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ABSTRACT
Simplein-network dataaggregation(or fusion) techniquesfor
sensornetworkshave beenthefocusof several recentresearch
efforts,but they areinsuf�cient to supportadvancedfusionap-
plications. We extend thesetechniquesto future sensornet-
worksandasktwo relatedquestions:(a)whatis theappropriate
setof datafusion techniques,and(b) how do we dynamically
assignaggregationrolesto thenodesof a sensornetwork ? We
havedevelopedanarchitecturalframework,DFuse, for answer-
ing thesetwo questions.It consistsof a datafusionAPI anda
distributed algorithm for energy-aware role assignment.The
fusion API enablesan applicationto be speci�ed asa coarse-
graineddata�ow graph,andeasesapplicationdevelopmentand
deployment. The role assignmentalgorithm mapsthe graph
ontothenetwork, andoptimallyadaptsthemappingatrun-time
usingrole migration. Experimentson an iPAQ farmshow that
the fusion API haslow-overhead,andthe role assignmental-
gorithmwith rolemigrationsigni�cantly increasesthenetwork
lifetime comparedto any staticassignment.

Categoriesand Subject Descriptors : D.4.7[OperatingSys-
tems]: Organizationand Design– Distributed Systems,and
EmbeddedSystems.

GeneralTerms: Algorithms,Design,Management,Measure-
ment.

Keywords : SensorNetwork, In-network aggregation,Data
fusion,Roleassignment,Energy awareness,Middleware,Plat-
form.
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1. INTRODUCTION
With advancesin technology, it is becomingincreasinglyfea-

sibleto puta fastprocessoronasinglesmallsensoralongwith
a sizablememoryand a radio transceiver. Thereis an ever-
evolving continuumof sensing,computing,and communica-
tion capabilitiesfrom smartdust,to sensors,to mobiledevices,
to desktops,to clusters. With this evolution, capabilitiesare
moving from larger footprint to smallerfootprint devices. For
example,tomorrow's motewill be comparablein resourcesto
today's mobiledevices;andtomorrow's mobiledeviceswill be
comparableto currentdesktops.Thesedevelopmentssuggest
that futuresensornetworksmaywell becapableof supporting
applicationsthat requireresource-richsupporttoday. Exam-
plesof suchapplicationsincludestreamingmedia,surveillance,
image-basedtrackingandinteractive vision. Many of thesefu-
sionapplicationsshareacommonrequirement,namely, hierar-
chicaldatafusion, i.e.,applyinga synthesisoperationon input
streams.

This paperfocuseson challengesinvolved in supportingfu-
sionapplicationsin wirelessad hocsensornetworks(WASN).
Developing fusion applicationsis challengingin generalbe-
causeof the time-sensitive natureof the fusion operation,and
theneedfor synchronizationof thedatafrom multiplestreams.
Sincetheapplicationsareinherentlydistributed,they aretypi-
cally implementedvia distributedthreadsthatperformfusionin
ahierarchicalmanner. Thus,theapplicationprogrammerhasto
dealwith threadmanagement,datasynchronization,buffer han-
dling,andexceptions(suchastime-outswhile waitingfor input
datafor a fusionfunction)- all in a distributedfashion.WASN
add anotherlevel of complexity to suchapplicationdevelop-
mentdueto the scarcityof power in the individual nodes[5].
In-networkaggregationandpower-awareroutingaretechniques
to alleviatethepower scarcityof WASN. While thegoodnews
aboutfusionapplicationsis thatthey inherentlyneedin-network
aggregation,a naive placementof the fusion functionson the
network nodeswill diminish the usefulnessof in-network fu-
sion, andreducethe longevity of the network (andhencethe
application).Thus,managingtheplacement(anddynamicre-
location)of the fusion functionson the network nodeswith a
view to saving power becomesan additionalresponsibilityof
the applicationprogrammer. Dynamic relocationmay be re-
quiredeitherbecausethe remainingpower level at thecurrent
nodeis goingbelow threshold,or to save thepower consumed
in thenetwork asa wholeby reducingthe total datatransmis-
sion. Supportingtherelocationof fusionfunctionsat run-time
hasall thetraditionalchallengesof processmigration[15].



Wehave developedDFuse, anarchitecturefor programming
fusionapplications.It supportsdistributeddatafusionwith au-
tomaticmanagementof fusion point placementandmigration
to optimizea givencostfunction (suchasnetwork longevity).
Using the DFuseframework, applicationprogrammersneed
only implementthe fusion functionsandprovide the data�ow
graph(the relationshipsof fusion functionsto oneanother, as
shown in Figure1). The fusionAPI in theDFusearchitecture
subsumesissuessuchasdatasynchronizationandbuffer man-
agementthatareinherentin distributedprogramming.

Themaincontributionsof this work aresummarizedbelow:

1. FusionAPI: We designand implementa rich API that
affords programmingeasefor developingcomplex sen-
sor fusion applications. The API allows any synthesis
operationonstreamdatato bespeci�edasa fusionfunc-
tion, rangingfrom simpleaggregation(suchasmin,max,
sum,or concatenation)to morecomplex perceptiontasks
(suchasanalyzinga sequenceof video images).This is
in contrastto currentin-network aggregationapproaches
[11, 8, 6] that allow only limited typesof aggregation
operationsasfusionfunctions.

2. Distributedalgorithmfor fusionfunctionplacementand
dynamicrelocation:Thereisacombinatoriallylargenum-
berof optionsfor placingthefusionfunctionsin thenet-
work. Hence,�nding an optimal placementthat mini-
mizescommunicationis dif�cult. Also, the placement
needsto bere-evaluatedquitefrequentlyconsideringthe
dynamicnatureof WASN. Wedevelopanovel heuristic-
basedalgorithmto �nd a good(accordingto somepre-
de�ned costfunction)mappingof fusionfunctionsto the
network nodes.Themappingis re-evaluatedperiodically
to addressdynamicchangesin nodes'power levels and
network behavior.

3. Quantitative evaluation of the DFuseframework: The
evaluationincludesmicro-benchmarksof the primitives
provided by the fusion API aswell asmeasurementof
thedatatransportin a tracker application.Usingan im-
plementationof thefusionAPI on a wirelessiPAQ farm
coupledwith an event-driven enginethat simulatesthe
WASN, we quantify the ability of the distributed algo-
rithm to increasethe longevity of the network with a
givenpower budgetof thenodes.

Therestof thepaperis structuredasfollows. Section2 an-
alyzesfusionapplicationrequirementsandpresentstheDFuse
architecture. In Section3, we describehow DFusesupports
distributed data fusion. Section4 explains a heuristic-based
distributedalgorithmfor placingfusionpointsin thenetwork.
This is followed by implementationdetailsof the framework
in Section5 andits evaluationin Section6. We thencompare
our work with existing andotherongoingefforts in Section7,
presentsomedirectionsfor futurework in Section8, andcon-
cludein Section9.

2. DFUSEARCHITECTURE
This sectionpresentsthe DFusearchitecture.First, we ex-

plore target applicationsandexecutionenvironmentsto iden-
tify thearchitecturalrequirements.We thendescribethearchi-
tectureanddiscusshow it is to be usedin developing fusion
applications.

2.1 Target Applications and ExecutionEn­
vir onment

DFuseis suitablefor applicationsthatapplyhierarchicalfu-
sionfunctions(input to a fusionfunctionmaybetheoutputof
anotherfusion function)on time-sequenceddataitems. A fu-
sion operationmay apply a function to a sequenceof stream
datafrom a singlesource,from multiple sources,or from a set
of sourcesandotherfusionfunctions.

