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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.

I . INTRODUCTION

Many routing protocolsexist to supportend-to-endmes-
sagingin mobile ad hoc wirelessnetworks. Suchprotocols
assumeanend-to-endconnectionthroughacontemporaneous
setof links throughintermediarypeers[19], [27]. As a result,
if a path betweentwo peersin a network does not exist,
communicationis not possible, andtheroutecreation process
fails.

A growing body of work is exploring techniquesfor
routing network trafÞc over asynchronous paths to adapt
to situationswhere routescannotbe createdfrom contem-
poraneouslinks. Such networks have varied names:highly
partitionednetworks [10], [17], messageferrying [41], [42],
delay-tolerant networks [12], and disruption-tolerant net-
works (DTNs) [11]. To enableend-to-endrouting in a DTN
(the term we choosefor this paper), network participants
are relied upon to carry and deliver messagesof others.
Whenever two participantspass,they negotiatethe exchange
of messages.A messagemay be passedbetweena number
of network participantsbefore reachingits destination.

Therearemany scenariosin which DTNs arethe mostvi-
ablerouting solution for several reasons.First, it is challeng-
ing to deploy an unpartitionednetwork using mobile nodes
that roam a large geographicarea.This can be the result
of relatively short radio ranges;obstructionscanalso curtail
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Fig. 1. ClassiÞcationof routingmethodsfor DTNs basedon characteristics
of participantsÕmovementpatterns.

the reachof devices, including buildings, trees, mountains,
or water for amphibious devices (as can happenin wildlife
monitoring [32]). Our own DTN, DieselNet [4] which is
deployed using 802.11 on 30 buses,spansan areaof 150
sq.miles,beyondtherangeof WiMax andour areaÕs cellular
phonecoverage.In underwater acousticnetworks [1], [26],
DTNs are more critical as no Þxed infrastructureexists and
lessthantenexpensive autonomousunderwatervehiclesmay
roam an areahundredsof km in diameter carrying acous-
tics transducersthat reach only 2Ð5 km. Second,battery-
powereddevicesmayadhereto energy managementschemes
that power down radios[31], [2], effectively decreasingthe
populationof the network. Finally, DTNs can arisenaturally
from dense,infrastructure-baseddeployments.For example,
a municipal mesh that is deployed to support radios on
vehicles can provide robust, unpartitionedcoverage.How-
ever, vehicles may leave the geographiccoverage of the
mesh;a DTN can extend networking to an areabeyond the
municipalityÕs meshby takingadvantageof opportunitiesfor
transferbetweenvehicularnodesthat ariseintermittently.

The performanceof disruption-tolerantnetworks depends
on many factors, including the numberof network partici-
pants,their storagecapacity, communicationcapabilities,and
movementpatterns.In this paper, we focuson a performance
factor unique to DTNs, namely the movement patternsof
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participants.We examinehow movementscan be exploited
or controlledto improve performancein DTNs. We classify
movementsof network participantsaccordingto two indepen-
dentproperties:their inherentstructureandtheir adaptiveness
to the demandin the network (seeFigure1). In this context,
structurerefersto periodicpatternsin peersÕmovementsthat
canbe exploited to estimatethe probability of delivery for a
speciÞcmessageandpeer.

For purposes of illustration, we relate this classiÞcation
of participantÕs motion and associatedrouting protocols to
everyday experience. The lower-left of the classiÞcation
shown in Figure1 correspondsto hitchhikersbeingpickedup
by randomlymoving cars.In this scenario,carsmovewithout
periodicity and do not adaptto the route of the hitchhiker.
The lower-right of the Þgurecorrespondsto public transport
with Þxed schedules.Independentlyoperating taxicabsthat
pick up passengersin the streetare representedin the top-
left of the diagram. Finally, FedEx trucks are situated in
the top-right corner. (Here, packagesare transported,rather
than peoplebut the analogyholds.) FedExtrucks travel on
structureddaily routes,but only stop for scheduledpickups
and deliveries, i.e., their coordinatedroutes are adjustedin
responseto demand.

From this descriptionit is clear that performancemetrics,
suchas bandwidthand latency, can be expectedto improve
for scenariosthat can be classiÞedtowardsthe top-right of
the diagram.To achieve theseperformanceimprovements,
an increasedamount of coordination among the network
participantsis required.Suchcoordinationcanexploit struc-
ture presentin participantÕs motion patters to improve the
efÞciency of routing.A coordinationof network participants
that adaptsthe motion to the networkÕs demandsenablesa
betterusageof the participantsÕcapacityand thus can lead
to increasedbandwidthandreducedlatency. Thecontribution
of this paperlies in algorithms that take advantageof these
insights to improve the performanceof disruption-tolerant
networks.

Contributions. To addressthe incongruencebetweenthe
movementof network participantsand trafÞc ßow that may
arise when movementpatternof participantsdo not match
bandwidth requirements,we propose the introduction of
autonomousagentsas participantsinto the network. These
agentscanbe ground-based [36] (seeFigure2), airborne[8],
or underwatermobile robots[13], [14], [38], [34].

We proposemethodsfor adapting the motion of such
agentsto bandwidthand latency requirementsof a network.
We call our approachMulti-Objective Robotic Assistance
(MORA), which allows a set of autonomousagentsin the
DTN to enhancenetwork performanceby delivering pack-
ets. While the problem of choosing optimal motions for
autonomousagentsin this context is shown in this paperto
beNP-hard,we proposetechniquesfrom robotic control that
areableto obtainhigh-qualityapproximationsto theoptimal
solution.We foundexperimentallythat theadditionof agents
can have signiÞcantimprovementsto network performance;

Fig. 2. TheUMassSegway RMP, thesubjectof our previouswork [36], is
a roboticautonomousagentthatcanactasa network participantto improve
performancein disruption-tolerantnetworks.Otherplatformsincluderobotic
airbornevehicles[8] andunderwatermobile robots[13], [14], [38], [34].

for example,in thecasewhereit is pairedwith MaxProp[4],
MORA increasesaveragedelivery ratesfrom 67% to 88%
while simultaneouslyreducingaveragedelivery latency from
120 minutes to 76 minutes.MORA is independentof the
underlying DTN routing protocol used by nodes,and our
evaluationsshow thatit improvestheperformanceof random,
FIFO, ME/DLE [5], [4], andMaxProp[4] protocols.

I I . RELATED WORK

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

A. Networking

DTN routing has been studied by a growing number
of researchers.As we stated in the introduction, we can
taxonomizeprevious work basedon their assumptionsabout
the inherentstructureof the network andthe adaptivenessof
peersto the demandin the network.

