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Abstract— Disruption-tolerant networks (DTNs) differ from
other types of networks in that capacity is created by the
movements of network participants. This implies that under-
standing and influencing the participants’ motions can have a
significant impact on network performance. In this paper, we
introduce the routing protocol MORA, which learns structure
in the movement patterns of network participants and uses
it to enable informed message passing. We also propose the
introduction of autonomous agents as additional participants
in DTNs. These agents adapt their movements in response to
variations in network capacity and demand. We use multi-
objective control methods from robotics to generate motions
capable of optimizing multiple network performance metrics
simultaneously. We present experimental evidence that these
strategies, individually and in conjunction, result in significant
performance improvements in DTNs.

|. INTRODUCTION

Many routing protocolsexist to supportend-to-endmes-
sagingin mobile ad hoc wirelessnetworks. Such protocols
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Fig. 1. Classibcatiorf routingmethodsfor DTNs basedon charactestics
of participants@ovementpatterns.

assumenend-to-encconnectiorthrougha contemporaneous the reachof devices, including buildings, trees, mountains,

setof links throughintermediarypeerg19], [27]. As aresult,
if a path betweentwo peersin a network does not exist,
communications not possible andtheroutecreatian process
fails.

A growing body of work is exploring techniquesfor
routing network trafbc over asynchonous pathsto adapt
to situationswhere routes cannotbe createdfrom contem-
poraneoudinks. Such networks have varied names:highly
partitionednetworks [10], [17], messagderrying [41], [42],
delay-tolerantnetworks [12], and disruption-toleant net-
works (DTNs) [11]. To enableend-to-endroutingin a DTN
(the term we choosefor this paper), network participants
are relied upon to carry and deliver messageof others.
Wheneer two participantspassthey negotiatethe exchange
of mesages.A mesgage may be passedbetweena number
of network participantsbefore reachingits destination.

Therearemary scenariosn which DTNs arethe mostvi-
ablerouting solution for several reasonsFirst, it is challeng-
ing to deploy an unpartitionednetwork using mobile nodes
that roam a large geographicarea. This can be the result
of relatively shortradio ranges;obstructionscanalso curtalil
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or water for amphibias devices (as can happenin wildlife
monitoring [32]). Our own DTN, DieselNet[4] which is
deployed using 802.11 on 30 buses,spansan areaof 150
sg. miles, beyond the rangeof WiMax andour areaxellular
phonecoverage.In underwater acousticnetworks [1], [26],
DTNs are more critical asno bxed infrastructureexists and
lessthanten expensve autonomousindervatervehiclesmay
roam an areahundredsof km in diameer carrying acous-
tics transducergshat reach only 2b5 km. Second,battery-
powereddevicesmay adhereto enegy managementchemes
that power down radios[31], [2], effectively decreasinghe
populationof the network. Finally, DTNs can arisenaturally
from dense,infrastructure-basedeployments.For example,
a municipal mesh that is deployed to support radios on
vehicles can provide robust, unpartitionedcoverage. How-
ever, vehicles may leare the geographiccoverage of the
mesh;a DTN can extend networking to an areabeyond the
municipality®meshby taking advantageof opportunitiesfor
transferbetweenvehicularnodesthat ariseintermittently
The performanceof disruption-blerantnetworks depends
on mary factors,including the numberof network partici-
pants their storagecapacity commurication capabilitiesand
movementpatternsin this paperwe focuson a performance
factor unique to DTNs, namely the movenent patternsof



participants.We examine how movementscan be exploited

or controlledto improve performancen DTNs. We classify

movementsf network participantsaccordingto two indepen-
dentpropertiestheirinherentstrucure andtheir adaptveness
to the demandin the network (seeFigure 1). In this context,

structurerefersto periodicpatternsin peers@ovementsthat

canbe exploited to estimatethe probabilty of delivery for a

specibcmessageand peer

For purpo®s of illustration, we relate this classibcation
of participant® motion and associatedouting protocolsto
everyday experience. The lowerleft of the classibcation
shawvn in Figurel correspond$o hitchhikersbeingpickedup
by randomlymaoving cars.In this scerario, carsmaove without
periodicity and do not adaptto the route of the hitchhiker.
The lower-right of the bgurecorrespondso public transport
with Pxed schedulesindependentlyopeaating taxicabsthat
pick up passengerin the streetare representedn the top-
left of the diagram. Finally, FedEx trucks are situatedin
the top-right corner (Here, packagesare transportedyather
than peoplebut the analogyholds.) FedExtrucks travel on
structureddaily routes,but only stop for scheduledpickups
and deliveries, i.e., their coordinatedroutes are adjustedin
responsdo demand.

From this descriptionit is clearthat performanceametrics,
suchas bandwidthand lateng, canbe expectedto improve
for scenarioghat can be classbedtowardsthe top-right of
the diagram. To achieve these performanceimprovements,
an increasedamount of coordination among the network
participantsis required.Suchcoordinationcan exploit struc-
ture presentin participant©motion paters to improve the
efbcieny of routing. A coodinationof network participants
that adaptsthe motion to the network® demandsenablesa
better usageof the participants@apacityand thus can lead
to increasedandwidthandreducedateng. The contrikution
of this paperlies in agorithmsthat take advantageof these
insights to improve the performanceof disruption-tolerant
networks.

Contributions. To addresghe incongruencebetweenthe
movementof network participantsand trafbc Bow that may
arise when movementpatternof participantsdo not match
bandwidth requirements,we propose the introduction of
autonomousagentsas participantsinto the nework. These
agentscanbe ground-basd [36] (seeFigure 2), airborne[8],
or undervater mobile robots[13], [14], [38], [34].

We propose methodsfor adaptingthe motion of such
agentsto bandwidthand lateny requirenentsof a network.
We call our approachMulti-Objective Robotic Assistance
(MORA), which allows a set of autmmomousagentsin the
DTN to enhancenetwork performanceby delivering pack-
ets. While the problem of choosing optimal motions for
autonomousagentsin this context is shovn in this paperto
be NP-hard,we proposetechniquesrom robotic control that
areableto obtainhigh-qualityapproximationgo the optimal
solution.We found experimentallythatthe additionof agents
can have signibcantimprovementsto network performance;

Fig. 2. The UMassSegway RMP, the subjectof our previous work [36], is
arobotic autonomousgentthat canactasa network participantto improve
performancen disruption-toleranhetworks. Otherplatformsincluderobotic
airbornevehicles[8] and undervater mobile robots[13], [14], [38], [34].

for example,in the casewhereit is pairedwith MaxProp[4],
MORA increasesaveragedelivery ratesfrom 67% to 88%
while simultaneouslyeducingaveragedelivery latercy from
120 minutesto 76 minutes. MORA is independentof the
underlying DTN routing protocol used by nodes,and our
evaluationsshaw thatit improvesthe performancef random,
FIFO, ME/DLE [5], [4], and MaxProp[4] protocaols.

