventsis distributed
accordingo therandomvariableX alreadydescribed.

Our goalis to evaluatethe transmissiordelayassociatedo a paclet. We thereforeassume
thatall contactdastonetime slot andthatinter-contactperiodslasta variablenumberof slots.
This simpli cation is supportedby our experimentalresults,in which all datasetsexhibited
contacttimesseveral ordersof magnituddessthaninter-contacttimes(seeSection4).

To simulatethe factthata contactmaylastlongerthanoneslot, we introducetwo cases

the shortcontactcase: whereonly onepaclet canbe sentbetweemodesfor eachtime
slotwherethey arein contact.

thelong contactcase: wheretwo nodesin contactcanexchangean arbitraryamountof
data.

Thesawo casesepresentower andupperboundsontheamountof datathatcanbeexchanged
duringa contactperiod.

We de ne the setof pacletstransmittedn a single contactasa databundle. In the long
contactcase a databundlecontainsanarbitrarynumberof paclets.In theshortcontactcasea
databundleis comprisedof a singlepaclet. Bundlesaretreateddifferently by therelayin the
two contactcasesFor long contactsarelaycanemptyit' s entirequeueeverytime adestination
Is in contact.In the shortcontactcase pacletsaresentoneat atime wheneer the destination
Is in contact.Thereforemultiple contactanay be neededo emptythequeue.
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In the shortcontactcase,sincewe needto ensurestability in the relay's queueingmecha-
nism, we assumehatbundlesarecreatedat the sourceat timesfollowing a point processwith
nite intensity (whichwe alsocall thedemandntensity). The sameassumptiortanbe made
for thelong contactcasealthoughstability is notanissuein this context.

We introducefor eachpaclet/bundlek, thedelayD it experiencesrom its creationtime
to the time whereit is receved by the destination. We alsointroduceM (t), the numberof
paclets/undlesrecevedby thedestinatiorattimet.

A consequencef thewaiting time paradoxs :

Theorem 1 For asourcewith a positivedemandntensity , transmittinginformationusingthe
two-hoprelayingalgorithm,we have:

For < 2, thesequencefdelaysexperiencedy padets/undlesdivergeswith expecta-
tionlim E[D] = +1 , andif, in addition, > 1intheCesabp sense

. Dyt + 4+
lim =2 D> D =1 as.
K11 k

For the long contactcaseand > 2, a stationaryregime exists whete the delay of
a bundle transmittedfrom a souice to a destinationhasa nite expectedvalue The
sequencef delaycorvemgesalmostsurely in the Cesap sense

For theshortcontactcaseand > 3,if < % a stationaryregimeexistswhete the

delayof a bundletransmittedroma sourceto a destinatiorhasa nite expectedvalue

Proof: The rst halfof theproofdealswith thelongcontactcase.Theresultfor shortcontacts
canthenbe deduceddy increasingstochasticomparisor{14], for ary positve trafc demand

long contact, for 1 < < 2: We considera sourcecommunicatingvith arelay attimes
(Sk)x 1; thetimeswhenthe relay cancommunicatewith the destinationwill be denotedby
(R 1.
Ro =0
Rc=Rg 1+ X¢ fork=121;2:::;

where(Xy)x 1 arei.i.d. accordingo X . We have thesameform for thesequencé€Sy)x 1, with
theintercontactsequencéYy)x 1 independenaiccordingo X . We introducefor ary timet the
remainingtime F; (resp.G;) until the next source-relayontact(resp.relay-destination)Note
thatF; is alsotheremainingdelaythatwill be experiencedy abundlethatarrivesin therelay
attimet. It is awell-known resultthatbothareMarkov chainssuchthat:

Foi=F 1 ifF, 1
= j withproh P[X =j+1] ifF,=0;

n
+
hs

[

This Markov chainis irreducible,aperiodic,recurrent(as X is a.s. nite) and positive (as