Along with the preliminaryversionsof this work [5], [6],
our work is distinguishedby its explorationof theadaptation
of peer movementsto meet communication needsof the
network. We proposethe use of robotic peersto improve-
ment performance.Previous to our efforts, Li and Rus [23]
proposedalgorithms that minimally alter node movements
for delivery of a single packet in a partially disconnected
network. They assumepeershave a communicationchannel
that periodically broadcaststhe locationsof all other peers
with boundederror though the channeldoesnot allow the
transferof data.The authorspoint out that it is difÞcult to
extend the algorithm to efÞciently support multiple packets
at once.Our work doesnot have suchlimitations.

We distinguishother work by the degree to which peer
movementsare Þxed and well-known. At one end of the
spectrum,Zhao, et al. [41], [42] proposedDTNs basedon
ferries, which are peers that have completely predictable
movementsthroughthe geographicarea(e.g., a city bus or
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river ferry). Peersroute messageend-to-end by scheduling
their movementsto meetwith the ferry. In later work, Zhao,
etal. [43] proposeamethodfor designingmultipleÞxedferry
routes.In comparison,ourmethoddynamicallyadjustsroutes
basedon perceived load, learnedby agentsfrom within the
DTN itself. Also relatedto theparadigm of addingresources
to a DTN is our work on throwboxes, which are solar-
powered,standalonecomputerswith radios andstorage[44],
[2]. From onepoint of view, they play the role of stationary
ferries.

At the other end of the spectrumis a seriesof papers
that attemptto learn patternsin the movements of peers.In
2001,we proposeda routing algorithmfor highly partitioned
networks by exploring a numberof different strategies for
deciding which messagesto exchangewhen two network
participants meet [10]. Our algorithm, called Drop-Least
Encountered, had peers keep track of the other peersthey
meet regularly over time. Peersinitialize their estimateof
the likelihood of messagedelivery to a moving peer as 0.
When a peer A meetsanotherpeer B , the former setsthe
likelihoodof delivering messagesto B as1. ThenA takesa
portion of B Õs likelihoodof delivering messages to the other
peersin the system.Thesevaluesdegradeover time, such
that they are reinforcedonly if A and B meetperiodically.
Versionsof this samealgorithm,somemoreadvanced,were
subsequentlyproposedby others[24], [28], [16], with each
papershowing a differentanalysis of the problem.

In our previous work, we have also proposedusing ac-
knowledgmentsof delivereddatato remove staledatafrom
network buffers [4]. Schemesalso exist that use network
coding[39], or restrictthenumberof copiesof a packet [33],
[30], [37], [25].

Also relevant to this paperis work by Jainet al. [18], who
showedthatnetworksthathave a largenumberof connection
opportunitiesrequire less intelligent forwarding algorithms.
As resourcesbecomescarce,increasingavailability of infor-
mationaboutthenetwork increasestheperformanceof DTN
routing.

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

B. Multi-ObjectiveControl

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

objectivesdeterminedby thedestinationsof network packets,
the need to encounterother agents for messagepassing,
and by desired performancemetrics for the network. In
SectionIII-A, we show that the computationof an optimal
motion for agentsin a disruption-tolerantnetwork is an NP-
hard problem. To overcomethis computationalcomplexity
in a practicalsetting,we propose to determinenear-optimal
motionsof agentsusingmulti-objectivecontrol methodsfrom
robotics[7], [20].

In robotics, multi-objective control is used to generate
complex behavior by composingseveral simple behaviors.
Thesesimple behaviors are representedand generated by
controllers [15]. To applymulti-objective control to generate
the motion of robotic agentsin disruption-tolerantnetworks,
wehave to deÞnecontrollersthatgeneratemotionto optimize
network performancemetrics.We thenhave to composethese
simple controllers to achieve agentmotion that ensuresthe
satisfactionof multiple performancemetrics.

A controller representsbehavior using a control function.
The domain of this function is a subsetof all allowable
statesof the system. This subsetincludesthe desired goal
state, which representsthe uniqueminimum of the control
function. If the system is within the domainof the control
function, the controller can follow gradientof this function
to reachthe goal state,sinceit represents its only minimum.
The control function thus implicitly deÞnes goal-directed
behavior for a subset of the allowable state space.The
control function canalsobe viewed asan error function.By
descendingthegradientof thecontrol function,thecontroller
continuouslyreducesthe 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-directedbehavior. Control
theory [15] offers a rich theoretical foundation for this
methodof behavior generation.

The appeal of controllers lies in their simplicity. For a
simple behavior it is generally not difÞcult to specify and
implementanappropriatecontrol function.To generatemore
complex behavior, it would be possible to design more
complex control functions.However, this approachquickly
leadsto instabilities in the overall systembehavior. Instead,
researchersin roboticshavedevelopedmethodsof composing
simple controllersto generatemore complex behavior. The
two most commonlyusedmethodsrely on the subsumption
architecture [3] and on nullspaces[20], a fundamentalcon-
cept in linear algebra[22].

1) Subsumption:Thesubsumptionarchitecture[3] canbe
appliedin a broadercontext, but we restrictour discussionto
controllers.The subsumption architectureproposesa layered
approachto generatingcomplex behavior. For thepurposeof
our discussion,each of theselayerscontainsoneor multiple
controllers.Eachcontroller in the subsumptionarchitecture
hasaccessto stateinformationandcanissuecommandsthat
affect that state.This commandis speciÞedby the control
function basedon the currentstate information.Higher-level
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controllerscanaccessthestateof lower-level controllersand
can overwrite their commands.The processof overwriting
a lower-level commandis referredto as subsumption. The
subsumptionarchitectureallows the designand implementa-
tion of complex behavior in an incrementalfashion,starting
with the lowest level and the most basic behavior. It is
noteworthy, however, that at any point in time a single
controller, namelythehighest-level controller, will determine
a particularcommandto affect the systemÕs state.

2) Nullspaces: The compositionof controllersbasedon
nullspaceprojections[7], [20], [35], [36] permits the concur-
rent execution of multiple controllersÑand thus the attain-
mentof multiple, non-conßicting objectives.To achieve this,
controllersare orderedhierarchically. Within this hierarchy,
nullspaceprojectionsensurethat the effect of a lower-level
controller cannot interfere with the effect of a higher-level
controller. To understandhow this canbeachieved,we begin
by reviewing the notion of nullspace.