DFuseacceptsanapplicationasa taskgraph,wherea vertex
in the taskgraphcanbe oneof data source, data sink, or fu-
sionpoint. A datasourcerepresentsany dataproducer, suchas
a sensoror a standaloneapplication.DFuseassumesthatdata
sourcesareknown atquerytime(whentheuserspeci�estheap-
plicationtaskgraph).A datasink is anendconsumer, including
a humanin the loop, an application,an actuator, or an output
device suchasa display. Intermediatefusion points perform
application-speci�cprocessingonstreamingdata.Thus,anap-
plication is a directedgraph,with thedata�o w (i.e. producer-
consumerrelationships)indicatedby the directionalityof the
associatededgebetweenany two vertices.
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Figure 1: An example tracking application that usesdis-
trib uted data fusion. Here, �lter and collage are the two fu-
sionpoints taking inputs fr om cameras,and the facerecog-
nition algorithm is running at the sink. Edgelabelsindicate
relative (expected)transmission rates of data sourcesand
fusion points.

For example,Figure1 shows a taskgraphfor a trackingap-
plication. The �lter fusion function selectsimageswith some
interestingproperties(e.g. rapidly changingscene),andsends
the compressedimagedatato the collagefunction. Thus,the
�lter functionis anexampleof afusionpointthatdoesdatacon-
traction. Thecollagefunction uncompressesthe imagescom-
ing from possiblydifferentlocations.It combinestheseimages
and sendsthe compositeimageto the root (sink) for further
processing.Thus,thecollagefunctionrepresentsafusionpoint
thatmaydodataexpansion.

DFuseis intendedfor deploymentin aheterogeneousadhoc
sensornetwork environment. However, DFusecannotbe de-
ployedin currentsensornetworksgiventhelimited capabilities
availablein sensornodeprototypessuchasBerkeley motes[7].
But, asweadddeviceswith morecapabilitiesto thesensornet-
work, or improve thesensornodesthemselves,moredemand-
ing applicationscanbemappedontosuchnetworksandDFuse
providesa �e xible fusionAPI for sucha deployment. As will
becomeclearin latersections,DFusehandlesthedynamicna-
tureof suchnetworksby employing a resource-awareheuristic
for placingthefusionpointsin thenetwork.



DFuseassumesthat any node in the network is reachable
from any othernode. Further, DFuseassumesa routing layer
thatexposeshop-countinformationbetweenany two nodesin
thenetwork. Typically, suchsupportcanbeprovidedby a sep-
aratelayerthatsupportsaroutingprotocolfor adhocnetworks,
like DynamicSourceRouting(DSR) [10], andexposesan in-
terfaceto querytheroutinginformation.

2.2 Ar chitecture Components
Figure2(A) shows a high-level view of theDFusearchitec-

turethatconsistsof two mainruntimecomponents:fusionmod-
ule andplacementmodule. Thefusionmoduleimplementsthe
fusionAPI usedin thedevelopmentof theapplication.Thefu-
sionmoduleinteractswith theplacementmoduleto determinea
goodmappingof thefusionfunctionsto thesensornodesgiven
thedynamicstateof thenetwork andtheapplicationbehavior.
Thesetwo componentsconstitutetheruntimesupportavailable
in eachnodeof thenetwork.

Figure2(B) shows the internalstructureof the fusion mod-
ule. Details of the fusion moduleare discussedin section3.
The modulesthat implementresourcemonitoringandrouting
areexternalto theDFusearchitecture.Thesemoduleshelp in
the evaluationof cost functionsthat is usedby the placement
modulein determininga goodplacementof fusionfunctions.

Launching an Application and Network Deployment
An applicationprogramconsistsof two entities:ataskgraph,

andthecodefor thefusionfunctionsthatneedto berun on the
differentnodesof thegraph.DFuseautomaticallygeneratesthe
gluecodefor instantiatingthetaskgraphon thephysicalnodes
of the network. DFusealso shieldsthe applicationprogram-
merfrom decidingtheplacementof thetaskgraphnodesin the
network.

Launchinganapplicationis accomplishedby presentingthe
taskgraphandthe fusion codesto DFuseat somedesignated
node,let uscall it the root node. Upongettingthis launchre-
quest,the placementmoduleof DFuseat the root nodestarts
a distributedalgorithmfor determiningthebestplacement(de-
tails to bepresentedin Section4) of the fusionfunctions.The
algorithmmapsthefusionfunctionsof thetaskgraphontothe
physicalnetwork subjectto somecostfunction.In thisresulting
overlaynetwork, eachnodeknows thefusionfunction(if any)
it hasto run aswell asthesourcesandsinksthatareconnected
to it. The resultingoverlay network is a directedgraphwith
source,fusion,andsink nodes(therecouldbecyclessincethe
applicationmayhave feedbackcontrol). Theapplicationstarts
upwith thesinknodesrunningtheir respective codes,resulting
in the transitive launchingof the codesin the intermediatefu-
sionnodesandeventuallythesourcenodes.Cyclesin theover-
lay network arehandledby eachnoderememberingif a launch
requesthasalreadybeensentto the nodesthat it is connected
to.

The role of eachnodein the network canchangeover time
dueto both the applicationdynamicsaswell ashealthof the
nodes.Theplacementmoduleat eachnodeperformsperiodic
re-evaluationof its healthandthoseof its neighborsto deter-
mineif thereis a betterchoiceof placementof thefusionfunc-
tions. The placementmodulerequeststhe fusion module to
affectany neededrelocationof fusionfunctionsin thenetwork.
Detailsof theplacementmoduleareforthcomingin Section4.

Thefusionmoduleat eachnodeof thenetwork retrievesthe

fusion function(s)to be launchedat this node. It is a space-
time trade-off to either retrieve a fusion function on-demand
or storethecodecorrespondingto all fusionfunctionsat every
nodeof thenetwork. Thelatterdesignchoicewill enablequick
launchingof a fusionfunctionatany nodewhile increasingthe
spaceneedat eachnode.

3. DISTRIB UTED DATA FUSION SUPPORT
DFuseutilizes a packageof high-level abstractionsfor sup-

portingfusionoperationsin stream-orientedenvironments.This
package,calledFusionChannels, is conceptuallylanguageand
platformindependent.

Data fusion, broadlyde�ned, is the applicationof an arbi-
trary transformationto a correlatedsetof inputs,producinga
“fused” outputitem. In streamingenvironments,this is a con-
tinuousprocess,producinganoutputstreamof fuseditems.As
mentionedpreviously, suchtransformationscanresultin theex-
pansion,contraction,or statusquoin thedata�o w rateafterthe
fusion. Notethata �lter function,takinga singleinput stream
andproducinga singleoutputstream,is a specialcaseof such
a transformation.We assumethatfusionoutputscanbeshared
by multipleconsumers,allowing “f an-out”from afusionpoint,
but we disallow a fusionpointwith two or moredistinctoutput
streams.Fusionpointswith distinctoutputstreamscanbeeas-
ily modeledastwo separatefusionpointswith thesameinputs,
eachproducinga singleoutput.Notethat theinput of a fusion
pointmaybetheoutputof anotherfusionpoint,creatingfusion
pipelinesor trees.Fusioncomputationsthatimplementcontrol
loopswith feedbackcreatecyclic fusiongraphs.