Il. RELATED WORK

Since this work is a synthesisof ideasfrom networking
and robotic control, it hasrelatedwork in both areas.

A. Networking

DTN routing has been studied by a growing number
of reearchers.As we statedin the introduction, we can
taxonomizeprevious work basedon their assumptionsbout
the inherentstructureof the network andthe adaptvenessof
peersto the demandin the network.

Along with the preliminary versionsof this work [5], [6],
ourwork is distinguidedby its explorationof the adaptation
of peer movementsto meet communicatio needsof the
network. We proposethe use of robotic peersto improve-
ment performancePrevious to our efforts, Li and Rus[23]
proposedalgorithms that minimally alter node movements
for delivery of a single paclet in a partially disconnected
network. They assumepeershave a communicationchannel
that periodcally broadcastghe locationsof all other peers
with boundederror thoughthe channeldoesnat allow the
transferof data. The authorspoint out that it is difpcult to
extend the algorithm to efbciently suppat multiple paclets
at once.Our work doesnot have suchlimitations.

We distinguish other work by the degreeto which peer
movementsare bxed and well-knovn. At one end of the
spectrum,Zhao, et al. [41], [42] proposedDTNs basedon
ferries, which are peersthat have completely predictable
movementsthroughthe geographicarea(e.g.,a city bus or



river ferry). Peersroute messageend-toend by scheduling
their movementsto meetwith the ferry. In later work, Zhao,
etal. [43] proposea methodfor designingmultiple bxedferry

routes.In compaison,our methoddynamicallyadjustsroutes
basedon perceved load, learnedby agentsfrom within the

DTN itself. Also relatedto the paradgm of addingresources
to a DTN is our work on throvboxes, which are solar

powered,standalonecomputerswith rados andstoragd44],

[2]. From one point of view, they play the role of stationary
ferries.

At the other end of the spectrumis a seriesof papers
that attemptto learn patternsin the movemers of peers.In
2001, we proposeda routing algorithmfor highly partitioned
networks by exploring a numberof different strateies for
deciding which messagedo exchangewhen two network
participants meet [10]. Our algorithm, called Drop-Least
Encounteed had peers keep track of the other peersthey
meetregularly over time. Peersinitialize their estimateof
the likelihood of messageadelivery to a moving peeras 0.
When a peer A meetsanotherpeerB, the former setsthe
likelihoodof delivering messageto B as1. ThenA takesa
portion of B @ likelihood of delivering messaggto the other
peersin the system.Thesevaluesdegradeover time, such
that they are reinforcedonly if A and B meetperiodically
Versionsof this samealgorithm, somemore advanced,were
subsequentiyproposedby others[24], [28], [16], with each
papershaving a differentanalsis of the problem.

In our previous work, we have also proposedusing ac-
knowledgmentsof delivereddatato remove stale datafrom
network buffers [4]. Schemesalso exist tha use network
coding[39], or restrictthe numberof copiesof a paclet [33],
[30], [37], [25].

Also relevantto this paperis work by Jainetal. [18], who
shavedthatnetworksthathave a large number of connection
opportunitiesrequire less intelligent forwarding algorithms.
As resourcesecomescarce,ncreasingavailability of infor-
mationaboutthe network increaseshe perfamanceof DTN
routing.

There are other challengeswithin the subjectof DTNs.
For example,an information retrieval servicecan be a vital
servicein a DTN usedby disastermanagementvorkers. In
our previous work, we proposeda method of dividing up
a databasesuchthat ary small randomsubsetof pees can
answerquerieswith high accurag even though eachpeer
carriesonly a small fraction of the full databas¢17]. In our
method,no routing is required,yet it is robust despitethe
movementof peers,who may changegroupsat ary time.

B. Multi-Objective Control

In a disruption-tolerantnetwork, robotic agentsdeliver
paclets by performing physicd motions. During their mo-
tions, the agentsencounter sources sinks, and other agents.
At ary point in time, an agent may carry paclets from
multiple sourcesto be deliveredto a variety of destinations.
Giventhesedestinationsanadequatenotion of theagenthas
to be determined.This motion will have to satisfy multiple

objectvesdeterminedoy the destinationof network paclets,
the need to encounterother agentsfor messagepassing,
and by desired performancemetrics for the network. In
Sectionlll-A, we shav that the computationof an optimal
motion for agentsin a disruption-toleranhetwork is an NP-
hard problem. To overcomethis computationalcompleity
in a practicalsetting,we propcse to determinenearoptimal
motionsof agentausingmulti-objectivecontol methodgrom
robotics[7], [20].

In robotics, multi-objectve control is usedto generate
comple behaior by composingseveral simple behaiors.
These simple behaiors are representedcand genergéed by
contollers [15]. To apply multi-objective controlto generate
the motion of robotic agentsin disruption-tolerannetworks,
we have to debnecontrolersthatgeneratemotionto optimize
network peformancemetrics.We thenhave to composehese
simple controllers to achieze agentmotion that ensuresthe
satishction of multiple performancemetrics.

A controller representdehaior using a control function
The domain of this function is a subsetof all allowable
statesof the system This subsetincludesthe desred goal
state which representghe unique minimum of the control
function. If the systemis within the domain of the control
function, the controller canfollow gradientof this function
to reachthe goal state,sinceit represats its only minimum.
The control function thus implicitly debres goal-directed
behaior for a subsetof the allowable stae space.The
control function canalsobe viewed asan error function. By
descendinghe gradientof the controlfunction,the controller
continuouslyreduceghe error until the goal statewith zero
error is reached As long as the systemremainswithin the
domain of the appropriatecontrol function, the associated
controllerwill exhibit robust, goal-directecoehaior. Control
theory [15] offers a rich theoretical foundation for this
methodof behaior generain.

The apped of controllerslies in their simplicity. For a
simple behaior it is geneally not difbcult to specify and
implementan approprate control function. To generatenore
comple behaior, it would be possible to design more
comple control functions. However, this approachquickly
leadsto instabilitiesin the overall systembehaior. Instead,
researcheri roboticshave developedmethodsof composing
simple controllersto generatemore complex behaior. The
two mostcommonlyusedmethodsrely on the subsumption
architecture [3] and on nullspaceg20], a fundamentalcon-
ceptin linear algebra[22].

1) Subsumption:The sulsumptionarchitecturg3] canbe
appliedin a broadercontext, but we restrictour discussiorto
controllers.The subsunption architectureproposes layered
approachto generatingcomplex behaior. For the purposeof
our discussiongech of theselayers containsone or multiple
controllers.Eachcontroller in the subsumptionarchitecture
hasaccesdo stateinformationand canissuecommandghat
affect that state. This commandis specibedby the control
function basedon the currentstae information. Higherlevel



controllerscan accesghe stateof lower-level controllersand

can overwrite their commands.The processof overwriting

a lower-level commandis referredto as subsumptionThe

subsumptiorarchitectureallows the designand implementa-
tion of complex behaior in anincrementalfashion,starting

with the lowest level and the most basic behaior. It is

notevorthy, however, that at ary point in time a single

controller namelythe highest-leel cortroller, will determine
a particularcommandto affect the system€state.