Thenullspaceof a linearmappingA consistsof all vectors
x such that Ax = 0. Here, the nullspaceof a controller is
consideredto be the collection of control commands that,
when performedin addition to the controller, do not affect
its performance.An example:Imagineanobjectlocatedasa
point p = (x, y) in theplane.A controller! 1 is changingthe
stateof the object to achieve x = 0. This is accomplished
usinga controlfunctionthathasa uniqueminimumalongthe
x-axis.A secondcontroller! 2 hastheobjective of achieving
y = 0 with a similar control function. If ! 2 only causes
motionof theobjectorthogonalto thex-axis,it will notaffect
thedegreeto which ! 1 hasachievedits objectiveÑit will not
interferewith ! 1. We say that ! 2 operatesin the nullspace
of ! 1. The spaceswithin which the two controllersact are
orthogonalto eachother. Irrespectiveof thecommandsissued
by ! 2, by projecting this commandinto the nullspaceof
! 1, we can guaranteethat all motions causedby ! 2 will
be orthogonalto the x-axis.

Using this notion of nullspaceprojections,multi-objective
control is obtainedby arranging the controllersinto a hierar-
chy and projectingthe behaviors of a lower-level controller
into the nullspaceof a higher-level controller. At eachlevel
of thehierarchy thecontrolleroptimizesits actionswithin the
nullspaceof highercontrollers.Sincethis optimizationtakes
placein the nullspaceof the highercontroller, the choiceof
optimalactionat a lower level is guaranteednot to affect the
optimality of anactionchosenearlierby thehighercontroller.
This is in contrast to the subsumptionapproach,which
achieves coordination throughturning individual controllers
on andoff in a mannerspeciÞed by the systemdesigner.

Nullspacecompositionhasbeenappliedsuccessfully in a
variety of tasks[7], [20], including by Sweeney et al. [35],
who usedit to maintain network connectivity for distributed
agents.In the work, agentsmaintain line of site (necessary
for infrared communication) while pursuingthe exploration
of an unknown environment.

I I I . AUTONOMOUS AGENTS IN DTNS

In this section,we describehow autonomousagentscanbe
deployed in disruption-tolerantnetworks to increasenetwork
performance.This is accomplishedby adaptingthe agentsÕ
motion to the demandin the network (Figure 1). We Þrst
show that determiningoptimal motions for agentsis NP-
hard, providing the justiÞcationfor the approximation ap-
proachpresentedhere.Then,we deÞnemethodsto optimize
particularnetwork metrics.Subsequently, we deÞnea multi-
objective controller that coordinatesthe individual methods.

In our model, the network is composedof peers, which
are mobile nodesthat are the sourcesand destinationsof
packets. Peers carry computationalresourcesincluding a
wirelessradio.Themovementof peersis dictatedby a model
describedbelow. Weintroduceagentsinto thenetwork, which
are systemsthat make online, autonomousdecisionswhich
are intended to enhanceperformancein a system based
on a statedalgorithm and the current available input. Our
agentscarry the sametype of resources as peers.They are
intermediarieson the pathsfrom sourceto destination,but
are never the sourceor destinationof packets. Agents are
nomadicand are able to navigate to selectedlocation. We
presentthe detailsof this modelbelow.

A. Complexity of SchedulingAgent Movement

Theproblemof determiningoptimalmotionsfor agents in
a DTN is NP-hard.We show this by reducingthedial-a-ride
problem [29] to our DTN agentmotion problem. The dial-
a-ride problem consists of dispatchinga vehicle to service
a requestfor an item to be transferedfrom one location to
another. That problem is a generalizationof the traveling
salesmanproblem[9], and it is known to be NP-hard.

The reduction of someinstanceof the dial-a-rideproblem
to agentsservicinga DTN is as follows. First, note that the
graphrepresentingthe physical or geographicalenvironment
of a DTN is the sameas in an instanceof the dial-a-ride
problem. We assumethat at each peer in the graph there
is a participant in the network, that eachparticipant is far
enoughaway from any other participant that no point-to-
point communication is possible,andthat eachparticipantin
the network is static.

Every requestmadeto the dial-a-ridesystemfor transport
from a location A to a locationB is exactly a messagein the
DTN sentfrom apeerstatically locatedat locationA to apeer
statically locatedat locationB . Sinceall of the participants
in thenetwork arestaticandincapableof communicating,the
transportof themessagefrom A to B mustbeaccomplished
by the agent.By optimizing the routing of messagesby the
agentwe also obtain an optimal solution to the dial-a-ride
problem.

Sincethe dial-a-rideproblemis NP-hardandreducible to
the problem of routing agentsto assist DTN routing, the
routing of agentsis NP-hard as well. A problem closely
relatedto theDTN agentmotionproblemhasbeenshown to
be NP-hardby Zhaoet al. [42].
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B. PerformanceMetrics

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

• Bandwidth: This metric capturesthe total number of
messagesin the network at a given point in time. We
want to schedulethe motion of agentsso asto increase
the bandwidthof the network, ensuring that available
spacefor the transportof messagesis used effectively.
To achieve this, agentshave to considertheir travel time
for packagedelivery.

• UniqueBandwidth: This metric refersto the total num-
ber of unique messagesthat 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
used most effectively to respondto the participantsÕ
transmissions.To maximize this metric, agentsshould
prefer to transmitmessagesnot alreadyin transit.

• Message Latency:Latency capturesthe averageamount
of time that it takes for a messageto be delivered.
Messagelatency canbe reducedby biasingthe motion
of agentstowards peerswhich aresendingor receiving
many messages.

• Peer Latency: This metric refers to the averagetime
since a peer was last visited by an agent. To prevent
starvation, it is importantthat all of the participantsin
the network be visited intermittently.

C. DistributedNetworkState Maintenance

The evaluation of performance metrics described in Sec-
tion III-B requiresglobalstate information.In a realnetwork,
this global information is unavailable. Each peer in the
network hasperfectinformationaboutits own state,but must
estimatethenetworkÕs 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 thenetwork. This informationis taggedwith a global time,
synchronizedbetweenall participants.When two agentsin
the network meet,they exchangepackagesaccordingto the
employed routing protocol (in SectionIV we describeand
comparetheperformanceof four differentroutingprotocols).
Agentsalsoupdatetheir stateinformationaboutall network
participants,provided theencounteredagenthasmorerecent
information available. This information includes a list of
carriedpackagesfor eachparticipantand the GPSlocation
and time stamp of the last encounter. This approximate
global stateof thenetwork providestheagentwith sufÞcient
information to determineits motion in accordanceto the
desiredperformancemetrics.