TheFusionChannelspackageaimsto simplify theapplica-
tion of programmer-suppliedtransformationsto correlatedsets
of input itemsfrom sequencedinputstreams,producinga(pos-
sibly shared)output streamof “fused items.” It doesthis by
providing a high-level API for creating,modifying, and ma-
nipulating fusion points that subsumescertainrecurringcon-
cerns(failure,latency, buffer management,prefetching,mobil-
ity, sharing,concurrency, etc.)commonto fusionenvironments
suchassensornetworks.Only asubsetof thecapabilitiesin the
FusionChannelspackagearecurrentlyusedby DFuse.

ThefusionAPI providescapabilitiesthat fall within thefol-
lowing generalcategories:

Structur e management: This category of capabilitiesprimar-
ily handles“plumbing” issues.Thefundamentalabstractionin
DFusethat encapsulatesthe fusion function is calleda fusion
channel. A fusion channelis a named,global entity that ab-
stractsa setof inputsandencapsulatesa programmer-supplied
fusionfunction. Inputsto a fusionchannelmaycomefrom the
nodethat hoststhe channelor from a remotenode. Item fu-
sionis automaticandis performedaccordingto a programmer-
speci�ed policy either on request(demand-driven, lazy, pull
model)or wheninputdatais available(data-driven,eager, push
model).Itemsarefusedandaccessedby timestamp(usuallythe
capturetimeof theincomingdataitems).An applicationcanre-
questanitemwith aparticulartimestampor by supplyingsome
wildcardspeci�erssupportedby theAPI (suchasearliestitem,
latestitem). Requestscanbeblockingor non-blocking.To ac-
commodatefailureandlatearriving data,requestscanincludea
minimumnumberof inputsrequiredandatimeoutinterval. Fu-
sion channelshave a �x ed capacityspeci�ed at creationtime.
Finally, inputs to a fusion channelcan themselves be fusion
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Figure2: (A) DFusearchitecture - a high-level view per node.(B) Fusionmodulecomponents.

channels,creatingfusionnetworksor pipelines.

Corr elation control: This category of capabilitiesprimarily
handlesspeci�cation and collection of “correlation sets” (re-
lated input itemssuppliedto the fusion function). Fusionre-
quiresidenti�cation of a setof correlatedinput items. A sim-
ple schemeis to collect input itemswith identicalapplication-
speci�ed sequencenumbersor virtual timestamps(which may
or may not map to real-timedependingon the application).
Fusionfunctionsmay declarewhetherthey accepta variable
numberof inputs and, if so, indicateboundson the correla-
tion setsize. Correlationmay involve collectingseveral items
from eachinput (for example,a time-seriesof dataitemsfrom
a given input). Correlationmayspecifya givennumberof in-
puts or correlateall arriving items within a given time inter-
val. Most generally, correlationcan be characterizedby two
programmer-suppliedpredicates.The�rst determinesif anar-
riving item shouldbeaddedto thecorrelationset. Thesecond
determinesif thecollectionphaseshouldterminate,passingthe
currentcorrelationsetto theprogrammer-suppliedfusionfunc-
tion.

Computation management: This category of capabilitiespri-
marily handlesthespeci�cation,application,andmigrationof
fusionfunctions.Thefusionfunctionis aprogrammer-supplied
codeblock that takes as input a set of timestamp-correlated
items and producesa fused item (with the sametimestamp)
as output. A fusion function is associatedwith the channel
whencreated.It is possibleto dynamicallychangethe fusion
functionafterchannelcreation,to modify thesetof inputs,and
to migratethe fusion point. Usinga standardor programmer-
suppliedprotocol,afusionchannelmaybemigratedondemand
to anothernodeof the network. This featureis essentialfor
supportingthe role assignmentfunctionality of the placement
module.Uponrequestfrom anapplication,thestateof the fu-
sionchannelis packagedandmovedto thedesireddestination
nodeby thefusionmodule.Thefusionmodulehandlesrequest
forwardingfor channelsthathave beenmigrated.

Memory Management: This category of capabilitiesprimar-

ily handlescaching,prefetching,andbuffer management.Typi-
cally, inputsarecollectedandfused(on-demand)whena fused
item is requested.For scalableperformance,input items are
collected(requested)in parallel. Requestson fusion pipelines
or treesinitiate a seriesof recursive requests.To enhanceper-
formance,programmersmayrequestitemsto beprefetchedand
cachedin aprefetch buffer onceinputsareavailable.An aggres-
sive policy prefetches(requests)inputson-demandfrom input
fusionchannels.Buffer managementdealswith sharinggener-
ateditemswith multiple potentialconsumersanddetermining
whento reclaimcacheditems' space.

Failur e/latency handling: This category of capabilitiespri-
marily allows the fusion points to performpartial fusion, i.e.
fusion over an incompleteinput correlationset. It dealswith
sensorfailure and communicationlatency that are common,
andoften indistinguishable,in sensornetworks. Fusionfunc-
tions capableof acceptinga variable numberof input items
mayspecifya timeouton theinterval for correlationsetcollec-
tion. Latearriving itemsmaybeautomaticallydiscardedor in-
cludedin subsequentcorrelationsets.If thecorrelationsetcon-
tainsfewer itemsthanneededby the fusion function,an error
event occursanda programmer-suppliederror handleris acti-
vated.Errorhandlersandfusionfunctionsmayproducespecial
error itemsas output to notify downstreamconsumersof er-
rors. Fuseditemsincludemeta-dataindicatingtheinputsused
to generatean item in the caseof partial fusion. Applications
mayusethestructuremanagementAPI functionsto removethe
faulty input if necessary.

Status and feedbackhandling: This category of capabilities
primarily allows interactionbetweenfusionfunctionsanddata
sourcessuchassensorsthatsupplystatusinformationandsup-
portacommandset(for example,activatingasensoror altering
its modeof operation- suchdevicesareoftenacombinationof
a sensorandanactuator).We have observed thatapplication-
sensorinteractionstend to mirror application-device interac-
tions in operatingsystems. Sourcessuchas sensorsand in-
termediatefusion pointsreporttheir statusvia a “statusregis-



ter1.” Intermediatefusionpointsaggregateandreportthestatus
of their inputs alongwith the statusof the fusion point itself
via their respective statusregisters.Fusionpointsmaypoll this
registeror accessits status. Similarly, sensorsthat supporta
commandset(to alter sensorparametersor explicitly activate
anddeactivate)shouldbecontrollablevia a “command”regis-
ter. Thespeci�c commandsetis, of course,device speci�c but
thegeneraldevice driver analogyseemswell-suitedto control
of sensornetworks.

4. FUSION POINT PLACEMENT
DFuseusesa distributedroleassignmentalgorithmfor plac-

ing fusionpointsin thenetwork. Roleassignmentis amapping
from a fusion point in an applicationtaskgraphto a network
node.Thedistributedrole assignmentalgorithmis triggeredat
the root node. The inputs to the algorithmarean application
taskgraph(assumingthesourcenodesareknown), acostfunc-
tion, andattributesspeci�c to thecostfunction. Theoutputis
anoverlaynetwork thatoptimizestherole to beperformedby
eachnodeof thenetwork. The “goodness”of the role assign-
mentis with respectto theinputcostfunction.

