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Abstract—In a crisis responsescenario, the availability
of information to rst responderscan be greatly enhanced
through the use of mobile computing systems.However,
such systemsare limited by available storage spaceand
battery life. Substantial degradation of their utility over the
courseof a prolongedoperation is lik ely as batteries wear
down and storagespace lIs up. While frequentof oading
or backup of data can ensure persistence an indiscriminate
approachcan acceleratethe consumption of resourcesand
further shorten the systems availability .

This paper presentsa method for transferring data
on demand betweencooperating mobile systemsbasedon
systemstate and both current and projected geographical
location, taking into account the obsewed mobility of
neighboring nodes. Peer selection is accomplished by
rst rating potential candidate machines to receve the
data transfer, then further evaluating each with a utility
function that consewatively estimatesa predicted window
of opportunity over which the transfer can occur.

. INTRODUCTION

Mobile computingdevices have becomeincreasingly
ubiquitous over the last several years. Such devices
have beenemployed in a wide array of applications,
exempli ed by such disparateinformation systemsas
cell phones,UHF radios,and PDAs. While using such
devicesfor recreationalpurposess commonplacecrit-
ical applicationssuch as coordination of searchand
rescueand emegeng responseoperationsare also be-
coming widespread.Using such a systemfor military
or paramilitarycommandand control purposeslacesa
high premiumon dataavailability, security andinternode
communicationSimply put, without ef cient datashar
ing in a crisis environment, missionaccomplishments
impossible.

While mobile information systemsenablesuch data
sharing,mobile network topologiesareinherentlyunsta-
ble, posinga signi cant challengeto providing reliable
dataaccessNetwork partitionsandchurnarea certainty
in ary mobile network of nontrivial size. Furthermore,
over time a particular node may becomeunavailable

due to diminishing systemresourcesBecauseof the
signi cant likelihood of device and network failuresin
a deployment scenarioand the potential criticality of
data to operationalsuccess,t is necessaryto have a
reliablemeansf databackupandretrieval. Additionally,
the criticality of much of the datain a crisis response
ernvironment is based on location. For instance, the
threat posedby speci ¢ hazardsmay be localized and
of concernto operatorsin the immediatevicinity, but
may not be signi cant enoughto warranta broadcasto
all usersof the system,particularly in light of limited
computingresources.

It is well establishedhat moredatais not necessarily
better In typical mobile networks, devicescannotsimply
broadcasall datarecordedby all participantgo all other
devices within range. An indiscriminate data transfer
modelsuchasthis hasseveral seriousdravbacks.First,
such an approachcan consumetremendousamounts
of bandwidth and storagespace.Second,it placesan
undue burden on other devices and operatorsto sort
through extraneousdata, posing a performancepenalty
on computingdevices or hinderingthe effectivenessof
humanoperators.Third, heary resourceutilization has
substantialsystem availability costs due to shortened
battery life on each mobile device. Corversely data
which may not be neededright away may in fact be
neededlater as the situation on the ground changes,
necessitatings preseration. The purposeof thiswork is
to develop a cooperatie datasharingprotocolthat uses
contet for datatransmissiondecisionsand thus limits
the total amountof broadcastingequired.

The contrikution of this paperis a new methodfor
contet-aware cooperatie datatransferand recovery in
which contet is describedby available systemcapacity
andgeographicapositioningandrelative motion of peer
nodes. This paperis organizedas follows: First, we
presentour method for contet-aware peer selection
usinglocation-basedoutingin mobile ad-hocnetworks,
to include the initial scoring processand the nal se-



lection through mobility prediction. Next we discuss
issuesrelatedto datarecovery. We evaluatethe method
throughsimulationtrials andpresentbur results.Finally,

we discusgrelatedworks and someconcludingremarks.