D. MovementControllers for PerformanceMetrics

The motion of autonomousagentsin a disruption-tolerant
network shouldoptimize the four metricsdescribedin Sec-
tion III-B. In SectionIII-A we showedthatthecorresponding
optimization is NP-hard. In this section,we describetwo
methods for generatingthe agentÕs motion derived from
multi-objective control in robotics. For each metric, we
presenta methodof determininga motion that optimizesthe
metric in isolation. We refer to the algorithm that generates
the agentÕs motion asa controller. The bandwidthcontroller
directs the agent to act so as to maximize bandwidth,the
latency controlleractsto minimize latency, andso forth. We
then show in the next sectionhow thesecontrollerscan be
combinedto generateagentmotion thatoptimizesall four of
the performancemetrics.

The details of the individual controllers for eachof the
performancemetricsareas follows:

• Total BandwidthController ! T : Traveling to any peer
A will increasethe bandwidthof the network by the
numberof messagesthat theagentcanobtainfrom peer
A. The peerchosenby this controller is the peer that
hasthe largestnumberof messagesnot yet seenby the
agent,amortizedby travel time. This choice is based
on the information obtained through distributed state
maintenance(seeSectionIII-C).

• Unique Bandwidth Controller ! U : The unique band-
width controllerchoosesthepeerthat it believesto have
the largest numberof messagesnot presentanywhere
elsein the network. This choice is madeirrespective of
the travel time to reachthe peer.

• Delivery LatencyController ! D : The delivery latency
controllerchoosesthepeerwhoseaveragedelivery time
is the largest,accordingto the informationavailable to
the agent.

• PeerLatencyController ! P : To reducethepeerlatency,
this controller should choosethe location ni least re-
cently visited by an agent.Sincelatency relatesto time,
we also would like to considerthe travel time of the
agent.Let ∆tn i be the time elapsedsince location ni

hasbeenvisitedby anagent.Thepeerlatency controller
selectslocation n = argminn i

∆tn i + tn i , where1 tn i

is the agentÕs travel time to location ni . This resolves
ties basedon ∆tn i in favor of locality. It ensuresthat
traveling time to visit the leastrecentlyvisited location
doesnot actually causean increasein the peer latency
statistic.

Becausethese controller consider only a single perfor-
mance metric, they may generateconßicting motions for
the agents.For example, if there are two peersin spatial
proximity that exchangea large number of messages,the
totalbandwidthcontroller! T woulddispatchagentsbackand
forth betweenthe peersto maximize the bandwidthusage.

1Here,argmin representsthe ni that attainsthe minimum value of the
given expressionwhenall locationsareconsidered.
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However, this will prevent other peersfrom being visited,
somethingthat the peer latency controller ! P is trying to
ensure.In thosecases,it will be necessaryto coordinatethe
controllersto result in consistentandeffective motion.

Independentlyof the coordination scheme, these con-
trollers areresponsiblefor selectinga peerasthe new target
for the agent.The agentthenmoves to the geographicloca-
tion of the peer, as indicatedby its global stateinformation.
Onceit arrives at that location, it selectsa new destination,
regardlessof whetherthe peerwas encountered.While it is
moving, the agentsendspackets to all agentsandpeersthat
it comesin contactwith. If, along the way, it makes contact
with the peer it is trying to move to, it also selectsa new
destination.

E. Multi-ObjectiveControl

In traditional wired networks, a network administrator
balancesa variety performancemetrics through the speci-
Þcationof Þxed network parameters.In the previous section,
we introducedcontrollersthat optimizespeciÞcperformance
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-tolerantnetworks thathave been
augmentedwith autonomousmobile agents.

The purpose of multi-objective control is to combine
multiple controllers in sucha way their individual objectives
canbeoptimizedconcurrently. Thesimplestmethodof multi-
objective control combines the output of the individual con-
trollers to determinetheoverall behavior of theroboticagent.
Sucha combinationcanbeachieved,for example,by adding
thespatialmotionvectorsdeterminedby eachcontroller. For
some applicationsin robotics, such as obstacle avoidance,
theresulting motionwill optimizemultiple desiredobjectives
(staying at a distancefrom multiple obstacles).In the con-
text of disruption-tolerantnetworks, however, sucha simple
strategy would be meaningless:if the bandwidthcontroller
identiÞesa particularnetwork nodeasthe next goal location
but the latency controlleridentiÞesa differentone,thesetwo
control decisionscannotbe easilycombinedin a meaningful
way.

Weexploremoresophisticatedmethodsfor multi-objective
control,namelynullspace compositionof controllersandthe
subsumptionarchitecture.Within eitherof theseframeworks,
the networkÕs performancecan be optimized by selecting
the parameter of eachof the individual controllersand by
determinean ordering of controllers. This ordering deter-
minesa hierarchy of importance,effectively prioritizing the
performancemetricsassociatedwith the controllers.

1) NullspaceComposition: Informally, the nullspaceof a
particularcontroller ! 1 is deÞnedas the set of actionsthat
canbe taken by the agentwithout affecting the performance
of ! 1 (seeSection II-B). For example,if n potentialmotions
of an agent optimize the metric encodedby controller ! 1

equally well, these n motionsrepresentthe nullspaceof ! 1.

Choosingany of thesen motions will result in an equally
optimal overall behavior.

To optimizea secondmetric representedby controller ! 2,
which we call thesubordinatecontroller, onechoosesamong
those n choicesa motion that performs best with respect
to the secondmetric. We say that ! 2 is optimized in the
nullspaceof ! 1. This permitsan implicit orderingof metrics
and correspondingcontrollers,in which the action taken by
a subordinatecontroller never affects the performance of
a superior one. The notion of nullspacetogetherwith an
orderingprovidesaprincipledframework for thecomposition
of the controllersintroduced in SectionIII-D.

Motivatedby the applicationof this framework to DTNs,
we deÞnethe performanceof controllerswith respectto a
threshold.This means,for example, that any motion of an
agentachieving a speciÞedminimumbandwidthrequirement
is said to perform equally well with respectto this metric.
Sucha deÞnition of performancepermits nullspacesof suf-
Þcientsize to optimizemultiple objectives.

An orderingof controllerscapturestherelative importance
of the associatednetwork metrics.The speciÞcationof such
anorderingprovidesthenetwork administratorwith a simple
way of specifyingcriteria for performanceoptimization.The
orderingwe usehereis given by:

! P ! ! D ! ! U ! ! T , (1)

where ! i ! ! j indicatesthat ! j is more important than ! i .
We say that ! i is optimized subject to ! j , meaning that
! i is optimized in the nullspaceof ! j , i.e., it is assured
that ! i only generates motionsthat do not allow the metric
associatedwith ! j to fall underneathits requiredthreshold.
(The notation! i ! ! j is taken from [7]).