2) Nullspaces: The compositionof controllersbasedon
nullspaceprojections[7], [20], [35], [36] permits the concur
rent execution of multiple controllersNand thus the attain-
mentof multiple, non-conRicing objectives. To achieve this,
controllersare orderedhierarchically Within this hierarcly,
nullspaceprojectionsensurethat the effect of a lowerlevel
controller cannot interfere with the effect of a higherlevel
controller To understandhow this canbe achiezed, we begin
by reviewing the notion of nullspace.

Thenullspaceof alinearmappingA consistof all vectors
x suchthat Ax = 0. Here, the nullspaceof a controlle is
consideredto be the collection of control commands that,
when performedin addition to the controller do not affect
its performanceAn example:Imaginean objectlocatedasa
pointp = (X, y) in theplane.A controller! ; is changingthe
stateof the objectto achieve x = 0. This is accomplished
usinga controlfunctionthathasa uniqueminimumalongthe
x-axis.A secondcontroller! , hasthe objective of achieving
y = 0 with a similar control function. If !, only causes
motionof the objectorthogonato the x-axis, it will notaffect
thedegreeto which ! 1 hasachievedits objectiveNit will not
interferewith ! ;. We saythat! , operatesn the nullspace
of ! ;. The spaceswithin which the two controllersact are
orthogonato eachother Irrespectve of thecommandsssued
by ! ,, by projecting this commandinto the nullspaceof
I 1, we can guaranteethat all motions causedby !, will
be orthogonalto the x-axis.

Using this notion of nullspaceprojections,multi-objective
control is obtainedby arrangng the controllersinto a hierar
chy and projectingthe behaiors of a lower-level controller
into the nullspaceof a higherlevel controller At eachlevel
of the hierarcly the controlleroptimizesits actionswithin the
nullspaceof highercontrollers.Sincethis optimizationtakes
placein the nullspaceof the highercontrolle, the choiceof
optimal actionat a lower level is guaranteeahot to affect the
optimality of anactionchoserearlierby the highercontroller
This is in contrastto the subsumptionapproach,which
achieves coordnation throughturning individual controllers
on and off in a mannerspecibd by the systemdesigner

Nullspacecompositionhasbeenappliedsuccesfully in a
variety of tasks[7], [20], including by Sweemry et al. [35],
who usedit to maintah network connecwity for distributed
agents.In the work, agentsmaintainline of site (necessary
for infrared communicéion) while pursuingthe exploration
of an unknawvn ervironment.

I1l. AUTONOMOUS AGENTSIN DTNSs

In this section,we describehow autonanousagentscanbe
deployedin disruption-toleranhetworksto increasenetwork
performance This is accomplishedby adaptingthe agentsO
motion to the demandin the network (Figure 1). We brst
shav that determining optimal motions for agentsis NP-
hard, providing the justibcationfor the appioximation ap-
proachpresentechere.Then,we dePnemethodsto optimize
particularnetwork metrics. Subseqgantly, we debnea multi-
objective controllerthat coordinateshe individual methods.

In our model, the network is composedof peess, which
are mobile nodesthat are the sourcesand destinationsof
paclets. Peerscarry computationalresourcesincluding a
wirelessradio. The movementof peersis dictatedby a model
describedelon. We introduceagentsinto the network, which
are systemsthat make online, autonomouslecisionswhich
are intenced to enhanceperformancein a system based
on a statedalgorithm and the current available input. Our
agentscarry the sametype of resourcs as peers.They are
intermediarieson the pathsfrom sourceto destination,but
are never the sourceor destinationof paclets. Agents are
nomadicand are able to navigate to selectedlocation. We
presentthe detailsof this modelbelow.

A. Compleity of SdhedulingAgent Movement

The problemof determiningoptimal motionsfor agentsin
a DTN is NP-hard.We shaw this by reducingthe dial-a-ride
problem[29] to our DTN agentmotion problem. The dial-
a-ride problem consiss of dispatchinga vehicle to service
a requestfor an item to be transferedfrom one location to
another That problemis a generalizationof the traveling
salesmarproblem[9], andit is known to be NP-hard.

Thereduction of someinstanceof the dial-a-rideproblem
to agentsservicinga DTN is asfollows. First, note that the
graphrepresentinghe physical or geographicaknvironment
of a DTN is the sameas in an instanceof the dial-a-ride
problem. We assumethat at each peea in the graph there
is a participantin the network, that each participantis far
enoughaway from ary other participant that no point-to-
point communicabn is possible,andthat eachparticipantin
the network is static.

Every requestmadeto the dial-a-ridesystemfor transport
from alocation A to alocationB is exactly a messagén the
DTN sentfrom a peerstatically locatedatlocationA to apeer
statically locatedat location B . Sinceall of the participants
in the network arestaticandincapableof communicatingthe
transportof the messagdrom A to B mustbe accomplished
by the agent.By optimizing the routing of messagesy the
agentwe also obtain an optimal solution to the dial-a-ride
problem.

Sincethe dial-a-rideproblemis NP-hardandreducble to
the problem of routing agentsto assi$ DTN routing, the
routing of agentsis NP-hard as well. A problem closely
relatedto the DTN agentmotion problemhasbeenshovn to
be NP-hardby Zhaoet al. [42].



B. PerformanceMetrics

Our aim in deplgying autonomousagentsin a DTN is to
improve a variety of network performancemetics. These
metricsinclude the following:

« Bandwidth: This metric capturesthe total number of
message$n the network at a given point in time. We
wantto schedulethe motion of agentsso asto increase
the bandwidth of the network, ensurng that available
spacefor the transportof messagess usal effectively.
To achieve this, agentshave to considertheir travel time
for packagedelivery.

« UniqueBandwidh: This metric refersto the total num-
ber of unique messageghat are currently active in
the network (multiple copiesof a messagemay exist
in the network). Again, the desiredmotion of agents
increasesthis metric so that available bandwidth is

D. MovementContmollers for PerformanceMetrics

The motion of autonomousagentsin a disruption-tolerant
network should optimize the four metrics describedin Sec-
tion 11-B. In Sectionlll-A we shavedthatthe corresponding
optimization is NP-hard. In this section,we describetwo
methodsfor generatingthe aget® motion derived from
multi-objectve control in robotics. For each metric, we
presenta methodof determininga motion that optimizesthe
metric in isolaion. We refer to the algorithmthat generates
the agent®motion asa contoller. The bandwidthcontroller
directs the agentto act so as to maximize bandwidth, the
lateny controlleractsto minimize lateng, andso forth. We
then shav in the next sectionhow thesecontrollerscan be
combinedto generateagentmotion that optimizesall four of
the performancanmetrics.