Il. CONTEXT AWARE DATA REPLICATION

Mobile networks arefrequentlyassumedo be homo-
geneousgonsistingof a collectionof identicalhardware
platformswith relatively similar capabilities.In practice,
despite the similar con gurations, it is common for
devicesto bedeployedwith varyingstatesuchasbattery
level or available storagespace We assumeary under
lying systemwould consistof dissimilarhardware,such
that eachnode may be either a laptop computey PDA,
or even a stationarydesktopworkstation,eachof which
with varying capabilitiesin termsof computingpower,
storagespace,and wireless radio range. Furthermore,
aswith any ad-hocnetwork, a deployed systemcan be
expectedto experiencea substantiabmountof churnas
operatorsenter and leave network partitions, either by
traveling beyond maximumrangeof individual wireless
radios, enteringshieldedbuildings, experiencingdevice
failure, or asothersucheventsoccur Device failure can
occureitherthroughphysicaldestructiorof the devicein
certaincircumstance®r throughgradualloss of battery
power. The potential loss of power is signi cant as
continuousoperationsn austerdocationsmay preclude
swapping batterieswhen required. Despite differences
in capability what is important is that these devices
are connectedo a wirelessad-hocrouting network and
are able to receie positioning data, perhapsthrougha
portableGlobal PositioningSystem(GPS)recever.

We further assumethe radio transmissiorrangefor a
mobile device to be a predeterminedystemparameter
This is nota new assumptionandwasarguedpreviously
in [2]. Despitevariationsin RF signal propagation,a
conserative estimateis all that is required for our
approachso estimatingthe approximatewirelessrange
is not unreasonable.

The transientdatamay be arbitrary dependingon the
applicationand scenario but generallycan be assumed
to be logs of eventsrecordedinternally by the device
or externally by either peripheralsensordevices or the
operator As data is collected, eventually that which
is deemedcritical may need to be replicated on a
neighboringnodeto ensurepersistence.

A. Peer Selection

Selectionof peernodesdependson several factors.
The rst stepin performinga datatransferis determining

the amountof datathat must be moved. Oncethe data
size is known, the next stepis nding a location with
sufcient available space.Becausecriticality of datais
applicationor situation dependentthe speci ¢ dataset
is bestdeterminedwith policy and the volume of data
is bestmeasuredvith an internal resourcemonitor that
periodically recordsthe total size of the les expressed
in the policy speci cation. With this information and
knowledge of the systemstate of neighboringnodes,
it is trivial to determinewhetherits peershave suf-
cient available storagewhich may be usedastemporary
scratchspace.Gatheringthis information requiresad-
vertisementof available storagespacefrom eachpeer
node, which may be includedin a routing protocol or
transmittedseparately

In additionto determiningthe size of datawhich must
be presered, a resourcemonitor task periodically polls
the batteryandavailable storagespaceon its own device
andrecordst. Suchstateinformationis transmittedo its
peersasdata elds in the pacletsin therouting protocol,
andis usedin conjunctionwith other stateinformation
such as physical location determinedvia a connected
GPSrecever.

As routing pacletsare receved from remotedevices,
each node constructsa routing table that containsthe
battery state, available free storage space,and GPS
coordinatesof all connectedpeers.At the time a data
replicationoperationis requiredor requestedthe current
view of the network using the routing table is usedto
selecta peer within range of a single hop. Selecting
a closely connectedpeeris desirablefor two reasons.
First, it is extremely challengingto determinewith ary
reasonabledegree of certainty the properties of the
wirelessconnectiorbetweertwo arbitraryremotenodes.
More importantly however, in mary scenariosmoving
the datais time-criticalandstoringit in a geographically
proximatelocation may be more bene cial to recovery.
In other words, placing data at an arbitrary connected
nodethatmayonly bereachablecrossseveralhopsmay
not be advantageouslespitethe potentialavailability of
greatersystemcapabilityat thatnode.This doesnoteven
considerthe higher probability of failuresand retrans-
missionsintroducedwhen moving dataover additional,
intermediarynodesdescribedn [6]