The orderingof controllersgiven above waschosenbased
on the observation that the nullspaceof equal total band-
widths is signiÞcantlylarger than the nullspacefor unique
bandwidth,andso forth down the ordering.This meansthat
theorderingoffersmore ßexibility for controllerswith lower
priority.

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

2) Subsumption:An alternative to the nullspaceapproach
to multi-objective control is subsumption[3]. The difference
is in how the controllersdominateoneanother;we still use
the four controllersdescribedin SectionIII-D, prioritized as
describedabove.However, whereasin thenullspaceapproach
subordinatecontrollers optimized the motion of an agent
in the nullspaceof superiorcontrollers,in the subsumption
approachthe controller with the highestpriority exclusively
determinesthe motion of the agent until its performance
threshold is achieved. Only when all superior controllers
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achieve their performancemetric, do subordinatecontrollers
get a chanceto optimizetheir performance.In the subsump-
tion approach,theoutput of dominantcontrollerscompletely
subsumesthe outputof the subordinatecontrollers.

Given the orderingshown in equation1, this would mean
that the total bandwidthcontroller! T determinesthemotion
of the robotic agent until the desired threshold for total
bandwidthis reached.Oncethis is the case,! T relinquishes
control to the next controller with lower priority, in this
case! U . Now ! U determinesthe motion of the agent. If
the minimum thresholdfor the uniquebandwidthis satisÞed
in the network, ! U passescontrol to ! D . If however, during
theexecutionof ! U , the total bandwidthcriterion is violated,
the controller ! T subsumes! U and takes control away. In
other words, if the objective of a controller ! j is satisÞed,
the controller passes control from right to left to controller
phi i , in accordancewith the direction of ! in ! i ! ! j . If
the objective of controller! j is not satisÞed,it takescontrol
from all controllers! i for i < j .

3) Comparisonof NullspaceComposition and Subsump-
tion: In this sectionwe provide someinsightaboutthediffer-
encesbetween nullspacecomposition-basedmulti-objective
control and the subsumption-basedapproach.The main dif-
ference is in the method of combining multiple single-
objective controllersto achieve multi-objective behavior. We
will discusshow this differencecan affect performancein
the context of agent-augmenteddisruption-tolerantnetworks.
For bothapproacheswe assumethatall performancemetrics
have beenorderedaccordingto their importancefor the spe-
ciÞc network conÞguration and overall desired performance
objectives.

The main differencebetweennullspacecompositionand
the subsumption-basedapproachis that the former executes
multiple controllersconcurrentlywhile the latter only exe-
cutesa single controller at a time. Multi-objective control
usesnullspaceprojectionsto ensurethat a subordinatecon-
troller doesnot affect the behavior of a superiorcontroller.
In practice,this meansthat thehighest-priorityobjective will
alwaysbe optimizedto the bestof the agentÕs abilities.This
is a desirableproperty; the network administratorcan pick
the most importantperformancemetric and the systemwill
ensureit remainsoptimized.However, this putssubordinate
objectives at a disadvantage.They can be optimized only
in the nullspaceof all objectives superior to them. This
meansthatall subordinatecontrollersmaybe limited in their
ability to optimizetheir own performancemetrics.With each
additionaloptimizedperformancemetric,thenullspace could
be reducedsigniÞcantly. It is possiblethat the nullspaceis
empty for subordinatebehaviors, leaving no possibleaction
to furtheroptimizetheassociatedperformancemetric.This is
thecasewhenany actionthat couldbetakenby a subordinate
controllerwould interferewith the optimization of a higher-
priority objective. The nullspacebasedcontrollerguarantees
performancefor the highest-priorityperformancemetric but
all other metrics are only optimized if the nullspace is

sufÞciently large.
In the subsumptionapproach, the highest-priority con-

troller whoseobjective is not yet achieved assumescontrol,
possibly interrupting a lower-priority controller. Once the
highest-prioritycontrollerhasreached its objective, a subor-
dinatecontrollercantake its turn to optimizeits performance
metric.However, in contrastto thenullspace-basedapproach,
the subordinatecontroller does not take into account the
objective of the superiorcontroller; it is ableto performany
motion it wantsto optimize its objective, even if that motion
interfereswith the optimality of a superiorperformancemet-
ric. If the superiorcontrollerÕs performancegoal is violated
asa resultof this action,the superiorcontroller immediately
re-assumescontrol.

Nullspace-basedmulti-objective control is suboptimalbe-
cause it restricts subordinatecontrollers to operate in a
reducedspaceof actions.The subsumption-basedapproach
is suboptimal becausethe optimization of individual per-
formancemetrics is not coordinatedcarefully enough.By
making these simpliÞcations,both methodsavoid solving
the NP-complete optimization problem (seeSection III-A).
In spite of these simpliÞcations, however, both methods
are capableof producingreasonableapproximationsto the
optimizationproblemin practice.

Due to the fact that the nullspace-basedapproach is
choosingactionsthat optimizemultiple performancemetrics
simultaneously, we expect its performanceto be superior
to that of the subsumption-basedapproach.In Section IV,
we comparesubsumption-basedand nullspacecomposition-
basedcoordination of the controllersto validatethis hypoth-
esis.

IV. EXPERIMENTAL EVALUATION

In Figure 1, we classiÞedrouting algorithms for DTN
accordingto thedegreeto which they exploit structurein the
motionof network participantsandaccordingto thedegreeto
which the participantsadapttheir movementsto the network
demand.We now presentexperimentalevidencethat when
autonomousagentsuse MORA to adapt their movements,
they arecapableof enhancingnetwork performanceof many
differentDTN routingprotocols.Usingtheanalogypresented
in Figure1, MORA agentsare like taxicabsaddedto asystem
of cars.

To evaluateour proposedalgorithmMORA andthe effect
of introducing autonomousagentsinto a DTN, we ran a
seriesof customnetworking simulations.First, we evaluate
the useof nullspaceversussubsumptionmulti-objective con-
trollers,andwe Þndthatnullspacecontrollersaremoderately
superior. With additionalevaluations,we ÞndthatsigniÞcant
performancegainsarepossibleusingMORA, in termsof the
messagedelivery rateand latency. We apply MORA to four
routingprotocols:random routing,theME/DLE protocol[5],
[4], the MaxProp protocol [4], and FIFO routing. We vary
many scenarioparameters,including the offered network
load, nodebuffer size, the numberof peersin the network,
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and the size of each packet. Additionally, we show the
accuracy of the controllersused by MORA agents.