E[To] = E[X] < +1 ). Fromtheregeneratre form of invariantmeasurene canseethatits
stationanydistribution s givenby »"0—.
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Thekey argumentis thattheproductchain(F; G;); 1 isirreductibleandadmitsastationary
measurdgivenby theproductof ), hencet is ergodicandwe have almostsurely:
X X
lim —  f(F;G) = GDEGT) 3)
T T o
t=1 i 0j O
for ary functionf integrablewith thedistribution .
IB partlcularthe LHS for f A = (i;j) 7! min(i; A)lfj=0q iS a.s. lower boundedby

Cst . 0 W which divergesfor A ! 1 . Hencewe canprove by comparisonfor all
A
1 X
im — FtlfGt:OQ =+1
Tn T 1
suchthatby takingT = S¢ we have the Cesaralivergence:
. Fg, + i+ Fg . Di+ i+ Dy
lim —= L= lim—————— = +1
Sk K:E[X]
To prove thatthe expectationdiverges,we haveforary A 1:
)X 1
AED 11y, ag min(Fi; A)  AX g

t=0
whereall thesevariablesarepositive with a nite expectation.Then,as(Ri)x 1 isaregeneratie
sequencéor (F¢); 1, theregeneratre theorentellsus:

limyy  E[F] limys  E[min(F; A)]
ACD PXy Al AZA
E[X1] 2:E[X4]

EMQOI, Ofort
" !

hence 1 : 4)

usingM (Sk + Dk)=SK + Dy = k=5 + Dy.
long contactcasefor 0 < < 1: We rst prove thatthe expecteddelaydiverges. In this
caseasE[X] = 1 ,theMarkov chainde ning (F); 1 isrecurrennull, sothatOrey'stheorem
[13] tellsus:
tI|i1m P[Fi = i]= Oforalli

In particular for ary A,

tI'ilm P[F; < A] = OhenceP[F;, A]! ¢ 1

Thisimplies: E[F;] E Fi¢r, og Awhichprovesthatlimy; E[Dy] = lim; E[Fs,]=
”mtgl E[Ft] =+1 :

long contact casefor > 2 : For suchvaluesof the parameter , the productMarkov
chain(F; G;) is positve recurrent(seeabore). In addition,thefunctionf : (i;j) 7! iltj=oqiS
integrablew.r.t. thestationarydistribution asde ned below, henceEquation(3) proves:

1 X .
TI![n ?t 1 Filfg=0g = . i (i): 0)< +1 as.
= i
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This provesanalmostcertaincorvergencen the Cesarcsensdor the sequencef delayDy.
Theregeneratre theoremappliedto theprocess=; provesthat:

MR EXI+EX]_
E[X] 2E[X]

this provesthe corvergencein expectatiornof thedelay asDy = Fs, .

short contact casefor > 3: We will usethe samenotationasabove andconsiderone
gueuein agivenrelay We assumehe pointprocessSy andRy to bein a steadystate.Whatis
now differentis thatthedelayof pacletk is notgivenby Fg,_, asexistingremainingpacletsmay
block the new onefor sometime beforeit is transmittedo the destination. Anotherdifference
is thatbundlesarecreatedn the sourceaccordingto a point processwith intensity . We will
rst prove thatpacletsarriving in a relay througha point processwith intensity — remains
for atime with nite expectation.

We introduceW (t) theremainingloadin therelaysfor this destinatiorasseenmmediately
aftertime t. Whena paclet arrived andthe relay containsm 0 pacletsto be sentW (t) is
givenby

1

lim E[F] =

inffRx+m;k 1suchthatRy >tg t

For this case,a methodsimilar to the oneusedin [9] canbe used. Whena paclet enters
the relay it addsan additionalservicerequestto the value of W(t). Thereis two casesto
distinguish: eithera paclet entersa queuethatis empty in which casethe additionalservice
requestis of the samedistribution as F;, or it addsto a numberof paclets waiting in line
already In the latter case the additionalservicerequesis with law X . As canbe seenfrom
the expressiorof Fy, its distribution is alwaysgreatey for the stochastiancreasingorder than
theoneof X . Hencetheloadin this queuingsystemis stochasticallysmallerthantheloadin a
singlesener queuewith clientsall requestingndependenservicewith law F;.