Our approachconsistsof a two-part methodfor peer
selectionthat can augmentexisting routing protocols
in ad-hocnetworks. Whichever routing protocol is em-
ployedwould needto include,or be modi ed to include,
systemstate and geospatiallocation information about
eachnode,but suchinformationcould easilybe inserted
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Fig. 1. CandidatePeerNode Selection

This gure illustrates the selectionof a peer node for
data transfer Nodeswith insufcient remainingbattery
life or available storage spaceto completethe transfer
are disregarded immediately The remainingnodesare
scored basedon the expectedlength of time the node
will remainwithin wirelessrange in addition to overall
systenstate Theselectechodemaythenreceivethedata
transfer

into mary typesof routing paclets,aslong asthe mobile
devicesthemseleshave somenotion of locationbuilt in,
e.g.,areafx edto a GPSrecever.

1) Initial Scoring: In orderto nd a suitable peer
node, it makes senseto quickly eliminate from fur-
ther considerationthose devices which are obviously
not appropriatecandidatesbasedon available system
capability For instancejf a peerhasinsufcient battery
power to receve, for example,al MB le transferthen
it shouldnot be consideredafter the initial examination
of its systemstate.The rst stepin peerselectionthen,
is to make a rough initial evaluation of all nodesin
the routing table, intended more to eliminate clearly
unsuitable nodesthan to nd an optimal node, and
assigna scoreto eachthatre ects whetherits capability
warrantsfurther considerationAny nodewith very low
battery power or available storagespaceless than the
amountrequiredto completethe transferis assignedan
initial scoreof zero.Nodesthat are more than a single
hop away are alsoscoredzero.All remainingnodesare
assignedan initial score of one. Thesenodesare the
candidatedor possibledatatransfer

2) Availability Estimation: When a data transferis
requestecbr required,the candidatenodes,indicatedin

the routing table with an initial score of one, are re-
scoredbasedon an estimatedwindowv of opportunity
The window of opportunityis determinedoy extrapolat-
ing the peers locationhistory over time to someapprox-
imate point at which it will move out of wirelessrange,
renderingary furtherdirectdatatransferimpossible The
window of opportunityis illustratedin Figure 1. Once
thewindow of opportunityis computedor eachpossible
candidatepeer the noderequestingthe transferdoesa
greedyselectionand choosesthe peerwith the largest
window of opportunity

This methodensureshatnodesnearthe fringesof the
wirelessrangeare lesslikely to be selectedthanthose
nearbyif they are moving away from the requesting
node, but more likely if they are moving towards it,
and that nodes which are stationary relative to the
requestingnode are the most likely to be selectedas
their windows of opportunity are consideredin nite.
Figure 1 provides an illustration of the peer selection
method.In this scenarioa nodewith insufcient battery
power is eliminatedfrom consideratiorin the rst step,
asindicatedwith thelarge X. Othercandidatenodesare
then consideredbasedon the predictedwindow of op-
portunity illustratedwith arrovs anddottedlines, which
indicatesthe estimatedength of time of availability. In
the gure, two candidatenodesare in motion, so they
have alimited window, andathird is relatively stationary
The stationarynodeis the one selected.

We usea very simple distanceequationto determine
the window of opportunity betweenthe peers current
location and the intersectionpoint of the wirelessradio
range.Becausawirelessrangeis generallynot isotropic,
ary empirically or analytically determinedangecanbe
used;aslong asthe boundariesare roughly known, the
intersectionpointscanbe computed For eachcandidate
nodeg;,

i Xt~ X)2+ (Yit ~ ¥i)?

ti ot

where (Xint ; Vint ) iS the intersectionpoint betweenthe
candidatenodes extrapolatedcurrent path and the esti-

matedlimit of the wirelessradio range.