A. Methodology

The successof DTN forwarding algorithms is tied to
the movement pattern of peers. Traditionally, researchers
have used the random waypoint model (RWM) in lieu of
empirical models,though this is often criticized (see[21]).
Sucha movementmodel cannotbe usedfor our evaluation
of DTNs: if peersmove randomly, thenno peeris any better
at delivering a messagethan any other. A successfulrouting
algorithmexploits structured, distinguishablemovements.

Our evaluationsare basedon tracesof the movementsof
the UMass DieselNet DTN [4], which is a testbedof 30
busesin Amherst, MA that we have constructed.To take
tracesof movement,we installedGPSdevices on eachbus.
The GPSdeviceshad to be placedon the busesat an angle
thatpreventedcontinuousreceptionof GPSsignals(i.e., they
lacked a complete 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 movement and
timing information of 9 busroutesthatroamanarea8.24km
by 14.70 km (about 121 km2). Each route is modeledon
representative trace days that had accurateGPS data. An
advantageof the tracegeneratoris that we are able to vary
the numberof busesin the simulation2.

The default values for eachsimulation are an unlimited
buffer, an offered mean load of 36 pkts/hour, 10-Kbyte
packets,and9 buses,eachon distinct routes.Peersgenerate
messageswith inter-arrival timesfrom a uniform distribution.
We allowed peersto have unlimited buffers becausein our
real testbedeachbus carriesa 40GB drive; this is morethan
sufÞcientgiven the actual transferbandwidthswe observed
betweenpeers.In our experimentswhere we did limit the
buffer, the buffers at peersarestatedin terms of the number
of messagesthey could store, which we varied from 50
to 450. In all experiments, each peer had an unlimited
buffer for storing messagesfor which it was the source.To
determinethe amountof datatransferedat eachopportunity,
we multiplied the lengthof time peersare in radio rangeby
the meantransferrate reportedin the trace data, which is
120 KB/s. Eachsimulationis run for 10 simulatedhours.

In eachexperiment,our default scenario is a comparison
of 9 busesrunning a speciÞcprotocol (MaxProp,ME/DLE,
random, or FIFO) to 9 buses and 3 autonomousagents
running MORA. Obviously, addingrobotic 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 packets generatedby others. In other words,
the MORA protocolsimulationsdo not introduceadditional

2Futuretracesof DieselNetwill solve this GPSdatacollectionproblem.
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load for ME/DLE. A paired t-test shows the meansare statistically
different for a 95% conÞdenceinterval for all casesexcept1 agent.

storagein the network. Note also that MORA agentsnever
generatepackets.

Each point on the graph represents the average value
of 10 simulationswith 10 different randomseeds(totaling
thousandsof packets). Error barson graphsthat report the
fraction of deliveredpackets representthe semi-interquartile
range (i.e., 25% and 75% of data). The SIQR numbers
were too large to be useful for latency measurementsÑthis
is becausethe mean latency betweeneach of the source-
destinationpairs is very different, and so measuringthe
varianceof the latency is not illuminating or appropriate. To
addressthis problem,for all latency graphs,we computedthe
paired t-test of robotic versusnon-roboticversionsof each
protocol. Eachsimulationcontainsthe samedelay between
new packets and the same movement patterns by buses.
Therefore,to perform the test,we pair correspondingmean
delivery times of eachsource-destination combination.The
meanlatenciesreportedin the graphsare the meansof all
source-destinationmeans.UnlessspeciÞcallydenotedin the
caption of each Þgure or in the text, the results always
representa signiÞcantdifferencebetweenpairedrobotic and
non-roboticprotocolsfor a 95% conÞdenceinterval.
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MORA+MaxProp when agents move at varied speeds. (Normal speed
is statisticallythe sameas twice whenpacketsper hour per bus is 2.)

1) Protocols: Our designof MORA is independentof and
oblivious to an underlying routing protocol used by non-
robotic peersin the system.Therefore,we evaluateMORA
over four different routing protocols, which we describe
below.

The limited resourcein our simulationsis the bandwidth
availablebetweenpeersduringtransferopportunities.At each
opportunity, peersdo not know the amountof datathat can
be transfered.These four protocols differ in how a peer
A decideswhich packets to sendÑand what order to send
themÑto a peerB during a transferopportunity.

• Random deliverspacketsdestinedfor B Þrstand then
selects and schedulespackets randomly from those
storedat A.

• MaxProp [4] usesseveral mechanismsto provide rout-
ing. PacketsareÞrstassigneda scorebasedon their des-
tinationandB ; thescoreis basedon the likelihoodthat
B meetsthe destinationdirectly or througha series of
intermediaries.Packetswith lowestscoresarescheduled
Þrst; however, new packets are given a higher priority.

Additionally, reports of successful packet delivery is
epidemically ßoodedacrossthe network to clear out
buffersof intermediaries.Finally, packetsmaintaina list
of previoushopsto avoid transmittingto anintermediary
thathasalreadyreceivedthe packet.Detailsof MaxProp
are presentedin our previous work; to our knowledge
no proposedprotocolperformsbetter.

• ME/DLE is describedin our previous work [4] as the
Most Encountered/ Drop Least Encounteredprotocol.
ME/DLE is an extension of our previous work, the
MV routing protocol (which appearsin the preliminary
version of this paper [5]). MV was designedfor en-
vironmentswhere buffer space is the limited resource
and transfer opportunity bandwidth is unlimited. For
deviceswith very small buffers comparedto their radio
resources,this makes sense.However, for the bus net-
work wehaveconstructed,MV is notappropriate.While
MVÕs only mechanismis to drop packets with desti-
nations that were least encountered,ME/DLE adds a
mechanismthat prioritizesduring transferopportunities
the packetswith destinationsthat aremostencountered.
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Fig. 9. Packet delivery rateasnetwork load increases.
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Fig. 10. Packet latency asnetwork load increases.

In particular, ME/DLE uses the scoring mechanism
from MaxProp(i.e., it is exactly MaxPropwithout the
additionalmechanisms).

• FIFO is a simplestrategy wherethepacketsareordered
for transmissionbasedupon the FIFO order at which
they were received at the bus node. Packets are also
deletedin FIFO order when necessary. When buffers
are large, packets leave the queueonly when they are
successfullydelivered to their destination.Becauseno
acknowledgmentsare reported,nodes can learn only
directly from peerswhich packets have already been
deliveredby others.

B. ComparingSubsumptionand Nullspace

To determinethe appropriatemulti-objective controller to
use for autonomousagentsin a DTN, we comparedthe
performanceof the two algorithmsproposedin SectionIII-E
by simulation.