As we have assumed > 3, the secondnomentof thelaw of F; is nite (ascanbe seen
from the expressionof ), it is thenpossibleto useKingman's bound[15] to shav thatunder
the stability condition(veri ed as — < ﬁ), the expectedoadin the correspondingingle
sener queueis nite. By comparisonthe expectedload in the original queueingsystemis

nite. NotethatW ((t) is alsothetime atwhicha pacletarriving attimet leavesthe queuethis

provesthat the sojourntime of a paclet in therelayis of nite expectedvalue. The proofis
exactly the sameto shav thatthedelayfrom pacletscreatedat the sourcewith intensity stay
adelaywith a nite expectationn thesourcebeforebeingsentto therelay Thedeparturdrom
thesourceto arelaycanbeshawvn to beapointprocesswith intensity ;—, whichcompletethe
proof.

We noteherethatthe sameresultis lik ely to hold underthe samestability conditionfor the
moregeneralkcase > 2. Oneway to look at this problemis throughthe framewnork of queues
in arandomernvironment(see[14]). This cases the subjectof ongoingresearch.

Corollary 1 Asaconsequenciomtheproof:

if <2 lim EM®] =0
tl1 t
If > 2(or > 3fortheshortcontactcase),
. EM@®)] _ . N 1
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To summarizewe haveidenti ed two regionswherethebehaior of thetwo-hopforwarding
algorithmwould differ underthe power law inter-contacttime assumption For a value of
that is greaterthan 2 (or 3 if contactsare short) the algorithm corverges, asin the case
of an exponentialdecay to a nite expecteddelay For smallervalue,it will exhibit a very
differentperformanceasdelaywill grov unboundedlywith time, andthroughputwill vanish
in expectation.

5.2.2 Restricted power law

We have shavn aborve thatthe two-hoprelayingalgorithmstabilizesunderthe assumptior(2)
of unboundednter-contacttime following a power law, if andonly if the coefcient of the
power law is greaterthan?2. In particular for smallervaluesof the coefcient , whichis what
we obsere in all four experimentaldatasetsthe empiricalthroughputmay vanishwith time,
andthe averagedelayof successie pacletssentwill grow toin nity .

In practice,the consequencef this resultis that the delay obsered by a sourcein this
forwardingschemaewill almostsurelydiverge out of the rangeof inter-contacttimesfor which
apower law applieswith coefcient smallerthan2.

In otherwords,the probabilitythata pacletis blockedin oneof theverylonginter-contact
timesbecomedarger with time. In our empiricaldatasets,the expecteddelaywould not be
closeto moderatevalues. It would be dominatedinsteadby the extremevaluesfound in the
power-law region. For the Bluetoothexperimentsthis is on the orderof days,while for WiFi
thisis in weeks.

This remainstrue evenin the optimistic casesf unlimited bulk exchangebetweemodes,
with noqueuingexpectedn therelay, andthebestpossibleuseof contaciopportunitiedbetween
thechosernrelayandthedestination.

Ontheotherhand,the situationis not so pessimistiaf a power law applieswith a stronger
coefcient (greaterthan3). In this case thetwo-hoprelayingalgorithmcornvergesfor a stable
demandto the stationaryregime of a queuingsystem,with nite expecteddelay A positve
throughpuis guaranteetb thesourcethatdoesnotnecessarilglepenconthesizeof therange
wherethis power law applies.

5.3 Generalizationto statelessalgorithm

We have seenthatthe performanceof the two-hoprelayingalgorithmstronglydependn the
valueof theparameter whichcontrolsthedistribution of largeinter-contacttimes.In thissec-
tion we prove thatthe sameresultsapply moregenerallyto ary statelesgorwardingalgorithm.
Dependingon thevalueof |, the delaymight have boundedexpectationfor all forwardingal-
gorithms,someor for noneof them. This is importantsincedifferentmobility conditionslead
to differentvaluesof ; for example,Section4.3 shavedthe variationat differenttimesof the
day

We shaw that, within the classof statelesgorwardingalgorithms thereis a subclasshar
acterizedoy multiple transmissionso differentrelay nodesthatoutperformshetwo-hopalgo-
rithm with regardto stability in thelong contactcase.