score; =

B. Data Managementand Recwery

Nodesthat storedataon behalf of anotherusewhat-
ever scratchspaces availableon its local storagedevice
to do so. Eventually however, that stored data might
needto be either retrieved or purged. The node that
originatedthe datamust either fetch the dataor inform
the peer that ary of the replicated les it storesno
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longer needto be maintained.This might result from
replacinga batteryor the operators returnfrom a poten-
tially hazardoudocation.In a wired network with x ed
infrastructurecontrol of replicatedcopiesis not dif cult.
Ontheotherhand,in a wirelessnetwork, particularlyan
ad-hocnetwork, datarecovery is a hontrivial problem.If
a nodetransfersdatajust beforeleaving the network, the
only metadatathat might be known to the transferring
node is the initial location of the transfer but even
that is hardly guaranteed.The node performing the
temporarystoragemay have further transferredits data
to a subsequennode.Sincemost peerto-peernetworks
assumeeither a fairly staticlocality of dataor multiple
replicatedcopiesof data,traditional approacheso data
recovery are unsuitablefor this system.

In this approach,a node attemptingto rejoin the
network will checkfor the presencef the peerto which
its data was transferred.If it is present,then either
retrieval of or purging the copy is trivial. Otherwise the
nodemusttransmita requesto the othernodesto locate
the data. While peersthat are reachableonly through
multiple hopsarenotinitially consideredor transferring
data, it is possiblethat over time, multiple transfers
by several peersmay position the data more than a
single hop away from the originating node. Currently
we assumeall transfersare point-to-point, but because
of the likelihood of sucha scenarioand the dif culty
inherent to forcing data to reside within a specic
geographicalboundary such a multi-hop le transfer
mechanismwould be required,at leastfor recovery. We
do not discussrecovering migrating datain this paper

I11. EVALUATION

In this section,we demonstrat¢hat our context-aware
selectionmethodoutperformsselectionby eitherrandom
choiceor geographigroximity. A selectionis considered
superiorif it generally remainswithin wirelessrange
for a longer period of time using various patternsof
motion. We evaluatedthe effectivenessof our approach
througha seriesof discreteeventsimulationsusingboth
linearandrandommovementsamongremotepeers.The
simulationswere conductedn two parts,discussedere
separatelyThe rst partis evaluatingthe quality of the
initial choice, basedon the criteria neededto conduct
datatransfer The secondpart evaluatesthe quality of
the selectionover a longer period of time to determine
whethera context-awareapproactyieldsa selectionwith
a higher availability, as determinedby systemstateand
connectvity.

Unless otherwisespeci ed, in thesesimulations,50
nodeswereplacedatrandomwithin thenodeof interests
wirelessrangeof 300 meters,with uniform distribution,
and assignedrandom speedsand directions. Because
having nodesremain stationaryrelative to the node of
interestdoesnot yield interestingevaluationresults,as
the availability of any suchnodewould not be restricted
by movement,we limit our evaluationfocus to nodes
actually in motion. For our simulations,we selecteda
minimum speedof 1 meterper secondanda maximum
speedof 4 metersper second.

A. Initial Selection

Table | compareshe ability of our approachto ini-
tially choosean optimal peernodemoving linearly with
constantspeedto that of the random and geographic
selection methods. For initial selections,a successful
selectionis one in which the chosenpeer has ample
battery life and storagespaceto completea 50 MB
datatransfer andlies within a 300-metemwirelessradio
range. Becauseall nodesare initially within range,a
selectionin this caseis considereda failure only when
the selectednode hasinsufcient systemstate.Optimal
selectionsaarethosewith the largestcompositesvaluation
scoreamongall nodes,and for the randomand nearest
selectionmethods,an optimal selectionis one that was
also chosenby the contet-aware approach.Context-
awareselectionwill alwayschoosea nodewith sufcient
system state for the size of the data; hencethe 100
percentsuccesgate shovn in the table. Theseresults
are shawvn for simulationsof 1,000separateuns.