A networknodecanplayoneof threeroles:endpoint(source
or sink), relay, or fusionpoint [3]. An endpointcorrespondsto
a datasourceor a sink. Thenetwork nodesthatcorrespondto
endpointsandfusionpointsmaynot alwaysbedirectly reach-
ablefrom oneanother. In thiscase,dataforwardingrelaynodes
maybeusedto routemessagesamongthem.Theroutinglayer
(Figure2) is responsiblefor assigninga relay role to any net-
work node. The role assignmentalgorithm assignsonly the
fusionpoint roles.

4.1 PlacementRequirementsin WASN
Theroleassignmentalgorithmhasto beawareof thefollow-

ing aspectsof a WASN:

Node Heterogeneity: A given nodemay take on multiple
roles. Somenodesmay be resourcerich comparedto others.
For example,a particularnodemay be connectedto a perma-
nentpower supply. Clearly, suchnodesshouldbe given more
priority for takingon transmission-intensive rolescomparedto
others.

Power Constraint: A roleassignmentalgorithmshouldmin-
imize datacommunicationsincedatatransmissionandrecep-
tion expendmorepower thancomputationactivities in wireless
sensornetworks [7]. Intuitively, sincetheoverall communica-
tion cost is impactedby the locationof dataaggregators,the
role assignmentalgorithmshouldseekto �nd a suitableplace-
mentfor thefusionpointsthatminimizesdatacommunication.

Dynamic Behavior: Therearetwo sourcesof dynamismin
a WASN. First, the applicationmay exhibit dynamismdueto
the physicalmovementof end points or changein the trans-
missionpro�le. Second,therecould be nodefailuresdue to
environmentalconditionsor batterydrain. So far astheplace-
mentmoduleis concerned,thesetwo conditionsareequivalent.
In eithercase,thealgorithmneedsto �nd anew mappingof the
taskgraphontotheavailablenetwork nodes.

1A registeris a communicationabstractionwith processorreg-
ister semantics.Updatesoverwrite existing values,andreads
alwaysreturnthecurrentstatus.

4.2 The Role AssignmentHeuristic
Ourheuristicis basedon a simpleidea:�rst performanaive

assignmentof rolesto thenetwork nodes,andthenallow every
nodeto decidelocally if it wantsto transferthe role to any of
its neighbors.Uponcompletionof thenaive assignmentphase,
a secondphaseof role transferbegins. A nodehostingany fu-
sionpoint role,checksif oneof its neighbornodescanhostthat
rolebetterusingacostfunctionto determinethe“goodness”of
hostinga particularrole. If a betternodeis found thena role
transferis initiated. Sinceall decisionsaretakenlocally, every
nodeneedsto know only asmuchinformationasis requiredfor
determiningthegoodnessof hostingagivenrolefor agivenap-
plicationtaskgraph.For example,if thecostfunctionis based
upontheremainingpower level at thehost,everynodeneedsto
know only its own power level.

Naive TreeBuilding : Theprocedureof �nding a naive role
assignmentcanstartat any node. For simplicity, let us sayit
startsat theroot node,a nodewhereanenduserinteractswith
thesystem.Theuserpresentstheapplicationtaskgraphto the
root node. The root nodedecidesif it wantsto host the root
fusion function of the taskgraphbasedupon its available re-
sources.If the root nodedoeshostthe root fusion function, it
delegatesthe task of further building the sub-treesunderthe
root of the task graph to its neighbors,else it delegatesthe
building of completetree to oneof its neighbors. For exam-
ple, considerthe casewherethe root nodedecidesto hostthe
root fusion function. In this case,if the root fusion function
hastwo inputsfrom two otherfusionpoints,theroot nodedel-
egatesthe two subtrees,onecorrespondingto eachof the in-
put fusion points, to two of its neighbors.For the delegation
of building subtrees,the root nodeselectstwo of its “richest”
neighbors. Theseneighborsare chosenbasedupon their re-
portedresources.Thechosendelegatenodesbuild thesubtrees
following aproceduresimilar to theoneat theroot. This recur-
sive treebuilding endswhenthe input to the fusion pointsare
dataproducernodes(i.e. sources).Thecompletionnoti�cation
of thetreebuilding phaserecursively bubblesup the treefrom
thesourcesto theroot.

Note that, during this phase,different fusion pointsareas-
signedto distinctnodeswhenever possible.If therearenot as
many neighborsasneededfor delegationof the subtrees,the
delegating nodeassumesmultiple roles. Also, even the data
producingnodesaretreatedsimilar to thenon-producingnodes
for the role assignmentpurposein this phase. During later
phases,a costfunctiondecidesif multiple fusionpointsshould
be assignedto the samesensornodeor if datasourcesshould
notbeallowedto hosta fusionpoint.

Optimization Phase: After completionof thenaivetreebuild-
ing phase,theroot nodeinformsall othernodesin thenetwork
aboutthe startof the optimizationphase. During this phase,
every nodehostinga fusionpoint role is responsiblefor either
continuingto play that role or transferringthe role to oneof
its neighbors.Thedecisionfor role transferis taken solelyby
the fusion nodebaseduponlocal information. A fusion node
periodicallyinforms its neighborsaboutits role andits health
– an indicator of how good the node is in hosting that role.
Uponreceiving sucha message,a neighboringnodecomputes
its own healthfor hostingthat role. If the receiving nodede-
terminesthat it canplay therole betterthanthesender, thenit
informsthesender(fusionnode)of its own healthandits intent
for hostingthatrole. If theoriginalsenderreceivesoneor more



intentionrequestsfrom its neighbors,the role is transferredto
theneighborwith thebesthealth.Thus,with every role trans-
fer, the overall healthof the overlay network improves. Ap-
plication datatransferstartsonly after the optimizationphase
to avoid possibleenergy wastagein an unoptimizednetwork.
DFuseusesa third maintenancephasethatworkssimilar to the
optimizationphase(samerole transfersemantics).Detailsare
presentedin Section5.

4.3 SampleCostFunctions
Healthof anodeis quanti�edby anapplication-suppliedcost

function.Thechoiceof theparticularsetof parametersto usein
a costfunctiondependson the�gure of merit that is important
for theapplicationathand.

Wedescribefour samplecostfunctionsbelow. They aremo-
tivatedby recentworks on power-awarerouting in mobile ad
hocnetworks[14, 9]. Thehealthof a nodek to run fusionrole
f is expressedasthecostfunctionc(k; f ). A fusionnodecom-
paresits own healthwith the reportedhealthof its neighbors,
andit doesthe role transferif thereis an expectedhealthim-
provementthat is beyond a threshold.Note that the lower the
costfunctionvalue,thebetterthenodehealth.

Minimize transmission cost - 1 (MT1) : This cost function
aimsto decreasetheamountof datatransmissionrequiredfor
runninga fusion function. Input dataneedsto be transmitted
from sourcesto thefusionpoint,andtheoutputdataneedsto be
propagatedto theconsumernodes(possiblyacrosshops).For a
fusionfunctionf with minputdatasources(fan-in)andn output
dataconsumers(fan-out),thetransmissioncostfor placingf on
nodek is formulatedas:

cM T 1(k; f ) =
m

�

i =1

t (sourcei ) � hopCount (input i ; k)

+
n

�

j =1

t (f ) � hopCount (k; output j )

Here, t(x) representsthe transmissionrate of the datasource
x, andhopCount (i; k) is thedistance(in numberof hops)be-
tweennodei andk.