The details of the individual controllersfor eachof the

used most effectively to respondto the participantsO performancemetricsare as follows:

transmissionsTo maximize this metric, agentsshould
preferto transmitmessagesot alreadyin transit.

o Message Latency:Latengy captureghe averageamount
of time that it takes for a messageto be delivered.
Messagdateny can be reducedby biasingthe motion
of agentstowards peerswhich are sendingor receving
mary messages.

« Peer Latency: This metric refersto the averagetime
since a peerwas last visited by an agent. To prevent
stanation, it is importantthat all of the participantsin
the network be visited intermittently.

C. Distributed Network Stete Maintenance

The evaluation of performare metrics descrited in Sec-
tion IlI-B requiresglobalstae information.In areal network,
this global information is unavailable. Each peer in the
network hasperfectinformationaboutits own state but must
estimatethe nework® overall state Eachagentaccomplishes
this by constructingan approximatemodel of the network
from information obtainedfrom other network participants
encounteredduring its motion. To construct this model,
we assumethat all participantshave (loosely) synchronized
clocks.

Eachagentmaintainsinformation aboutevery participant
in the network. This informationis taggedwith a globaltime,
synchronizedbetweenall participants.When two agentsin
the network meet,they exchangepackagesaccordingto the
emplogyed routing protocol (in SectionlV we describeand
comparethe performanceof four differentrouting protocols).
Agentsalso updatetheir stateinformation aboutall network
participants provided the encainteredagenthasmorerecent
information available. This informaton includes a list of
carried packagedor eachparticipantand the GPSlocation
and time stamp of the last encounter This approximate
global stateof the network providesthe agentwith sufocient
information to determineits motion in acmrdanceto the
desiredperformancemetrics

« Total BandwidthContmoller ! +: Traveling to ary peer
A will increasethe bandwidth of the network by the
numberof messagethatthe agentcanobtainfrom peer
A. The peerchosenby this controller is the peerthat
hasthe largesthnumberof messagesot yet seenby the
agent,amortizedby travel time. This choice is based
on the information obtained through distributed state
maintenancéseeSectionlll-C).

« Unique Bandwidth Controller ! y: The unique bard-
width controllerchooseghe peerthat it believesto have
the largest numberof messagesot presentarywhere
elsein the network. This chdce is madeirrespectve of
the travel time to reachthe peer

« Delivery LatencyContoller ! p: The ddivery latengy
controllerchooseghe peerwhoseaveragedelivery time
is the largest,accordingto the information available to
the agent.

o PeerLatency Contwoller ! p: To reducethe peerlateng,
this controller should choosethe location n; leastre-
cently visited by an agent. Sincelateng relatesto time,
we also would like to considerthe travel time of the
agent.Let At,, be the time elapsedsince location n;
hasbeenvisited by anagent.The peerlateng controller
selectslocationn = argmin,, At,, + t,,, wheré t,,
is the agent©travel time to location n;. This resohes
ties basedon Aty in favor of locality. It ensuresthat
traveling time to visit the leastrecentlyvisited location
doesnot actually causean increasein the pee lateny
statistic.

Becausethese controller consideronly a single perfor
mance metric, they may generateconficting motions for
the agents.For example, if there are two peersin spatial
proximity that exchangea large numker of messagesthe
totalbandwidthcontroller! + would dispatchagentdackand
forth betweenthe peersto maximize the bandwidth usage.

IHere,argmin representghe n; that attainsthe minimum value of the
given expressionwhen all locationsare considered.



However, this will prevent other peersfrom being visited,
somethingthat the peer lateng controller ! p is trying to
ensureln thosecasesijt will be necessaryo coordinatethe
controllersto resultin consstentand effective motion.

Independentlyof the coordination scheme, these con-
trollers areresponsibldor selectinga peerasthe new target
for the agent.The agentthen movesto the geographidoca-
tion of the peer asindicatedby its global stateinformation.
Onceit arrives at that location, it selectsa new destination,
regardlessof whetherthe peerwas encounteredWhile it is
moving, the agentsendspacletsto all agentsand peersthat
it comesin contactwith. If, along the way, it makes contact
with the peerit is trying to move to, it also selectsa new
destination.

E. Multi-Objective Control

In traditional wired networks, a network administrator
balancesa variety performancemetrics through the speci-
pcationof bxed network parametersin the previous section,
we introducedcontrollersthat optimize specibgperformance
metrics (or objectives) of a network by determining the
motion of a robotic agent within that network. We now
will proposeto use multi-objective control methodsfrom
robotics[35], [40], [36] to balancemultiple network perfor
mancemetricsin disruption-toleranhetworks thathave been
augmentedvith autonomousnobile agents.

The purpose of multi-objective control is to combine
multiple cortrollersin sucha way their individual objectives
canbe optimized concurrently The simplestmethodof multi-
objective control combiresthe output of the individual con-
trollersto determinethe overall behaior of theroboticagent.
Sucha combinationcanbe achieved, for example,by adding
the spatialmotion vedors determinedoy eachcontroller For
some applicationsin robotics, such as obstate avoidance,
theresulthg motionwill optimizemultiple desiredobjectives
(staying at a distancefrom multiple obstacles)In the con-
text of disruptin-tolerantnetworks, however, sucha simple
stratgy would be meaninglessif the bandwidthcontroller
identibesa particularnetwork nodeasthe next goal location
but the lateng controlleridentipesa differentone,thesetwo
control decisionscannotbe easilycombinedin a meaningful
way.

We explore moresoplhisticatedmethodsfor multi-objective
control, namelynullspa@ compositionof controllersandthe
subsumptiorarchitecture Within eitherof theseframeworks,
the network® performancecan be optimized by selecting
the paraneter of eachof the individual controllersand by
determinean ordering of controllers. This ordering deter
minesa hierarcly of importance effectively prioritizing the
performancemetricsassocatedwith the controllers.

1) NullspaceComposition: Informally, the nullspaceof a
particularcontroller ! ; is dePnedas the set of actionsthat
canbe taken by the agentwithout affecting the performance
of ! ; (seeSectbn II-B). For example,if n potentialmotions
of an agentoptimize the metric encodedby controller ! ;
equally well, these n motionsrepresenthe nullspaceof ! ;.

Choosingary of thesen motionswill resultin an equally
optimal overall behaior.

To optimize a secondmetric representedby controller! ,,
which we call the subodinate controller onechoosesamong
thosen choicesa motion that performs best with respect
to the secondmetric. We say that ! , is optimizedin the
nullspaceof ! 1. This permitsanimplicit orderingof metrics
and correspondingcontrollers,in which the action taken by
a subordinatecontroller never affects the performance of
a supeior one. The notion of nullspacetogetherwith an
orderingprovidesa principledframewvork for the composition
of the controllersintroducel in SectionllI-D.