Success Optimal
Method Rate (%) | Failures| Selections
Random 74.27 | 186.50 10.43
Nearest 84.47| 112.50 5.79
Contet Aware 100.00 0.00 725.00
TABLE |

INITIAL SELECTION (LINEAR MOTION)

This table showsthe initial succesgatesfor ead selectionmethod
among 725 neighboring nodes with varying systemcapabilities.
Selectionsre consideed failuresif the selectechodehasinsuf®cient
battery and storage spaceto completea 50 MB ®le transfer Failure
and optimal selectionnumbes are averages over all trials.

Tablell furthercomparesur approacho randomand
geographicselectiorwhenpeernodesmove randomlyin
both speedanddirection.Othersimulationinputsarethe
sameasin the linear model.

For both patternsof motion, even using a random
approachcan producereasonableesults,with an initial
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Fig. 2. Recoery With Linear Motion

This gur e illustrates the ability of the node of
interestto locatethe nodepreviouslyselectedising
a random algorithm, a strictly nearest neighbor
apprad, and our contet-awae method. Our
approad improves the recoverability of data by
choosingnodeswith higheravailability than either
arandomor geagraphicapproac, evenasthetime
betweenselectionand data recovery increases.

Success Optimal
Method Rate(%) | Failures| Selections
Random 73.11| 194.79 9.43
Nearest 84.30 | 113.79 5.64
Context Aware 100.00 0.00 725.00
TABLE 1l

INITIAL SELECTION (RANDOM MOTION)

This table showsinitial successrates for ead selection method
amongnodesmoving with randomvelocity By ignoring nodeswith
critically low systemstate a contet-awae methodhas a higher
initial successate than either randomor geagraphic selection.

succesgate of about 74 percentin simulationswhere
the initial system statesamong nodes are randomly
generatedvith adiscreteuniform distribution. A random
selection method generally choosesa higher number
of unsuitable nodes comparedto selectingthe most
geographicallyproximate node, but this is more likely
due to the randomly generatedsystem state than. By
eliminatingthe possibility of selectingunsuitablenodes,
our approactdoesnt experiencehefailuresexperienced
in the other selectionmethods.It is always possiblein
a given scenariofor no suitablepeersto exist, but no
selectionalgorithm would work in sucha case,and as
in the caseof stationarynodesjs a muchlessinteresting
simulationscenario.

Due to the greedynatureof the selectionalgorithm,
it is possiblethat multiple peersmay selecta single sta-
tionary nodefor databackupsimultaneouslyTo avoid a
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Fig. 3. Recwery With RandomMotion

This gure showsthe likelihood of maintaining
contact over time with nodes moving randomly
Resultssimilar to that of the linear modelcan be
achievedwith a randompattern of motion. Taking
a snapshobf the networktopology and evaluating
peess basedon estimatedavailability increaseghe
succesgrate for recovery over approades using
randomselectionor geagraphic proximity.

singlenodebecominga bottleneckfor multiple transfers,
a policy mechanisntanbe usedto selectothernodesin

suchan event. Similarly, an accessontrol policy could

be usedto prevent unauthorizedplacementor retrieval,

but suchpolicy andaccessontrol schemesiave not yet
beenexploredwithin the context of this work.

B. Recwery

After theinitial evaluationand selection the selected
nodeswere reevaluatedafter increasingperiodsof time
to measurethe quality of the selection. While it is
certainly true that nodes out of wireless range of a
speci ¢ device maystill bereachablever multiple hops,
the likelihood of failure increasessigni cantly with the
numberof hops|[6], so ideally we would like to select
nodesthat can later be reacheddirectly. This section
evaluatesthe ability of our approachto do so.

To evaluate the longer term suitability of the se-
lections, we simulatedboth randomand linear motion
patternsamong50 nodesover a period of 700 seconds,
and at 5-secondincrementsyeesaluatedthe availability
of the selection.Batteriesdischage at a constantrate
with a 3-hour lifetime. For each selectiontime, we
ran 1,000independensimulationruns andrecordedthe
meansuccessate for eachmethod.