Minimize power variance (MPV) : This costfunction tries to
keepthepowerof network nodesatsimilar levels. If power(k)
is theremainingpower atnodek, thecostof placinganyfusion
functionon thatnodeis:

cM P V (k) = 1=power(k)

Minimize ratio of transmission cost to power (MTP) : This
cost function aimsto decreaseboth the transmissioncostand
lower thedifferencein thepower levelsof thenodes.Theintu-
ition hereis that thecostre�ects how long a nodecanrun the
fusionfunction.Thecostof placingafusionfunctionf onnode
k canbeformulatedas:

cM T P (k; f ) = cM T 1 (k; f ) � cM P V (k)

Minimize transmission cost - 2 (MT2) : This cost function
is similar to MT1, except that now the cost function behaves
like a stepfunction baseduponthe node's power level. For a
powerednode,thecostis sameascM T 1(k; f ), but if thenode's
power level goesbelow a threshold,then its cost for hosting

any fusionfunctionbecomesin�nity . Thus,if a fusionpoint's
power level goesdown, a role transferwill happeneven if the
transferdeterioratesthe transmissioncost. The cost function
canberepresentedas:

cM T 2 (k; f ) = ( power(k) > thr eshold ) ?

( cM T 1(k; f ) : I N F I N I TY )

4.4 Heuristic Analysis
For the classof applicationsandenvironmentsthat the role

assignmentalgorithmis targeted,thehealthof theoverallmap-
ping canbe thoughtof asthe sumof the healthof individual
nodeshostingthe roles. The heuristictriggersa role transfer
only if thereis a relative healthimprovement.Thus,it is safe
to saythatthedynamicadaptationsthattake placeimprove the
life of thenetwork with respectto thecostfunction.

Theheuristiccouldoccasionallyresultin theroleassignment
gettingcaughtin a localminima.However, dueto thedynamic
natureof WASNandthere-evaluationof thehealthof thenodes
at regular intervals, suchoccurrenceswill be short lived. For
example,if `minimizetransmissioncost(MT1 or MT2)' is cho-
senasthecostfunction,andif thenetwork is caughtin a local
minima,thatwouldimply thatsomenodeis losingenergy faster
than an optimal node. Thus, one or more of the suboptimal
nodeswill die causingthe algorithmto adaptthe assignment.
This behavior is observed in reallife aswell andwe show it in
theevaluationsection.

Thechoiceof costfunctionhasa directeffect on thebehav-
ior of the heuristic. We examinethe behavior of the heuristic
for acostfunctionthatusestwo simplemetrics:(a)simplehop-
countdistance,and(b) fusiondataexpansionor contractionin-
formation.

Theheuristicleadsmainly to two typesof role transfers:
Linear Optimization: If all the inputsto a fusionnodeare

comingvia a relaynode(Figure3A), andthereis datacontrac-
tion at the fusion point, then the relay nodewill becomethe
new fusion node,andthe old fusion nodewill transferits re-
sponsibilityto thenew one(Figure3B.) In this case,thefusion
point is moving away from thesink, andcomingcloserto the
datasourcepoints.Similarly, if theoutputof thefusionnodeis
going to a relay node,andthereis dataexpansion,thenagain
therelaynodewill actasthenew fusionnode.In this case,the
fusionpoint is comingcloserto thesinkandmoving awayfrom
thedatasourcepoints.

Triangular Optimization: If therearemultiplepathsfor in-
puts to reacha fusion point (Figure 4A), and if thereis data
contractionat the fusion node,then a triangularoptimization
canbe effected(Figure4B) to bring the fusionpoint closerto
the datasourcepoints. The fusion point will move along the
input paththatmaximizesthesavings. In theeventof dataex-
pansionat thefusionpoint, thenext downstreamnodefrom the
fusionpoint in thepathtowardsthesinkswill becomethenew
fusionnode.Theoriginal fusionpointwill simplyactasarelay
node.

5. IMPLEMENT ATION
DFuseis implementedasa multi-threadedruntimesystem,

assuminginfrastructuresupportfor timestampingdataproduced
from differentsensors,andareliabletransportlayerfor moving
datathroughthenetwork. Multi-threadingtheruntimesystem
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Figure3: Linear Optimization example.
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Figure4: Triangular Optimization example.

enhancesopportunitiesfor parallelismin datacollectionandfu-
sionfunctionexecutionfor streamingtasks.Theinfrastructural
assumptionscanbesatis�edin variousways.As wementioned
in Section3, the timestampsassociatedwith the datacan be
virtual or real. Virtual timestampinghasseveral advantages,
themostimportantof which is the fact that the timestampcan
serveasavehiclefor propagatingthecausalitybetweenraw and
processeddatafrom agivensensor. Besides,virtual timestamps
allows anapplicationto choosethegranularityof real-timein-
terval for chunkingstreamingdata. Further, the runtimeover-
headisminimizedsincethereisnorequirementfor globalclock
synchronization,makingvirtual time synchrony attractive for
WASN. For transport,giventhemulti-hopnetwork topologyof
WASN, amessaginglayerthatsupportsadhocroutingis desir-
able.

Assumingaboveinfrastructuresupport,implementingDFuse
consistsof thefollowing steps:

1. Implementinga multi-threadedarchitecturefor the fu-
sionmodulethatsupportsthebasicfusionAPI calls(Sec-
tion 3), and the other associatedoptimizationssuchas
prefetching;

2. Implementingthe placementmodule that supportsthe
roleassignmenttasks(Section4); and

3. Interfacingthetwo modulesfor bothinstantiatingtheap-
plicationtaskgraphandinvoking changesin theoverlay
network duringexecution.

The infrastructuralrequirementsaremetby a programming
systemcalledStampede[13, 2]. A Stampedeprogramconsists
of adynamiccollectionof threadscommunicatingtimestamped
dataitemsthroughchannels. Stampedealsoprovidesregisters
with full/emptysynchronizationsemanticsfor inter-threadsig-
naling andevent noti�cation. The threads,channels,andreg-
isterscanbe launchedanywherein thedistributedsystem,and

theruntimesystemtakescareof automaticallygarbagecollect-
ing thespaceassociatedwith obsoleteitemsfrom thechannels.
ThoughStampede's messaginglayerdoesnotsupportadaptive
multi-hopadhocrouting,we adopta novel way of performing
theevaluationwith limited routingsupport(Section6). For the
easeof evaluation,wehavedecoupledthefusionandplacement
moduleimplementations.Their interfaceis a built-in commu-
nication channeland a protocol that facilitatesdynamic task
graphinstantiationandadaptationusingtheDFuseAPI. Trans-
missionratesexhibitedby theapplicationarecollectedby this
interfaceandcommunicatedto theplacementmodule.

5.1 Data FusionModule
We have implementedthefusionarchitecturein C asa layer

on top of the Stampederuntime system. All the buffers (in-
putbuffers,fusionbuffer, andprefetchbuffer) areimplemented
asStampedechannels.SinceStampedechannelshold times-
tampeditems,it is a straightforwardmappingof thefusionat-
tribute to the timestampassociatedwith a channelitem. The
StatusandCommandregistersof thefusionarchitectureareim-
plementedusingtheStampederegisterabstraction.In addition
to theseStampedechannelsandregistersthathave a direct re-
lationshipto theelementsof thefusionarchitecture,theimple-
mentationusesadditionalStampedechannelsandthreads.For
instance,thereareprefetchthreadsthat gatheritemsfrom the
input buffers, fusethem,andplacethemin theprefetchbuffer
for potentialfuturerequests.This featureallows latency hiding
but comesat thecostof potentiallywastednetwork bandwidth
andhenceenergy (if the fuseditem is never used). Although
this featurecanbe turnedoff, we leave it on in our evaluation
andensurethatno suchwastefulcommunicationoccurs.Sim-
ilarly, thereis a Stampedechannelthatstoresrequeststhatare
currentlybeingprocessedby the fusion architectureto elimi-
nateduplicationof work.