Insteadof sendinga singlecopy of amessagé¢o arelay, the sourcewill sendeachpacletto
the rst m relaysopportunisticallymet. Providedthatthe contactof theserelaysareindepen-
dent,the sourcemayreducethe transmissiordelayby increasingts probabilityto pick arelay

20



with asmalldelayto thedestinatioramongtheN relaysto whichit hasforwardedthemessage.
We studythis subclas®f algorithmfor N = 2.

Lemmal Let(F;); 1 and(F%), ; theindependentemainingtime of a renaval processwith
inter-eventfollowing the distribution of Equation(2) for % < <2

ThenE[F]= E[F]= +1
andE [min(F; F91 < 1 .

Proof: Thestationarydistribution existsas > 1, it extendsnaturallyto the productchain,

whereit is givenby

o 1

(i) = CSt(i D G+ D suchthat
- X min(i; j )
EWM%WFCQHU+DG+D

This seriess corvergentif > %,as:
P min(ij ) — min(ij )

HEERT -l = 1 B Iti g

=2 1 1 1
% !
F% jj—(CSt+j )
2 jfCst+ j2?

This resultshaws that, for certainvaluesof the parameter , the expectedtime to getin
contactwith a given nodeis in nite, but the delaybeforecontactingone nodein a given set
may have a nite expectedvalue. More preciselyfor2 > > g ary setcontainingat least
two nodeshasthis property

Thesameresultcanbe extendedfor anarbitrarynumberof relaysm :

with inter-eventdistributedaccoding to Equation(2), for mr:]-l < <2

h i h o i
ThenE E‘(l) =::=E F" =+1
|

D i(imt D)
suchthatin particularit is nite if wehavef (m; ;1)< 1 for

X (min(is;::5im))
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We will provethat if (m+ 1)=m< ,and 1, thenf (m; ;P) <1

Form = 1, thisistrueasfor > 2and L@ ;)= i < +1.

Form = 2, theresultis aneasygeneralizatiorirom the previouslemma,andwe have more
generally:

0 1
. X @min(x;:::;im) . A 1
f(m1 1 ) m.iz;:::;im i1=1 (Il) (IZ) :::(im)
o X Cst+ Cst(min(iz;:::;im)) **
o (i) :::(im)

Cst+ Cstf(m 1, ; +1 )

.C.ét+ Cst[(l; X +(rPZ 1)(1 )i:

= i H(m 1)1 )

Theresultfollow as

+(m 1)1 ) 1+[”L]{z£}:
<0

This obsenationis the key componentn the next result,which provesthatsucha method
canbe usedwith two relaysto build a stablealgorithmwith > % in the long contactcase.
More generallywe canconstructa methodusingm duplicatecopiesthatis stableunder >
mmi. We alsoneedto make assumptioron the sizeof the network.

The next resultalsosetsout a theoreticalbboundon the applicationof statelesgorwarding
algorithmsto transporpaclketsthroughcontactopportunitiesvith power law properties As we
will see,for intercontacttimesdistributedwith < 1, no algorithmbasedon opportunistic
contactsjncludingunlimited ooding, cansupportstable(i.e. bounded-delayyommunication.

Theorem 2 In an opportunisticnetwork,for thelong contactcase if we assumehat the con-
tactsfor eat pair (r;s) of nodesfollow an independenstationaryrenaval processwith the
distribution of Equation(2) with parameter

if > 2, thereis a forwarding protocol usingonly one copyof the padet, with a nite
expecteddelay

if > 2, and we supposehat the networkcontainsat leastN = 4 nodesthere is a
forwarding protocolusing2 duplicatecopies,sud thatthe expecteddelayis nite.

More geneally, if > 1, andif we supposehat the networkcontainsat leastN > Ll
nodegshere existsan algorithmusingm duplicatecopieswith m > il thatis achieving

a nite expecteddelay

if s 1forall pairs(r,s),andwesupposea nite networkwith N nodesnoforwarding
protocol (with any numberof copies,including ooding) can achieve a nite expected
delay
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Proof: First result: > 2: Thisis only areminderfor long contactsof theresultshaovn in
the previoussection thealgorithmchosens thetwo-hoprelayingstratayy.