Figure 2 shaws the effectivenessof our approachas
comparedto a randomor strictly geographicapproach
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Maximum WirelessRange(m)
Number Selection
of Nodes Method 10 50 100 500 1,000 5,000| 10,000
Random 3.2 19.7 | 33.8| 147.7| 275.9]| 1,190.3| 2,108.2
10 Nearest 39 | 31.2| 505| 217.7| 426.2| 1,805.7| 2,998.0
Context-Aware | 3.9' | 47.6| 91.5| 439.1| 852.2| 3,356.1| 4,768.6
Random 86| 19.2| 32.1| 148.8| 297.2| 1,219.7| 1,926.8
50 Nearest 109 | 31.0| 53.1| 2214 | 4348| 1,897.5| 3,1274
Contet-Aware | 11.0 | 67.7 | 133.6 | 633.8 | 1,227.7| 4,377.9| 5,523.7
Random 9.8| 19.8| 353 | 1469| 2784 | 1,275.0| 2,043.0
100 Nearest 13.3| 30.3| 52.8| 225.1| 429.0| 1,872.3| 3,143.4
Contet-Aware | 13.5| 75.4| 149.6 | 699.0 | 1,338.6| 4,715.0| 5,131.8
Random 10.1| 195| 345 152.7| 303.9| 1,198.5| 2,020.5
500 Nearest 158 | 31.2| 21.7| 219.2| 440.6| 1,920.9| 3,304.8
Context-Aware | 16.4 | 88.3| 172.4| 819.8 | 1,545.8| 5,034.0| 5,041.0
Random 10.1| 19.9| 33.6| 153.1| 2855 1,234.4| 2,082.1
1,000 Nearest 16.6 | 31.2| 53.2| 225.3| 435.8]| 1,846.8| 3,195.9
Context-Aware | 17.3 | 92.4| 179.7 | 846.6 | 1,618.0| 5,049.9| 4,993.4
Random 10.0| 19.6| 34.5]| 1528| 276.1| 1,231.0| 2,061.1
5,000 Nearest 175| 31.3| 54.4| 2274 | 433.3]| 1,973.3| 3,179.1
Contet-Aware | 18.7 | 99.1| 192.7 | 903.0 | 1,706.2| 5,038.4| 5,188.5
Random 10.1| 19.8| 33.1| 156.1| 291.2| 1,233.2| 1,903.6
10,000 Nearest 17.8| 31.0| 53.1|228.1| 4320/ 1,978.8| 3,319.8
Contet-Aware | 19.2 | 101.1 | 195.2 | 919.4 | 1,735.4| 2,853.4 | 5,356.5
TABLE I

AVERAGE TIME BEFORE FAILURE

This table showsthe average availability time in secondsfor eath

methods selectionover 1,000 independensimulation runs for eath

node/ance pair. In all casesthe context-awae methodproduceshigher availability times,and in manycasesthe differenceis as mud as

six timesthat of the randommethod.

when peer nodesmove in a linear fashion, starting at
randomlocations.Oncetheinitial selectionis made,the
simulator attemptsto contactthe selectednode again
after a designatedime interval. Any selectedhodewith
critically low battery power or storagespace,or has
moved out of wirelessrange,is consideredh badchoice.
By selectingnodeswith an acceptablesystemstatethat
also maximize the consenratively estimatedavailability
window, the probability of easilyretrieving datais higher
than that obtainedusing the other approacheskigure 3
shaws similar effectivenesf the context-awaremethod
usingremotepeersthat move randomly

Figure 4 shaws the effect of increasingdatarequire-
mentson the successate. In our simulations,nodesare
assumedo have available storagespacerangingfrom a
minimum of 50 MB to a maximumof 150MB. As the
size of the datarequirementincreasesthe succesgate
for all threeapproachegall to zero, with our approach
having a much higher successate overall.