Motivated by the applicationof this framevork to DTNs,
we debnethe performanceof controllerswith respectto a
threshold.This means,for example,that ary motion of an
agentachieving a specibPedninimum bandwidthrequirement
is said to perform equally well with respectto this metric.
Sucha debnition of performancepermis nullspacesof suf-
bcientsize to optimize multiple objectves.

An orderingof controllerscapturegherelative importance
of the associatedhetwork metrics. The specibcatiorof such
anorderingprovidesthe network adminigratorwith a simple
way of specifyingcriteriafor performanceoptimization.The
orderingwe usehereis given by:

lp<alp<aly<ly, 1)
where!; <! indicatesthat!; is moreimportantthan!;.
We say that ! ; is optimized subjectto !;, meaningthat
I'j is optimized in the nullspaceof !, i.e., it is assured

that!; only generate motionsthat do not allow the metric
associatedvith !'; to fall underneathits requiredthreshodl.
(The notation! ; <! is taken from [7]).

The orderingof controllersgiven above was chosenbased
on the obsevation that the nullspaceof equal total band-
widths is signibcantlylarger than the nullspacefor unique
bandwidth,and so forth down the ordering. This meansthat
the orderingoffers more Rexibility for controllerswith lower
priority.

It is importantto note that the above ordering is not
the only appropriateone. Future work may be warranted
to explore the effects of different orderingseithe specibed
by administratorsor learned automatically Likewise, the
choice of thresholdsin the debnitionof nullspaceis up to
the end user A network administratorcan manipulatethe
performanceof their network to suit its demands.

2) SubsumptionAn alternatve to the nullspaceapproach
to multi-objective controlis subsumptiorj3]. The difference
is in how the controllersdominateone another;we still use
the four controllersdescribedn Sectionlll-D, prioritized as
describedabore. However, whereasin the nullspaceapproach
subordinatecontrollers optimized the motion of an agent
in the nullspaceof superiorcontrollers,in the subsumption
approachthe controllerwith the highestpriority exclusively
determinesthe motion of the agentuntil its performance
thresholdis achiezed. Only when all superior controllers



achieve their performancemetric, do subordinatecontrollers
geta chanceto optimize their performanceln the subsump-
tion approachthe output of dominantcontrollerscompletely
subsumeshe output of the subordinatecortrollers.

Giventhe orderingshawvn in equationl, this would mean
thatthe total bandwidthcontroller! + determinegshe motion
of the robotic agent until the desired threshold for total
bandwidthis reachedOncethis is the case,! 1 relinquishes
control to the next controller with lower priority, in this
case! y. Now !y determinesthe motion of the agent.If
the minimum thresholdfor the uniquebandwidthis satisped
in the network, ! y passesontrolto ! p . If however, during
the executionof ! |, the total bandwidthcriterionis violated,
the controller! + subsumed y and takes control avay. In
otherwords, if the objective of a contoller ! ; is satisbed,
the controller pasgs control from right to left to controller
phij, in accordancewith the directionof <t in ! <!;. If
the objective of controller! ; is not satisbedit takescontrol
from all controllers! ; fori < j.

3) Comparisonof NullspaceCompodion and Subsump-

tion: In this sectionwe provide someinsightaboutthe differ-
encesbetween nullspacecompogion-basedmulti-objective
control and the subsumption-basedpproach.The main dif-
ference is in the method of combining multiple single-
objective controllersto achieze multi-objectve behaior. We
will discusshow this differencecan affect performancein
the context of agent-augmentedisruption-toleranhetworks.
For both approachesve assumehatall performancemetrics
have beenorderedaccordingto their importancefor the spe-
cibc network conbgurabn and overall desred performance
objecties.

The main differencebetweennullspacecompositionand
the subsumption-basedpproachis that the former executes
multiple controllers concurrentlywhile the latter only exe-
cutesa single controller at a time. Multi-objective control
usesnullspaceprojectionsto ensuretha a subordinatecon-
troller doesnot affect the behaior of a superiorcontrollet
In practice this meanghatthe highest-priorityobjective will
alwaysbe optimizedto the bestof the agent€abilities. This
is a desirableproperty;the network administratorcan pick
the mostimportant performancemetric and the systemwill
ensureit remainsoptimized.However, this puts subordinate
objectves at a disadwantage.They can be optimized only
in the nullspaceof all objectives superiorto them. This
meanghatall subordinatecontrollersmay be limited in their
ability to optimizetheir own performancemetrics.With each
additionaloptimizedperformancametric,the nullspae could
be reducedsignibcantly It is possiblethat the nullspaceis
empty for subordinatebehaiors, leaving no possibleaction
to furtheroptimizethe associategerformancemetric. Thisis
the casewhenary actionthat couldbetakenby a subordinate
controllerwould interferewith the optimization of a higher
priority objective. The nullspacebasedcontrollerguarantees
performanceor the highest-priorityperformancemetric but
all other metrics are only optimized if the nullspaceis

sufbcientlylarge.

In the subsumptionapproach, the highest-priority con-
troller whoseobijectie is not yet achieved assumesontrol,
possibly interrupting a lower-priority controller Once the
highest-prioritycontroller hasreaded its objective, a subor
dinatecontrollercantake its turn to optimizeits performance
metric. However, in contrastto the nullspace-basedpproach,
the subordinatecontrdler does not take into accountthe
objectve of the superiorcontroller;it is ableto performary
motion it wantsto optimize its objective, evenif thatmotion
interfereswith the optimality of a superiorperformancemet-
ric. If the superiorcontroller®performancegoal is violated
asa resultof this action,the superiorcontrollerimmediately
re-assumesontrol.

Nullspace-basednulti-objective control is suboptimalbe-
causeit restricts subordinatecontrollers to operatein a
reducedspaceof actions.The subsumptin-basedapproach
is suboptimal becausethe optimization of individual per
formancemetrics is not coordinatedcarefully enough.By
making these simplibcations,both methodsavoid solving
the NP-complée optimization problem (see Sectionll-A).
In spite of these simplibcatons, however, both methods
are capableof producingreasonableapproximationsto the
optimizationproblemin practice.

Due to the fact that the nullspace-basedappro&h is
choosingactionsthat optimize multiple performancemetrics
simultaneously we expect its performanceto be superior
to that of the sutsumption-basedpproach.In SectionlV,
we comparesubsumption-basednd nullspacecomposition-
basedcoordinatio of the controllersto validatethis hypoth-
esis.

IV. EXPERIMENTAL EVALUATION

In Figure 1, we classibedrouting algorithms for DTN
accordingto the degreeto which they exploit structurein the
motionof network patticipantsandaccordingto the degreeto
which the participantsadapttheir movementsto the network
demand.We now presentexperimentalevidencethat when
autonomousagentsuse MORA to adapttheir movements,
they arecapableof enhancinghetwork performanceof mary
differentDTN routing protocols.Usingtheanalogypresented
in Figurel, MORA agentsare like taxicabsaddedo a system
of cars.