Secondresult: 1< < 2: We assuméhe samecoefcient . for every pair of nodes.
The resultcanbe deducedn the generalcaseby an increasingstochasticcomparison.Let's
treatthecase > 3=2. Theforwardingalgorithmthatwe will consideris atwo-hoprelaying
usingtwo relays.

STEP 1 : The paclet k is transmittedby the source(denotedas nodel) to the rst two
intermediatenodesthataremet. We rst estimatethe time for which eachof thesetwo relays
will bebothcontactecandwill receve the paclet.

For agivennoder, theinter-contacttime of the pair (1; r) follows a power law distribution
P(X u) = (max(L;u)) . In particular the remainingtime F*" until the next contact
is an irreductible and positive recurrentMarkov Chain, with stationarydistribution (i) =

% (seetheproofof Theoreml). In particular asthereareN 1 nodesfrom whichthe
sourcecanchoosewo relaysfrom, they will be choserasthetwo minimumcoordinate®f the
randomvector(F?; 11 FUY)). Let usdenotethemby (F; £, sortedincreasingly
AsthereareatleastN 1 3 nodes,Ft(l;”) is theresultof the minimum of two independent
Markov Chainwith law F, henceit hasa nite expectatiorby thelemma.

STEP 2 : At timet + F®2) acopy of the packet is presentin eachof this two relays.
The remainingtime for eachof themto getin contactwith the destinationfollows the same
distribution that F "), In particularthe minimum of thesetwo independentariableshasa
nite expectation. The total latengy sincethe paclet is createdin t is thenthe sum of two
variableswith nite expectation.

GENERALIZATION TO ANY m : Letusassume > landm > 1=( 1). Thesameproof
canbeappliedmoregenerallyto aforwardingalgorithmusingm duplicatecopies.

A sourceforwardsacopy of thepacletto eachof the rst m relaysthatit meets.We assume
thatthenetwork containsatleastN ~ 2m nodeshencethesuccessie waiting time to meetthe
correspondingelaysis of nite expectedvalue: The rst relaymetis choseramongN 1, and
eventhem_threlaymetby thesourcas choserasthe rst relaymetoftheN 1 (m 1) m
remaining.

Whenm relaysreceve the paclet, the time-to-delvery is the minimum of thetimesbefore
thedestinatiormeeteachof the setm, which hasbeenshavn to have a nite expectedvalue.

Third result: < 1: Let usconsiderin this case,for all pairs(r;s) of nodesin the
network, theremainingtime Ft(s") atimet until thenext contact.They areall irreductiblenull
recurrentMarkov chains.By Orey's theoremywe thenhave thatlim P (F 5" = i) = Ofor all i
whent tendsto in nity . T

In particularlim P(F®” M) = 0, sothatljm = . P(Ft(is;r) M) =1

Hencelim P (min s FSY M) = 1andE mingrs) F"  divergesfor larget.

As a consequenceyhentwo nodesarein contactin sucha network, the expectationof the

time until any of themis in contactwith any othernodess diverging with time. No forwarding
algorithm,no matterhow redundantcanthentransporta paclet within a nite expecteddelay

Thesecondesult,whichdemonstratetheimprovementntroducedy two redundantopies
of the samepaclet, relieson the setof choserrelaysbeingindependentlychosenwith respect
to their contactpatterns.Althoughit seemgo be anassumptiorthatis acceptedn therelated
literatureon opportunisticcommunicationst maybethemostdif cult to achieein apractical
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manner Extensionof this resultto nodeswith lightly correlatedcontactpatternsandheuris-
tics to choosea reasonableetof relaysin practicalcasesare appealingfuture directionsfor
research.

At this stagewe have establishedhe following resultsfor the classof statelessorwarding
algorithmde nedin 5.1,in thelong contactcase:

If < 1, noneof thesealgorithmscanachiere atransmissiordelaywith a nite expecta-
tion.