Figures3 and4 comparethe performanceof subsumption
to threshold-nullspacefor varying numbersof robotswith a
Þxed network load of 18 packetsper bus per hour using the
ME/DLE protocol. Theseexperimentsshow that threshold
nullspacecontrol is better at merging the various control
objectives of the primitive controllers. While the average
delivery fraction for thresholdnullspaceis better(Figure3),

the conÞdenceinterval of the differences(not shown in the
graphs)indicatesthat the meansare in fact not statistically
different.However, as Figure 4 shows, the meanlatency of
thresholdnullspaceis lower andstatisticallysigniÞcant.

Since it achieves lower latency, for all subsequentex-
perimentswe choosenullspace-basedmulti-objective control
for the autonomousagents.Below, we describehow the
introductionof agentsaffects networks performance.

To evaluatethe quality of agentsÕchosenmovementdes-
tinations,we comparedMORA against agentsthat move to
randomlyselecteddestinations.Note that the agentsdo not
practice brownian motion or the random waypoint model.
The peer they choseto move to is randomly selected(c.f.,
the description of controller in SectionIII- D). This requires
someresourcesbut is still trivial to implementand is more
fair thanrandomwaypointmotion. Figure5 shows thepacket
delivery ratesfor thesetwo strategies when using MaxProp
andrandomrouting and threeagents.The delivery ratesare
unchanged,but this is expected as the randomly moving
agentsareboundto meetsomebusandthat is alwayshelpful.
Sincebusesnever leave the simulation,as long asthe agents
aremeetingbuses,packetswill getdelivered.Figure6 shows
the improvementsdue to MORA over randomly moving
agentsare in terms of delivery latency. MORA decreases
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Fig. 12. Packet latency as local buffer sizes increase.

packet delivery latency by abouthalf and it is lessvarying
with increasingload. We canconcludethat our algorithm is
makingdecisionsthat beneÞt performance.

We also examined how agent movement speedaffected
MORA performance. Speedshalf as fast and twice as fast
did not affect delivery rate,as shown in Figure 7. However,
as might be expected,in our experiments,delivery latency
is affected by agentspeed,but only slightly, as shown in
Figure8.

C. DTN Performancewith Agents

In our next setof experiments,we evaluateMORA under
varied network load, buffer space,and the numbernodesin
the system.For each,we show the resultingpacket delivery
rate and packet delivery latency. In general,we see that
MORA always improves the fraction of packets delivered
andconsistentlydecreasesaveragedelivery latency.

Note that in Figures9 through 16, delivery rate graphs
appearin the left columnanddelivery latency graphsappear
in the right column;MaxPropandRandomarealwaysin the
top row, and ME/DLE and FIFO are always in the bottom
row; The original protocolsuseunÞlledsymbols(e.g.,Ò! Ó),
androbot-enhancedprotocolsuseÞlled symbols(e.g.,Ò¥Ó).

Varying Network Load. Figure 9 compare the delivery
ratesof the four protocolswith and without MORA as the

offered load increasesin the network. Figure 10 shows the
correspondingdelivery latency. In all four protocols, the
use of MORA robots signiÞcantlyincreasesmeandelivery
rate. For the highest loads, we see that 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 cases,we alsoseethat MORA
decreasesaveragelatency in all cases,and this difference
increasesslightly as load increases.

Note that MORA addsstability to MaxProp,maintaining
a delivery rate of about90% consistently as load increases
(Figure9-top). Interestingly, ME/DLE andFIFO performno
betterthan random(and therefore are very poor designsfor
DTNs), but all four protocol protocolsbeneÞtfrom the use
of MORA robots.

Varying Storage. Figures11 and12 show thedelivery rate
andlatency, respectively, for experimentswherewe varied a
limited amountof buffer spacecarriedby eachbusandagent.
In thesesimulations,the load was Þxed at 36 pkts/hourper
bus.(A comparisonof Figures11 and9 shows thatMaxProp
nodesrequirebuffers of only about450 packets.)

In all cases,MORA-versionsof all protocolshave delivery
ratesthat areno worsethanwithout MORA, andwe seethe
strongestimprovementwith MaxProp.For all sizedbuffers,
MORA improvespacket delivery latency.
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Fig. 13. Packet delivery ratewith an increasingnumbers of buses.
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Fig. 14. Packet latency with an increasingnumbers of buses in the
network. (Meanslack statisticaldifferenceafter x = 27.)
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Fig. 15. Packet delivery rateaspacket size increases.
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Fig. 17. Synthetic mobility model Ñ delivery rate as packet load
increases.
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(Few pointsarestatisticallydifferent for eitherprotocol.)
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Fig. 19. Synthetic mobility model Ñ delivery rateasthe numberof
nodesincreases.
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Fig. 20. Synthetic mobility model Ñ latency asthenumberof nodes
increases.(Both MaxProp and Randomare not statistically different
from MORA versionsat x = { 9, 18, 54} .)

The bestperformingprotocol is MORA-MaxProp,achiev-
ing delivery of 88% of packets with a buffer for only 300
packets and also achieving the lowest latency. And while
MORA doesnot improve the delivery rate of ME/DLE and
FIFO, it doesimprove delivery latency for thoseprotocols.
We can infer that MORA in general requires sufÞcient
buffer in orderto most improve performance, however, when
MORA is coupled with betterperformingrouting protocols,
its improvementsarepronouncedeven whenstoragebuffers
are limited.

Varying Nodes. Figures 13 and 14 compareincreasing
numbersof nodesoneachbusroute.Recallthatwesimulated
nine separateroutes each with 1 bus; in the Þgures,we
increasethenumberof busesperroute,with thetotal number
in the systemshown on the x-axis.The number of agentsis
Þxed at 3 for all cases.As the network increasesin density,
and the robot agentscomprise a smaller fraction of the
population,we seediminishedimprovementbetweenMORA
and the original protocols. We can conclude that MORA
agentsmust be a reasonableportion of the nodepopulation
if signiÞcantimprovementsare desired.It is difÞcult for us

to stateconclusively from theseexperimentswhatpercentage
is appropriatefor an arbitrary network.

As the networks increasein size, the load also corre-
spondingly increases.For network greater than 45 buses,
the load is too high for network capacity, and the latency
spikes for Random, ME/DLE, and FIFO. MaxProp and
MaxProp+MORAdonotsuffer thiscongestioncollapsesince
the protocol clearsout deliveredpackets and priorities data
for closerdestinations, loweringlatency for deliveredpackets.