The createFC call from an applicationthreadresultsin
the creationof all the above Stampedeabstractionsin the ad-
dressspacewherethe creatingthreadresides.An application
cancreateany numberof fusionchannels(modulosystemlim-
its) in any of the nodesof the distributed system. An at-
tachFC call from anapplicationthreadresultsin theapplica-
tion threadbeingconnectedto thespeci�ed fusionchannelfor
getting fuseddataitems. For ef�cient implementationof the
getFCItem call, a pool of worker threadsis createdin each
nodeof the distributed systemat applicationstartup. These
worker threadsare usedto satisfy getFCItem requestsfor
fusion channelscreatedat this node. Sincedatamay have to
befetchedfrom a numberof input buffers to satisfytheget-
FCItem request,oneworker threadis assignedto eachinput
buffer to increasethe parallelismfor fetching the dataitems.
Oncefetchingis complete,the worker threadrejoinsthe pool
of free threads.Theworker threadto fetch the lastof thereq-
uisite input itemsinvokes the fusion function andputsthe re-
sulting fuseditem in the fusionbuffer. This implementationis
performance-consciousin two ways: �rst, thereis no duplica-
tion of fusion work for the samefuseditem from multiple re-
questers;second,fusionwork itself is parallelizedateachnode
throughtheworker threads.

The durationto wait on an input buffer for a dataitem to
be availableis speci�ed via a policy �ag to the getFCItem .
For example,if try for time delta policy is speci�ed, thenthe
worker threadwill wait for time deltaon the input buffer. On
the otherhand,if block policy is speci�ed, the worker thread
will wait on the input buffer until the dataitem is available.
The implementationalsosupportspartial fusion in casesome
of theworker threadsreturnwith anerrorcodeduringfetchof
anitem. Takingcareof failuresthroughpartialfusionis a very
crucialcomponentof themodulesincefailuresanddelayscan
becommonin WASN.

As we mentionedearlier, Stampededoesautomaticrecla-
mationof storagespaceof dataitems in channels.Stampede
garbagecollection usesa global lower boundfor timestamp
valuesof interestto any of theapplicationthreads(which is de-
rivedfrom aper-threadstatevariablecalledthreadvirtual time).
Our fusion architectureimplementationleveragesthis feature
for cleaningup thestoragespacein its internaldatastructures
(whicharebuilt usingStampedeabstractions).

5.2 PlacementModule
Theplacementmoduleimplementationisanevent-basedsim-

ulationof thedistributedheuristicfor assigningroles(Section
4) in thenetwork. It takesanapplicationtaskgraphandthenet-
work topologyinformationasinputs,andgeneratesanoverlay
network, whereineachnodein theoverlayis assignedaunique
role of performinga fusionoperation.It currentlyassumesan
ideal routing layer (every nodeknows a route to every other
node)andan ideal MAC layer (no contention). It shouldbe
notedthatany behavior differentfrom this idealonecanbeen-
coded,if necessary, in anappropriatecostfunction. Similarly,
any enhancementin theinfrastructurecapabilitiessuchasmul-
ticastcanalsobecapturedin anappropriatecostfunction.

Theplacementmodulerunsin threephases,eachfor a pre-
de�ned duration.Theapplicationis instantiatedonly at theend
of thesecondphase.Thethreephasesare:

1. Naive treebuilding phase:This phasestartswith regis-
tering the “build naive tree” event at the root nodewith

theapplicationtaskgraphastheinput. In this phase,the
taskgraphis simplymappedto thenetwork startingfrom
the root node(or the setof sinks in the task graph)as
describedin Section4, disregardingcost function eval-
uation. At the endof this phase,therewill be a valid,
thoughnaive, role assignment.Every nodewill know its
role,if any, andit will know theaddressesof theproducer
andconsumernodescorrespondingto its role.

2. Optimizationphase:In thisphase,theheuristicrunswith
acost-functionbaseduponthehop-countinformationand
fusionfunctioncharacteristic(dataexpansionor contrac-
tion) at the fusion points. The applicationhasnot yet
beenlaunched.Thereforethe nodesdo not have actual
datatransmissionratesto incorporateinto thecostfunc-
tion. Thenodesexchangethehop-countandfusionchar-
acteristicsinformation frequentlyto speedup the opti-
mization,andleadto aninitial assignmentof rolesprior
to launchingtheapplication.

3. Maintenancephase:This phasebehavessimilarly to the
optimizationphase,with thedifferencethat theapplica-
tion is actuallyrunning.Therefore,thecostfunctionwill
usereal transferratesfrom the differentnodesin possi-
bly changingtheroleassignments.In principle,wecould
have moved directly from the �rst phaseto this phase.
The reasonfor the second(optimization)phaseprior to
applicationstartupis toavoidexcessiveenergydrainwith
actualapplicationdatatransmissionsbeforethenetwork
stabilizesto an initial goodmapping. The frequency of
roletransferrequestbroadcastsin thethird phaseis atun-
ableparameter.

During the optimizationphase,the cost function usesthe
fusion function characteristicssuchasdataexpansionor con-
traction. If suchinformation is not available for a role, then
datacontractionis assumedby theplacementmodule.If there
aremultipleconsumersfor dataproducedatsomefusionpoint,
thenit is tricky to judgeif thereis aneffective dataexpansion
or contractionat suchnodes.Even if the fusion characteristic
indicatesthatthereis datacontraction,if thesamedatais to be
transmittedto morethanoneconsumer, effectively theremay
bedataexpansion.Also, if two or moreconsumersarewithin
a broadcastregion of the fusion point, thena singletransmis-
sionmaysuf�ce to transportthedatato all theconsumers,and
thiswill lessentheeffectof thedataexpansion.However, these
effectsareaccountablein thecostfunction.

6. EVALUATION
We have performedan evaluationof the fusion and place-

mentmodulesof theDFusearchitectureat two differentlevels:
micro-benchmarksto quantifytheoverheadof theprimitiveop-
erationsof the fusion API including channelcreation,attach-
ments/detachments,migration, and I/O; ability of the place-
ment module to optimize the network given a cost function.
Theexperimentalsetupusesa setof wirelessiPAQ 3870srun-
ning Linux “f amiliar” distribution version0.6.1 togetherwith
a prototypeimplementationof the fusion modulediscussedin
section5.1.