Finally, we evaluate the effect of the number of
node and the size of the wirelessradio range on the
averagetime beforeeachapproackHfails. Tablelll showvs
the amount of elapsedtime, i.e., the availability pe-
riod, averagedover 1,000 independentruns for each

node/ranggair, beforeeachmethods selectiorfails due
to insufcient systemstateor movementout of range.In
eachcasethe context-awaremethodproduces selection
with a higher averageavailability time than the other
methodsjn mary casesby asmuchassix timesthat of
the randomselection.

For very small scale networks, both in terms of
wireless capability and number of nodes,the context-
aware method doesnt provide enoughof a benet to
be worthwhile, since availability is extremely limited
in ary case. The results indicated with a * are for
such small-scalenetworks. However, as the size and
capability grov much larger, as shovn with a 2, the
contet-aware approachgives dramaticallybetterresults
than either nearest-neighboor random. This suggests
that as wireless capability increasesand rangesgrow
substantiallylarger, our approachmay have substantial
bene t for improving availability rates.

IV. RELATED WORK

While thereis an alundanceof researchn the areaof
mobile networks, work speci cally in the areaof mobil-
ity predictionis muchmorelimited. While a numberof
works attemptto predict future availability by tracking
positionhistory, we arenot awareof ary routing protocol
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The effect of the datarequirementsizeon succesgates.
Assumingnodeshaveno more than 150 MB of available
storage, the contt-aware selectionmethodhas mud
higher average succesgatesthan both the randomand
geagraphicapproacdhes,up to a datasizeof roughly 100
MB. At that time succesgatesfor all three approades
rapidly approach zero.

that incorporatessystem state into routing determina-
tions, or combinessystemstatewith mobility.

In [4], mobility is predictedby building and main-
taining a tableto track estimatedperiodsof connectvity
loss, but the focus of thatwork is limited to disconnec-
tions due solely to mobility. While our work is similar
to theirs, to include the ability to use the prediction
methodindependenbf the routing protocol, their work
assumedghat availability of nodesdoesnot changedue
to diminishing systemstate.

Our methodis mostcloselyrelatedto thatproposedyy
Pascoe.et al [5]. Whereasin their work, the prediction
is intendedto be used for estimatingthe amount of
overheadincurredin both unicastand multicastrouting
protocolsas routesare broken due to mobility, oursis
designedo selecta singlehoproutewith thelargestpre-
dicted availability for purposesf storingandretrieving
transientdata.Lik e other similar approachegheir work
doesnot assumdink breakagedueto systemfailures.

Also closely relatedis the work proposedby Su [7],
which uses GPS location information to predict the
future location of nodesmoving independently Addi-
tionally, parameterssuch as radio propagationrange
are known a priori. Like other routing protocols, this
approachdoes not accountfor availability constraints
other than mobility, and doesnt addressthe specic
problemof datarecovery at all.

Other methodsof predicting availability do so by

measuring signal strength, and a diminishing signal
portendsa link disconnection.Given our experiences
with the directional nature of mary wirelessantennas,
using detectedsignal strength may not be the most
appropriatefactorfor predictingmobility in mary types
of applications Examplesthat emplgy a signal strength
measuremenor availability estimationare [1] and[3].

V. CONCLUSION

In this paper we proposea method for selecting
peersto of oad transientdata that accountsfor both
heterogeneouand dynamic systemstate amongnodes
aswell aspredictedmobility. Previous work hasshowvn
that mobility predictioncanimprove overall availability
andlink longevity, but our work goesa stepfurther and
includesdynamicstateinformationin the peerselection
process.This approachhas the advantageof choosing
nodesmost likely to remain available for recovery in
applicationsfor which transientdatahashigh value.

Simulation resultsshown that our approachimproves
the successatesof bothinitial selectionanddatarecov-
ery. For small scalenetworks, to includethosewith very
limited wirelessrange,our approachmay be of limited
bene t. But as the network scales, particularly with
more powerful wireless radios, using a fully context-
aware selectionmethod can signi cantly increasethe
availability of temporarilyreplicateddata,which in turn
canleadto greatermissionsuccesgor operationsthat
dependon the availability of sensorinformation.
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