Varying Packet Size. Figures 15 and 16 compareper-
formanceasthe sizeof the packetsincrease.This effectively
decreasesthebandwidthavailableduringeachtransfer oppor-
tunity. MORA-MaxPropagain performsbestin termsof the
percentageof deliveredpacketsaswell aslatency, thoughall
seeimprovement.This experimentshows that MORAÕs im-
provementsare presentfor a variety of application-required
packet sizesin theDTN, theimprovementdropsasresources
becomescarcer.

Evaluation Against a Synthetic Mobility Model. In our
Þnalsetof comparisons,we show theresultsof usingMORA
in a purely syntheticmobility model that we Þrst introduced
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Fig. 21. Accuracy of the distributedstatusinformationover time.

in our previous work [5]. In the model, peersmove period-
ically betweenthreerandomlychosen geographiclocations:
a homelocationand two remotelocations.Peers move only
amongthe threepoints,with thehomelocationbeingchosen
50% of the time, and the remote pointsvisited 25% each.

We evaluate the performanceof MaxProp and Random,
with andwithoutMORA, asloadincreasesandasthenumber
of nodes simulatedgrows (with the numberof agentsheld
at 3). In Figure17 we seethat MORA doubles the delivery
rate,and we seein Figure 18 thereis little improvementin
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latency. Similarly, MORA losesitÕs advantageasthenumber
of nodesin the network increases,as shown in Figures 19,
and it has only a small improvement in latency as shown
in Figure 20. In this syntheticmobility model, the network
is closer to the movementsof the randomwaypoint model,
and therefore, there is little structure for MORA to take
advantageof. Although nodes move to distinct locations,
the locationsthemselvesareeven distributed throughoutthe
geography. Most of theadvantagesof MORA arelikely from
the increasednumberof connectionopportunitiesit offers
rather than intelligent delivery. Therefore,we concludethat
MORA hasthe most to offer in scenarioswheremovement
is structuredandnot random.

D. Evaluationof DistributedNetworkStatistics

The control strategies are dependentupon a quality esti-
mateof the stateof the network. In a DTN, the quality of
the estimateis affected greatly by the disruptive natureof
the network since peersÞndit hardto exchangeinformation.
To better understandthis, we monitor the percentage error
of eachof the network statisticsover time. Additionally we
measuretheaccuracy of anagentÕsestimationof whereapeer
is geographicallyandtheagentÕs actuallylocation;longitude
and latitude are displayedseparately. The graphsof these
resultsareshown in Figure21.

The resultsshown arefor 3 busesper route(27 total) and
24 simulatedhoursof continuousoperation.Theaccuracy of
eachagentis recordedevery50seconds.Theerrorreportedis
measuredrelative to the groundtruth in the simulation.The
plots representthe averagesof 10 independentsimulations
with differentrandomseeds.We show resultsfor simulations
with one,threeandsix agentsin thesystem.We usethesame
default parametersdescribed earlier.

Theseresultsshow that the agentsareableto consistently
estimatethe uniquebandwidthin the system,and they have
a relatively accurate view of the total bandwidth.We believe
this is becausebandwidthand uniquebandwidthis discrete
and changesmore slowly, so the approximation is more
consistent.The agentsare constantlymoving and location
is continuous,thereforethereis muchgreatererror. In other
words, bandwidthonly ever changeswhen peersmeet,and
when peers meet they have an immediate opportunity to
updatethedistributedstatistics.On theotherhand,locationis
constantlychangingand that information doesnÕt propagate
out. From the perspective of the distributed statistics,peers
jump from one location to the next. Even so, eachagentÕs
estimationof the locationof a peerthat it is moving towards
stabilizesas the simulation progress,but always displaysa
small amountof error comparedto the sizeof the simulated
movementof 8.24km by 14.70km. Thesenumberscouldbe
improved if MORA nodesuseddeadreckoning to estimate
where nodeswill be in the future, rather than moving to
their last known location. The most problematicestimators
are messagelatency and last visit error. However, as these
have the leastpriority in our nullspacecontroller, we do not
believe the effect is pronounced.The estimatesincreasein

accuracy with the numberof agentsin the systemsincethey
areable to passinformationto eachother. We expect that if
nodesin the systemweremodiÞedto passsuchinformation
to agents,the accuracy would be even greaterÑho wever, we
did not evaluatethis scenariosas our goal for MORA is to
show its improvementwithout modifying othernodesin the
network. This is enforcedby thenotionthatMORA performs
quite well in the MaxPropandRandomcases.

V. CONCLUSIONS

Disruption-tolerantnetworks require routing algorithms
that are different from thosedesignedfor ad hoc networks.
Thecapacityof a DTN is providedsolelyby themotionof its
participants.For a routing algorithm to ensureperformance
under such conditions,it has to explicitly accountfor this
motion in its strategy of forwardingmessages.In this paper,
we introducea classiÞcationof routing algorithmsfor DTNs
basedon this observation.We differentiaterouting protocols
basedon the degree to which they exploit structurein the
movementpatternsof network participantsto improve perfor-
mancemetrics.Along a differentdimension,we differentiate
them basedon the degree to which participantsadapttheir
motionsto network demand.

The exploitation of structurein the network participantsÕ
movement patterns improves performancein DTNs. We
introduce the routing protocol MORA, which maintainsa
movementmodel of the network participantsand usesthis
information to perform routing of messageson the network.
It estimatesthe probability of a particular messagebeing
delivered by a given peer, and thus is capableof making
informed routing decisions. We presentexperimental evi-
dencethatroutingmessagesin DTNs usingMORA resultsin
signiÞcantperformanceimprovementsover other techniques
in achieving higherdelivery ratesandlower delivery latency.
Theseimprovementscontinueeven astrafÞc on the network
increasesby an orderof magnitude.

Theadaptation of network participantsÕmotion to network
demandpermits additional performanceimprovementsfor
DTNs. For this purpose,we proposethe introduction of
autonomousagentsinto the DTN. By adaptingtheir motion,
theseagentsareableto compensatefor a mismatchbetween
available capacity and demand.We proposemulti-objective
control algorithms from robotics to control the motion of
autonomousagentsin orderto optimizenetwork performance
metrics.Thesealgorithmspermit for a simple prioritization
amongnetwork metrics by network administrators. Experi-
mentalresultsdemonstratethat multi-objective control meth-
ods are successfulat improving network performanceby
adaptingthe movementsof autonomous agentsintroduced
into a DTN.

We have shown that employing a routing strategy based
on multi-objective control for autonomousagentsin a DTN
has the most signiÞcantperformanceimprovements.This
indicatesthat it is desirablefor routing protocols in DTN
to exploit the structure present in movement patternsof
network participantsto routemessagesaswell as to change
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the movement patternsof participantsin accordancewith
network demands.
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