To evaluateour proposedalgorithm MORA andthe effect
of introduchg autonomousagentsinto a DTN, we ran a
seriesof customnetworking simulations.First, we evaluate
the useof nullspaceversussubsumptiormulti-objective con-
trollers,andwe bPndthatnullspacecontrollersare moderately
superior With additionalevaluations,we Pndthat signibcant
performancegainsarepossibleusingMORA, in termsof the
messagealdivery rate andlateng. We apply MORA to four
routing protocols:randan routing, the ME/DLE protocol[5],
[4], the MaxProp protocol [4], and FIFO routing. We vary
mary scenarioparameters,ncluding the offered network
load, node buffer size, the numberof peersin the network,



and the size of each paclet. Additionally, we showv the
accurag of the controllersused by MORA agents.

A. Methodolagy

The successof DTN forwarding algorithms is tied to
the movement pattern of peers. Traditionally researchers
have usedthe randomwaypoint model (RWM) in lieu of
empirical models,though this is often criticized (see[21]).
Sucha movementmodd cannotbe usedfor our evaluation
of DTNs: if peersmove randomly thenno peeris ary better
at delivering a messagehan ary other A successfutouting
algorithm exploits structurel, distinguishablemovements.

Our evaluationsare basedon tracesof the movementsof
the UMass DieselNetDTN [4], which is a testbedof 30
busesin Amherst, MA that we have constructed.To take
tracesof movement,we installed GPS devices on eachbus.
The GPSdevices hadto be placedon the busesat an angle
that preventedcontinuousreceptionof GPSsignals(i.e., they
lacked a conplete view of the sky). Therefore,while the
experiment was always able to record data transfers,the
locationof eachbuswasavailableonly during certainperiods
of time. However, we constructeda simple trace generator
using GPS data to reconstructthe typical movementand
timing informaion of 9 busroutesthatroamanarea8.24km
by 14.70 km (about 121 km?). Eachroute is modeled on
representatie trace days that had accurateGPS data. An
adwantageof the trace generatoris that we are able to vary
the numberof busesin the simulatior?.

The default valuesfor eachsimulaton are an unlimited
buffer, an offered mean load of 36 pkts/hour 10-Kbyte
paclets,and9 buses,eachon distinct routes.Peersgenerate
messagewith inter-arrival timesfrom a uniform distribution.
We allowed peersto have unlimited buffers becausen our
real testbedeachbus carriesa 40GB drive; this is morethan
sufbcientgiven the actualtransferbandwidthswe obsened
betweenpeers.In our experimentswhere we did limit the
buffer, the buffers at peersare statedin terms of the number
of messageghey could store, which we varied from 50
to 450. In all experiments, each peer had an unlimited
buffer for storing messagesor which it was the source.To
determinethe amountof datatransferedat eachopportunity
we multiplied the length of time peersarein radio rangeby
the meantransferrate reportedin the trace datg which is
120 KB/s. Eachsimulationis run for 10 simulatedhours.

In eachexperiment,our default scenaio is a comparison
of 9 busesrunning a specibcprotocol (MaxProp, ME/DLE,
random, or FIFO) to 9 busesand 3 autonomousagents
running MORA. Obviously, addingrobaic agentsincreases
the amount of buffer resourcesin the system. Therefore,
in the interestof a fair comparison,in the simulationsof
MORA, 3 randomly chosenbuses have no buffer space
allocatedfor paclets generatedby others.In other words,
the MORA protocol simulationsdo not introduceadditional

2Futuretracesof DieselNetwill solve this GPSdatacollection problem.
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Fig. 3. Simulationexperimentscomparingthe effect of subsumption

vs thresholdnullspacecontrol on packet delivery rate asa function of
offeredload for ME/DLE. A statisticaltestshaws the differenceof the
meansare not signibcantfor a 95% conbdencentenal.
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Fig. 4. Simulationexperimentscomparingthe effect of subsumptiorvs
thresholdnullspacecontrol on delivery latency asa function of offered
load for ME/DLE. A paired t-test shavs the meansare statistically
differentfor a 95% conbdenceénterval for all casesexceptl agent.

storagein the network. Note alsothat MORA agentsnever
generatepaclets.

Each point on the graph represets the average value
of 10 simulationswith 10 different random seeds(totaling
thousandf paclets). Error barson graphsthat report the
fraction of deliveredpaclets representhe semi-interquartile
range (i.e., 25% and 75% of data). The SIQR numbers
were too large to be useful for lateny measurementsNthis
is becausethe mean lateng/ betweeneach of the source-
destination pairs is very different, and so measuringthe
varianceof the lateny is not illuminating or appropria¢. To
addresghis problem,for all lateny graphswe computedhe
paired t-test of robotic versusnon-roboticversionsof each
protocol. Each simulation containsthe samedelay between
new paclets and the same movement patternsby buses.
Therefore,to perform the test, we pair correspondingnean
delivery times of eachsource-destiation combination.The
meanlatenciesreportedin the graphsare the meansof all
source-destinatiomeans.Unlessspecibcallydenotedin the
caption of each bgure or in the text, the results always
represent signibcantdifferencebetweenpairedrobotic and
non-roboticprotocolsfor a 95% conbdenceénterval.
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1) Protocols: Our designof MORA is independentf and
oblivious to an underlying routing protocol used by non-
robotic peersin the system. Therefore,we evaluate MORA
over four different routing protocols, which we describe
below.

The limited resourcein our simulationsis the bandwidth
availablebetweerpeersduringtranser opportunitiesAt each
opportunity peersdo not know the amountof datathat can
be transfered.These four protocols differ in how a peer
A decideswhich paclets to sendNandwhat order to send
themNto a peerB during a transferopportunity

« Random delivers paclets destinedfor B brstandthen

selects and schedulespaclets randomly from those
storedat A.

MaxProp [4] usesseveral mechanismgo provide rout-
ing. Packetsarebrstassigned scorebasedon their des-
tinationandB ; the scoreis basedon the likelihoodthat
B meetsthe destinationdirectly or througha seies of

intermediariesPadetswith lowestscoresarescheduled
brst; however, new padkets are given a higher priority.
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is statisticallythe sameastwice when paclets per hour per busis 2.)

Additionally, reports of sucessful paclet delivery is
epidemically Booded acrossthe network to clea out
buffers of intermediariesFinally, pacletsmaintaina list
of previoushopsto avoid transmittingto anintermediary
thathasalreadyrecevedthe paclet. Detailsof MaxProp
are presentedn our previous work; to our knowledge
no proposedprotocol performsbetter

ME/DLE is describedin our previous work [4] asthe
Most Encountered Drop Least Encounteredorotocol.
ME/DLE is an extension of our previous work, the
MV routing protocd (which appearsn the preliminary
version of this paper[5]). MV was designedfor en-
vironmentswhere buffer spaceis the limited resource
and trarsfer opportunity bandwidth is unlimited. For
deviceswith very small buffers comparedo their radio
resourcesthis makes sense.However, for the bus net-
work we have constructedMV is notappropriateWhile
MV only mechanismis to drop paclets with desti-
nationsthat were least encountered ME/DLE addsa
mechanismnthat prioritizes during transferopportunities
the pacletswith destinationghat are mostencountered.
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In particulay ME/DLE usesthe scoring mechanism
from MaxProp(i.e., it is exactly MaxPropwithout the
additionalmechanisms).