6.1 FusionAPI Measurements
Figure5 shows thecostof theDFuseAPI. In part (a), each

API costhas3 �elds - local, ideal, andAPI overhead. Local



0 20 40 60 80 100 120

consumeFCItem

getFCItem(1K) - 0 1 2

getFCItem(10) - 0 1 2

getFCItem(1K) - 0 0 1

getFCItem(10) - 0 0 1

getFCItem(1K) - 0 1 0

getFCItem(10) - 0 1 0

getFCItem(1K) - 0 1 1

getFCItem(10) - 0 1 1

putFCItem(1K)

putFCItem(10)

detachFC

attachFC

destroyFC

createFC

Time (ms)

Local
Ideal (Messaging Latency Only)
API Overhead for Remote

Number in () = Item Size

# # # - Configuration of Different
           Input,  Fusion Channel, and
           Consumer locations
           (example)
           0 1 1 - InpAS:0, ChanAS:1, 
                      ConsAS:1

0

100

200

300

400

500

600

0 1 2 3 4 5 6 7 8 9 10

Number of Items in Fusion Channel (Each item size = 1024 Bytes)

C
o

st
 (

m
s)

API Overhead

Ideal Cost(Messaging Latency Only)

R
2R

R
2L

L2R

L2R - Local to Remote moveFC
R2L - Remote to Local moveFC
R2R - Remote to Remote moveFC

(a) (b)

Figure5: (a) FusionChannel APIs' cost(b) Fusion channelmigration (moveFC) cost

Round Msgoverhead Round Msg overhead
API Trips (bytes) API Trips (bytes)

createFC 3 596 getFCItem (1K) - 0 1 0 6 3112
destroyFC 5 760 getFCItem (10) - 0 0 1 10 1738
attachFC 3 444 getFCItem (1K) - 0 0 1 10 4780
detachFC 3 462 getFCItem (10) - 0 1 2 10 1738

putFCItem (10) 1 202 getFCItem (1K) - 0 1 2 10 4780
putFCItem (1K) 1 1216 consumeFCItem 2 328

getFCItem (10) - 0 1 1 4 662 moveFC(L2R) 20 4600
getFCItem (1K) - 0 1 1 4 1676 moveFC(R2L) 25 5360
getFCItem (10) - 0 1 0 6 1084 moveFC(R2R) 25 5360

Table 1: Number of round trips and messageoverhead of DFuse. SeeFigure 5 for getFCItem and moveFCcon�guration
legends.

cost indicatesthe latency of operationexecutionwithout any
network transmissioninvolved, ideal cost includesmessaging
latency only, andAPI overheadis thesubtractionof local and
ideal costsfrom actualcoston the iPAQ farm. Ideally, the re-
motecall is thesumof messaginglatency andlocalcost.Fusion
channelscanbe locatedanywherein thesensornetwork. De-
pendingon thelocationof thefusionchannel's input(s),fusion
channel,andconsumer(s),theminimumcostvariesbecauseit
caninvolvenetwork communications.getFCItem is themost
complex case,having four differentcon�gurationsandcostsin-
dependentof theitemsizesbeingretrieved.Forpart(a),wecre-
atefusionchannelswith capacityof tenitemsandoneprimitive
Stampedechannelasinput. Reportedlatenciesaretheaverage
of 1000iterations.

On our iPAQ farm, netperf[12] indicatesa minimum UDP
roundtriplatency of 4.7ms,andfrom 2-2.5Mbpsmaximumuni-
directional streamingTCP bandwidth. Table 1 depictshow
many roundtripsarerequiredandhow many bytesof overhead
exist for DFuseoperationson remotenodes.Fromthesemea-
surements,we show messaginglatency valuesin Figure5(a)
for idealcasecostson thefarm. We calculatetheseidealcosts
by addinglatency per roundtrip andthe costof the transmis-
sion of total bytes,presuming2Mbpsthroughput.Comparing
theseidealcostsin Figure5(a)with theactualtotal costillus-

tratesreasonableoverheadfor our DFuseAPI implementation.
Themaximumcostof operationson a localnodeis 5.3ms.For
operationson remotenodes,API overheadis lessthan74.5%
of theidealcost.For operationswith morethan20msobserved
latency, API overheadis lessthan53.8%of theidealcost.This
�gure alsoillustratesthatmessagingconstitutesthemajorityof
observedlatency of API operationson remotenodes.Notethat
idealcostsdo not includeadditionalcomputationandsynchro-
nizationlatenciesincurredduringmessagehandling.

Theplacementmodulemaycausea fusionpoint to migrate
acrossnodesin the sensorfusion network. Migration latency
dependsupon many factors: the numberof inputs and con-
sumersattachedto thefusionpoint, therelative locationsof the
nodewheremoveFCis invokedto thecurrentandresultingfu-
sionchannel,andamountof datato bemoved. Our analysisin
Figure5(b) assumesa singleprimitive stampedechannelinput
to the migratingfusion channel,with only a singleconsumer.
Part (b) sharesthesameidealcostcalculationmethodologyas
part (a). Our observationsshow that migrationcost increases
with numberof input itemsandthatmigrationfrom aremoteto
a remotenodeis morecostly thanlocal to remoteor remoteto
localmigrationfor a �x ednumberof items.Reportedlatencies
areaveragesover 300iterationsfor part(b).
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(B) MPV: Minimize Power Variance
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(C) MTP: Ratio of ��� ansmission Cost to Available Power
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Figure6: The network traf�c timeline for differ ent costfunctions. X axisshows the application runtime and Y axisshows the
total amount of data transmissionper unit time.

6.2 PlacementAlgorithm Measurements
To verify the designof the fusion module and placement

algorithm,we have implementedthe tracker application(Fig-
ure1) usingthefusionAPI anddeployedit on theiPAQ farm.
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Figure 7: iPAQ Farm Experiment Setup. An arr ow repre-
sentsthat two iPAQs are mutually reachablein onehop.

Figure7 shows the topologicalview of the iPAQ farmused
for the tracker applicationdeployment. It consistsof twelve

iPAQ3870scon�guredidenticallyto thosein themeasurements
above. Node0, wherenodei is the iPAQ correspondingto ith
nodeof thegrid, actsasthesink node.Nodes9, 10,and11 are
theiPAQsactingasthedatasources.Thelocationof �lter and
collage fusionpointsareguidedby theplacementmodule.

Theplacementmodulesimulatorrunson a separatedesktop
in synchrony with the fusion module. At regular intervals, it
collectsthe transmissiondetails(numberof bytesexchanged
betweendifferentnodes)from thefarm. It usesa simplepower
model(discussedlater) to accountfor thecommunicationcost
andto monitorthepower level of differentnodes.If theplace-
mentmoduledecidesto transfera fusionpoint to anothernode,
it invokesthemoveFCAPI to effect therole transfer.

For transmissionrates,wehave tunedthetrackerapplication
to generatedataat consistentratesasshown in Figure1, with
x equalto 6KBytesperminute.This is equivalentto a scenario
wherecamerasscanthe environmentonceevery minute,and
produceimagesrangingin sizefrom 6 to 12KBytesaftercom-
pression.

Thenetwork is organizedasthegrid shown in Figure7. For
any two nodes,theroutingmodulereturnsthepathwith amin-
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Figure8: Comparisonof differ ent costfunctions. Application runtime is normalized to the bestcase(MT2), and total remain-
ing power is presentedasthe percentageof the initial power.

imum numberof hopsacrosspowerednodes. To accountfor
power usageat differentnodes,the placementmoduleusesa
simpleapproach.It modelsthepower level at every node,ad-
justingthembasedupontheamountof dataanodetransmitsor
receives. The power consumptioncorrespondsto ORiNOCO
802.11bPC cardspeci�cation [1]. Our currentpower model
only includesnetwork communicationcosts. After �nding a
naive tree,theplacementalgorithmrunsin optimizationphase
for two seconds.Thelengthof this periodis tunableandit in-
�uencesthequality of mappingat theendof theoptimization
phase.Duringthisphase,fusionnodeswakeupevery100msto
determineif role transferis indicatedby thecostfunction. Af-
ter optimization,thealgorithmrunsin maintenancephaseuntil
thenetwork becomesfragmented(someconsumercannotreach
oneof its inputs). During themaintenancephase,role transfer
decisionsareevaluatedevery50seconds.Therole transfersare
invokedonly whenthehealthimprovesby a thresholdof 5%.