If 1< < 2, thealgorithmintroducedby [8] is not stableasthe delayhasanin nite ex-
pectation It is however possibleto build aforwardingalgorithmthatachievesabounded
delay usinga numberof duplicatecopiesof the paclet. The numberof necessargopies
m usedmustbegreaterthanli andthe network mustcontainatleastli nodes.

For > 2ary algorithmfrom our classcorverges.

Notethatby comparisorthe ooding algorithmcanachieve a forwardingwith boundeddelay
in all thecases > 1, if the network is large enough. Using suchan aggressie forwarding
schemes however never necessaryo have a boundeddelay; for ary valueof > 1 there
exists an algorithmusingonly a x ed numberof copiesm thatdoesnot dependon network's
size.

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

Thereforejn the casesf bothour BluetoothandWiFi datasetsthereis no stateles®ppor
tunisticalgorithmthatcanguarantea transmissiordelaywith nite expectationsince < 1.
This posesa challengefor designerof opportunisticcommunicatiorsystemswhich could be
tackledby usinghybrid opportunisticandinfrastructure-basedommunicationsor by creating
statefulfowardingalgorithms,which learnfrom network history, e.g. locatingwell-connected
clustersof nodesfor which a power law of inter-contacttimesmayhave atractablecoefcient.

The conclusionfrom this sectionis thatforwardingalgorithmsdesignedor non-end-to-end
connectvity canstill take advantageof connectioropportunitiesn the context of inter-contact
times which follow a power law. However, certainconditionsmustbe metto ensurestable
communications.The strongestheary tailed propertiesof inter-contacttimes, especiallythe
oneshatwereexhibitedby our Bluetoothexperimenty < 0:6) andby WiFi traceq < 0:33),
resultin diverging delayfor ary statelessorwardingalgorithm.

6 Summary, conclusionand futur e work

We studyanad-hocnetwork scenariogalledopportunistimetworking, whereinherentmobility
andthe occasionatonnectiorwith otherdevicesareusedto transferdata.

We establisha rst major result,which is thatin four differentandindependentatasets,
thedistribution of the“inter-contacttime” betweemodesin anopportunisticnetworking ervi-
ronmentfollows anapproximatepowerlaw over a largerange with power law coefcient less
thanone. Thisresultis not consistentvith the exponentialdecaypredictedby all existingnode
mobility modelsusedto datein ad-hocnetworking.
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We shawv that a classof statelesgorwardingalgorithms,that have beenproved to deliver
pacletswith aboundedelayin the caseof exponentialdecayinter-contacttimes,have indeed
anin nite expecteddelay when mobility follows approximatepower law inter-contactwith
coefcient underl. We prove that using multiple intermediaterelaysis sufcient for these
algorithmsto corvergewhenthe power law coefcient is locatedbetweenl and2. Above two,
thesealgorithmscornverge naturally

Theimplicationsof our work for theresearcltommunityareasfollows:

1. Currentmobility models(e.g. randomwaypoint,uniformly distributedlocations)do not
havethecharacteristicebseredin ourhumanmobility experimentsNew mobility mod-
els arethereforerequiredin orderto facilitate evaluationof potentialopportunisticdata
transmissiorschemes.

2. Little work hasbeendonein the areaof informed designof opportunisticforwarding
algorithms— this remainsan arearipe for study Suitabledirectionsfor work might
involve thesharingof recentcontacinformationbetweemodes)eadingto amorecareful
selectionof potentialrelay nodeswhich arelikely to have a shortpathto the destination,
while alsobeingindependentlynoving ascomparedo otherchosernrelaynodes.

We planto continueour researchn a numberof directions.Firstly, we wish to characterise
the contactspatternsbetweemodesaswell asthe inter-contactpatternsjooking at how con-
tact duration,nodespeed relative distance discovery lateng, and network congestioraffect
the capacityof an opportunisticcontactfor Bluetoothand WiFi networks. Secondly we wish
to explore tractableforwardingalgorithmsfor opportunisticnetworks, taking into accountthe
lessonsabove of avoidinglong-delaypathsandof sendingedundantopiesoverindependently-
moving relays. Finally, we wish to examinea hybrid of opportunisticandinfrastructurebased
networking, andthe delayandbandwidthcharacteristicpresenin suchconditions.
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