« FIFO is asimplestratgly wherethe pacletsareordered
for transmissionbasedupon the FIFO order at which
they were receved at the bus node. Paclets are also
deletedin FIFO order when necessaryWhen buffers
are large, paclets leave the queueonly whenthey are
successfullydeliveredto ther destination.Becauseno
acknavledgmentsare reported, nodes can learn only
directly from peerswhich paclets have already been
deliveredby others.

B. ComparingSubsumptiorand Nullspace

To deerminethe appropriatemulti-objectve controllerto
use for autonomousagentsin a DTN, we comparedthe
performanceof the two algorithmsproposedn Sectionlll-E
by simulation.

Figures3 and4 comparethe performanceof subsumption
to threshold-nullspacéor varying numbersof robotswith a
pPxed network load of 18 paclets per bus per hour usingthe
ME/DLE protocol. These experimentsshav that threshold
nullspacecontrol is better at merging the various control
objectves of the primitive controllers. While the average
delivery fraction for thresholdnullspaceis better(Figure 3),
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Fig. 10. Packet lateny asnetwork load increases.

the conbdencénterval of the differences(not shovn in the
graphs)indicatesthat the meansare in fact not statistically
different. However, as Figure 4 shaws, the meanlateng of
thresholdnullspaceis lower and statisticallysignipcant.

Since it achieves lower lateng, for all subsequentex-
perimentswve choosenullspa@-basednulti-objective control
for the autonomousagents.Below, we describehow the
introductionof agentsaffects networks performance.

To evaluatethe quality of agents@hosenmovementdes-
tinations,we comparedMORA agninst agentsthat move to
randomly selecteddestinationsNote that the agentsdo not
practice brownian motion or the random waypoint model.
The peerthey choseto move to is randomly selected(c.f.,
the descrption of controllerin Sectionlll- D). This requires
someresourcesout is still trivial to implementandis more
fair thanrandomwaypointmotion. Figure5 shawvs the paclet
delivery ratesfor thesetwo strategies when using MaxProp
and randomrouting and threeagents.The delivery ratesare
unchangedbut this is expected as the randanly moving
agentsaareboundto meetsomebusandthatis alwayshelpful.
Sincebusesnever leave the simulation,as long asthe agents
aremeetingbuses pacletswill getdelivered.Figure6 shavs
the improvementsdue to MORA over randomly moving
agentsare in terms of delivery latenyy. MORA decreases
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paclet delivery lateny by abouthalf andit is lessvarying
with increasingload. We can concludethat our algorithmis
making decisionsthat benel performance.

We also examined how agentmovemeant speedaffected
MORA performance. Speedshalf as fast and twice as fast
did not affect delivery rate, as shavn in Figure 7. However,
as might be expected,in our experiments,delivery lateny
is affected by agentspeed,but only slightly, as shavn in
Figure 8.

C. DTN Performancewith Agents

In our next setof experimentswe evaluateMORA under
varied network load, buffer spaceandthe numbernodesin
the system.For each,we shav the resultingpaclet delivery
rate and paclet delivery lateng. In general,we see that
MORA always improves the fraction of paclets delivered
and consistentlydecreasesveragedelivery lateng.

Note that in Figures9 through 16, delivery rate graphs
appeatin theleft columnanddelivery lateny graphsappear
in the right column; MaxPropand Randomarealwaysin the
top row, and ME/DLE and FIFO are always in the bottom
row; The original protocolsuse unblled symbols(e.g.,00),
androbot-enhancegrotocolsuse blled symbols(e.g., XO).

Varying Network Load. Figure9 compae the delivery
ratesof the four protocolswith and without MORA asthe
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Fig. 12. Paclet lateny aslocal buffer sizes increase.

offered load increasesn the network. Figure 10 shows the
correspondingdelivery lateng. In all four protocols, the
use of MORA robots signibcantlyincreasesmeandelivery
rate. For the highestloads, we seethat MORA provides
an increasefrom 67% to 87% for MaxProp, from 55% to
69% for Random from 52%to 68% for ME/DLE, and from
53%to 70% for FIFO. In all cags,we alsoseethat MORA
decreasesveragelateny in all cases,and this difference
increaseslightly asload increases.

Note that MORA addsstability to MaxProp, maintaining
a delivery rate of about90% consisently as load increases
(Figure 9-top). Interesingly, ME/DLE and FIFO performno
betterthan random(and therefae are very poor designsfor
DTNSs), but all four protocol protocolsbenebtfrom the use
of MORA robots.

Varying Storage. Figureslland12 shav thedeliveryrate
andlateng, respectiely, for experimentswherewe varied a
limited amountof buffer spacecarriedby eachbusandagent.
In thesesimulations,the load was bxed at 36 pkts/hourper
bus. (A comparisorof Figures11 and9 shavs that MaxProp
nodesrequirebuffers of only about450 paclets.)

In all casesMORA-versionsof all protocolshave delivery
ratesthat are no worsethanwithout MORA, andwe seethe
strongestmprovementwith MaxProp. For all sized buffers,
MORA improves paclet delivery lateng.
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The bestperformingprotocolis MORA-MaxProp,achie/-
ing delivery of 88% of paclets with a buffer for only 300
paclets and also achieving the lowest lateng.. And while
MORA doesnot improve the delivery rate of ME/DLE and
FIFO, it doesimprove delivery lateng for those protocols.
We can infer that MORA in general requires sufbcient
buffer in orderto mostimprove performancehowever, when
MORA is coupkd with betterperformingrouting protocols,
its improvementsare pronourted even when storagebuffers
are limited.

Varying Nodes. Figures13 and 14 compareincreasing
numbersf nodes on eachbusroute.Recallthatwe simulated
nine separateroutes each with 1 bus; in the bgures,we
increasehe numberof busesperroute,with thetotal number
in the systemshowvn on the x-axis. The number of agentsis
bxed at 3 for all casesAs the network increasesn density
and the robot agentscomprise a snaller fraction of the
population,we seediminishedimprovementbetweenMORA
and the original protacols. We can conclude that MORA
agentsmustbe a reasonablgortion of the node population
if signibcantimprovementsare desired.lt is difpcult for us
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increases(Both MaxProp and Randomare not statistically different
from MORA versionsat x = {9, 18, 54}.)

to stateconclusvely from theseexperimentsvhatpercentage
is appropriatefor an arbitrary network.

As the networks increasein size, the load also corre-
spondingly increases.For network greaterthan 45 buses,
the load is too high for network capacity and the lateny
spikes for Random, ME/DLE, and FIFO. MaxProp and
MaxProp+MORAdo not suffer this congestiorcollapsesince
the protocol clearsout delivered paclets and priorities data
for closerdestinationsloweringlateng for deliveredpaclets.