Figure6 shows thenetwork traf�c perunit time (sumof the
transmissionrateof every network node)for thecostfunctions
discussedin Section4.3. It comparesthenetwork traf�c for the
actualplacementwith respectto thebestpossibleplacementof
thefusionpoints(bestpossibleplacementis foundby compar-
ing thetransmissioncostfor all possibleplacements).Notethat
theapplicationruntimecanbe increasedby simply increasing
theinitial power level of thenetwork nodes.

In MT1, thealgorithm�nds a locally bestplacementby the
endof optimizationphaseitself. The optimizedplacementis
only 10%worsethanthebestplacement.Thesameplacement
continuesto run the applicationuntil oneof the fusion points
(onewith thehighesttransmissionrate)dies,i.e. theremaining
capacitybecomeslessthan5% of theinitial capacity. If we do
not allow role migration,theapplicationwill stopat this time.
But allowing role migration,asin MT2, enablesthemigrating
fusion point to keeputilizing the power of the available net-
work nodesin thelocally bestpossibleway. Resultsshow that
MT2 providesmaximumapplicationruntimethatis morethan
twice aslong asthat for MT1. Theobservednetwork traf�c is
atmost12%worsethanthebestpossiblefor the�rst half of the
run, andit is sameasthe bestpossiblerate for the latter half
of the run. MPV performsworst, while MTP hascompara-
blenetwork lifetime asMT2. Figure6 alsoshows thatrunning

theoptimizationphasebeforeinstantiatingtheapplicationim-
provesthetotal transmissionrateby 34%comparedto thenaive
placement.

ThoughMPV doesnot provide comparablygood network
lifetime (Figure6B), it providesthebest(least)power variance
comparedto othercostfunctions(Figure8A). SinceMT1 and
MT2 drain the power of fusion nodescompletelybeforerole
migration,they show worstpower variance.Also, thenumber
of rolemigrationsis minimumcomparedto othercostfunctions
(Figure8B). Theseresultsshow thatthechoiceof costfunction
shouldbedependentuponapplicationcontext andnetwork con-
dition. If, for an application,role transferis complex andex-
pensive,but network power varianceis not anissue,thenMT2
shouldbepreferred.However, if network powervarianceneeds
to beminimizedandrole transferis inexpensive, MTP should
be preferred.Simulationresultsfor othertaskgraphcon�gu-
rationshave beenfoundto provide similar insight into thecost
functions'behavior.

6.3 Discussion
By runningtheapplicationandroleassignmentmodulessep-

arately, we have simpli�ed our evaluationapproach.This ap-
proachhassomedisadvantagessuchaslimited ability to com-
municatecomplex resourcemonitoring results. Transferring
every detail of the running statefrom the fusion module to
theplacementmoduleis prohibitive in ourdecoupledsetupdue
to theresultingnetwork perturbation.Suchperturbation,even
whenminimal stateis beingcommunicatedbetweenthemod-
ules, preventsaccuratenetwork delay metric usagein a cost
function. However, our simpli�ed evaluationdesignhasal-
lowed us to rapidly build prototypesof the fusion andplace-
mentmodules.

7. RELATED WORK
Datafusion,or in-networkaggregation,isawell-known tech-

nique in sensornetworks. Researchexperimentshave shown
that it savesconsiderableamountof power evenfor simplefu-
sionfunctionslike �nding min, maxor averagereadingof sen-
sors[11,8]. While theseexperimentsandothershavemotivated
theneedfor a goodrole assignmentapproach,they do not use
adynamicheuristicfor theroleassignmentandtheir staticrole



assignmentapproachwill notbeapplicableto streamingmedia
applications.

DFuseemploys a script basedinterfacefor writing applica-
tionsover thenetwork similar to SensorWare[4]. SensorWare
is a framework for programmingsensornetworks, but its fea-
turesareorthogonalto what DFuseprovides. Speci�cally, 1)
SensorWaredoesnotemploy any strategy for assigningrolesto
minimize the transmissioncost,or dynamicallyadaptthe role
assignmentbasedon availableresources.It leavestheonusto
theapplications.2) SinceDFusefocuseson providing support
for fusionin thenetwork, theinterfaceto write fusion-basedap-
plicationsusingDFuseisquitesimplecomparedto writing such
applicationsin SensorWare. 3) DFuseprovidesoptimizations
like prefetchingandsupportfor buffer managementwhich are
not yet supportedby otherframeworks. Otherapproaches,like
TAG [11], look at a sensornetwork asa distributeddatabase
andprovide a query-basedinterfacefor programmingthe net-
work. TAG usesanSQL-like querylanguageandprovidesin-
network aggregationsupportfor simpleclassesof fusionfunc-
tions. But TAG assumesa staticmappingof rolesto the net-
work, i.e. a routingtreeis built basedon thenetwork topology
andthequeryin hand.

Recentresearchin power-aware routing for mobile ad hoc
networks [14, 9] proposespower-awaremetricsfor determin-
ing routesin wirelessadhocnetworks. We usesimilar metrics
to formulatedifferentcostfunctionsfor our DFuseplacement
module. While designinga power-aware routing protocol is
not thefocusof thispaper, we arelooking into how therouting
protocol informationcanbe usedto de�ne more �e xible cost
functions.

8. FUTURE WORK
We planto extendour work in two directions:extendingthe

fusionAPI to accommodatemoreapplications,andfurtherex-
ploring the role assignmentalgorithm behavior and capabili-
ties. DFuseassumesthat the addressesof the data sources
areknown at querytime. This assumptionmay be a limiting
assumptionfor many applicationswheredatasourcesareun-
known at querytime. We areexploring differentwaysof ex-
tendingDFuseto handlesuchdata-centricqueries. Onepos-
sible approachis to have an interest-disseminationphasebe-
fore thenaive treebuilding phaseof the role assignmentalgo-
rithm. During this phase,the interestsetof individual nodes
(for speci�c data) is disseminatedas is donein directeddif-
fusion. When the exploratory sourcepackets reachthe sink
(root nodeof theapplicationtaskgraph),thesourceaddresses
areextractedandrecordedfor later usein otherphasesof the
role assignmentalgorithm. We plan to study the role assign-
mentbehavior in thepresenceof nodemobility and/orfailure.
Weexpectfutureiterationsof thisalgorithmto gracefullyadapt
fusion point placementsin the presenceof mobility and fail-
uresasis donecurrentlyto conserve power. Thecostfunction
mayneedto includeparameterspertainingto mobility andnode
failures.Wewouldalsolike to investigatecostfunctionsexten-
sionsto includecross-layerinformation(suchasplacementof
relaynodes)to furtherimprove fusionpointplacement.

9. CONCLUSION
As theform factorof computingandcommunicatingdevices

shrinksandthecapabilitiesof suchdevicescontinueto grow, it
hasbecomereasonableto imagineapplicationsthatrequirerich

computingresourcestodaybecomingviablecandidatesfor fu-
turesensornetworks. With this futuristic assumption,we have
embarked on designingAPIs for mappingfusion applications
suchasdistributedsurveillanceon wirelessadhocsensornet-
works. We argue that the proposedframework will easethe
developmentof complex fusion applicationsfor future sensor
networks. Our framework usesa novel distributedrole assign-
ment algorithm that will increasethe applicationruntime by
doingpower-aware,dynamicrole assignment.We validateour
argumentsby designinga sampleapplicationusingour frame-
work andevaluatingthe applicationon an iPAQ basedsensor
network testbed.
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