Varying Packet Size. Figures15 and 16 compareper
formanceasthe size of the pacletsincreaseThis effectively
decreasethe bandwidthavailableduring eachtransfe oppor
tunity. MORA-MaxPropagain performsbestin termsof the
percentag®f deliveredpacletsaswell aslateng, thoughall
seeimprovement. This experimentshavs that MORA® im-
provementsare presentfor a variety of application-required
paclet sizesin the DTN, theimprovementdropsasresources
becomescarcer

Evaluation Against a Synthetic Mobility Model. In our
Pnalsetof comparisonswe shaw theresultsof usingMORA
in a purely syntheticmobility modelthat we brstintroduced
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Fig. 21. Accuragy of the distributed statusinformation over time.

in our previous work [5]. In the model, peersmave period-  We evaluate the performanceof MaxProp and Random,
ically betweenthreerandomly chos@ geographidocations: with andwithout MORA, asloadincreasesandasthe number
a homelocation and two remotelocations.Pea@s move only  of nodes simulatedgrows (with the numberof agentsheld
amongthe threepoints,with the homelocationbeingchosen at 3). In Figure 17 we seethat MORA doubksthe delivery
50% of the time, and the remde pointsvisited 25% each.  rate,andwe seein Figure 18 thereis little improvementin
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lateng. Similarly, MORA losesit3 adwantageasthe number
of nodesin the network increasesas shavn in Figures 19,
and it hasonly a small improvementin latengy as shovn
in Figure 20. In this syntheticmobility model, the network
is closerto the movementsof the randomwaypoint model,
and therefore,there is little structurefor MORA to take
advantageof. Although nodes move to distinct locations,
the locationsthemseles are even distributed throughoutthe
geograpk. Most of the advantageof MORA arelikely from
the increasednumber of connectionopportunitiesit offers
ratherthan intelligent delivery. Therefore,we concludethat
MORA hasthe mostto offer in scenariosvhere movement
is structuredand not random.

D. Evaluationof Distributed Network Statistics

The control stratgjies are dependenupon a quality esti-
mate of the stateof the network. In a DTN, the quality of
the estimateis affected greatly by the disruptive nature of
the network since peersbndit hardto exchangeinformation.
To better understandthis, we monitor the percenage error
of eachof the network statisticsover time. Additionally we
measurgheaccurag of anagent€estimationof whereapeer
is geographicallyandthe agent©actuallylocation; longitude
and latitude are displayedseparately The graphsof these
resultsare shovn in Figure 21

The resultsshovn arefor 3 busesper route (27 total) and
24 simulatedhoursof continuousoperation.The accurag of
eachagentis recordedevery 50 secondsTheerrorreporteds
measuredelative to the groundtruth in the simulation. The
plots representhe averagesof 10 independensimulations
with differentrandomseedsWe shaw resultsfor simulations
with one,threeandsix agentdn the system We usethe same
default parametersiescribé earliet

Theseresultsshowv tha the agentsare ableto consistently
estimatethe uniquebandwidthin the system,andthey have
arelatively accurae view of the total bandwidth.We believe
this is beausebandwidthand unique bandwidthis discrete
and changesmore slowly, so the approximaion is more
consistent.The agentsare constantlymoving and location
is continuous thereforethereis much greatererror. In other
words, bandwidthonly ever changeswhen peersmeet,and
when peers meet they have an immediate opportunity to
updatethe distributed statistics On the otherhand locationis
constantlychangingand that information doesntOpropagte
out. From the perspectie of the distributed statistics,peers
jump from one location to the next. Even so, eachagent®
estimationof the locationof a peerthatit is moving towards
stabilizesas the simuation progress,but always displaysa
small amountof error comparedto the size of the simulated
movementof 8.24km by 14.70km. Thesenumberscould be
improved if MORA nodesuseddeadreckoning to estimate
where nodeswill be in the future, rather than moving to
their last known location. The most problematic estimators
are messagdateny and last visit error However, as these
have the leastpriority in our nullspacecontroller we do not
believe the effect is pronounced.The estimatesincreasein
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accurag with the numberof agentsin the systemsincethey
areableto passinformationto eachother We expectthat if

nodesin the systemwere modibedto passsuchinformation
to agentsthe accuagy would be even greateNho wever, we
did not evaluatethis scenariosas our goal for MORA is to

shaw its improvementwithout modifying othernodesin the
network. Thisis enforcedby the notionthat MORA performs
quite well in the MaxPropand Randomcases.

V. CONCLUSIONS

Disruption-tolerantnetworks require routing algorithms
that are different from thosedesignedfor ad hoc networks.
Thecapacityof aDTN is providedsolely by the motion of its
participants.For a routing algorithmto ensureperformance
under such conditions, it hasto explicitly accountfor this
motionin its strateyy of forwarding messagedn this paper
we introducea classileation of routing algorithmsfor DTNs
basedon this obsenation. We differentiaterouting protocols
basedon the degree to which they exploit structurein the
movementpatternsof network participantso improve perfor
mancemetrics.Along a differentdimensionwe differentiate
them basedon the degreeto which participantsadapttheir
motionsto network demand

The exploitation of structurein the network participantsO
movement patterns improves performancein DTNs. We
introduce the routing protocol MORA, which maintainsa
movementmodel of the network participantsand usesthis
informationto performrouting of mesageson the network.
It estimatesthe probability of a particular messagebeing
delivered by a given peer and thus is capableof making
informed routing dedsions. We presentexperimental evi-
dencethatroutingmessages DTNs usingMORA resultsin
signibcantperformancamprovementsover othertechniques
in achiezing higher delivery ratesandlower delivery lateng.
Theseimprovementscontinueeven astrafbc on the network
increasesdy an order of magnitude.

The adaptabn of network participants@otionto network
demand permits addtional performanceimprovementsfor
DTNs. For this purpose,we proposethe introduction of
autonomousagentsinto the DTN. By adaptingtheir motion,
theseagentsareableto compensatéor a mismatchbetween
available capaity and demand.We proposemulti-objective
control algorithms from robotics to control the motion of
autonomousgentsn orderto optimizenetwork performance
metrics. Thesealgorithmspermit for a simple prioritization
amongnetwork metrics by network administrators Experi-
mentalresultsdemonstratehat multi-objective control meth-
ods are successfulat improving network performanceby
adaptingthe movementsof autonanous agentsintroduced
into a DTN.

We have shavn that employing a routing stratgyy based
on multi-objectie cortrol for autonomousagentsin a DTN
has the most signibcantperformanceimprovements. This
indicatesthat it is desirablefor routing protocolsin DTN
to exploit the strudure presentin movement patterns of
network participantsto route messagesswell asto change



the movement patternsof participantsin accordancewith
network demands.
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