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ABSTRACT
In a sensornetwork, the infrastructure(in termsof the sen-
sorcapabilities,numberof sensors,anddeploymentstrategy)
playsa signi�cant role in determiningtheperformanceof the
network. In thispaper, westudytheeffectof infrastructurede-
cisionson theperformanceof a sensornetwork for two types
of network delivery models(phenomenon-driven andcontin-
uous)anddifferenttypesof network protocols.We show the
performanceboth in termsof network ef�ciency as well as
meetingthe applicationaccuracy and latency demands.The
experimentsshow thatmaintaininganoperatingpointthatdoes
notexceedthenetwork capacityiscritical to improving perfor-
mancebothin networking andapplicationmetrics.Exploring
the interplay betweeninfrastructureand performanceopens
the door for network optimizationsthat control the effective
topologyto betterachieve theapplicationrequirements.

1. INTRODUCTION
Sensornetworksrepresentanew paradigmfor reliableenvi-

ronmentmonitoringandinformationcollection.They holdthe
promiseof revolutionizing sensingin a wide rangeof appli-
cationdomainsbecauseof their reliability, accuracy, �e xibil-
ity, cost-effectiveness,andeaseof deployment. Furthermore,
in futuresmartenvironments,it is likely thatsensornetworks
will play a key role in sensing,collecting,anddisseminating
informationabouttheenvironment.

A sensornetwork is a tool for distributed sensingof one
or morephenomena,andreportingthe senseddatato oneor
moreobservers. As such,the performanceof the network is
bestmeasuredin termsof meetingtheaccuracy anddelayre-
quirementsof the observer. Additional performancemetrics
include the life time of the network, costof the sensorsand
their deployment,fault toleranceandscalability[34].
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Conceptually, asensornetwork is organizedasa threelayer
system:(1) infrastructure:refersto thephysicalsensors(their
physicalcharacteristicsandcapabilities),the numberof sen-
sorsand their deployment strategy (how/wherethey are de-
ployed); (2) networking protocol: responsiblefor dissemina-
tion of thesenseddataby creatingandmaintainingpathsbe-
tweenthesensorsandtheobserver(s);and(3) theapplication:
responsiblefor translatingthe observer interestsinto speci�c
network-level operations.Finally, cross-cuttingoptimizations
acrossthethreelevelsarepossibleto improvetheperformance
of thenetwork.

Althoughthereis a largebodyof work in building andnet-
working sensornetworks (a goodbibliographyof sensornet-
work researchcanbefoundonthiswebsite[27]), thesestudies
focuson optimizing the applicationandnetworking protocol
to improve performance.In contrast,this paperconsidersthe
tradeoffs in theinfrastructuredesignandtheir implicationson
performanceandthe designof the networking protocol. We
alsostudythe effect of biasingthe deployment to re�ect the
phenomenonmotion patternon the performanceof the net-
work.

Intuitively, it appearsthat a denserinfrastructureleadsto
a more effective sensornetwork becausehigher accuracy is
likely anda largeraggregateamountof energy is availablein
thenetwork. However, a densernetwork will leadto a larger
numberof collisionsandpotentiallyto congestionin thenet-
work; this will increaselatency andreduceenergy ef�ciency.
Moreover, the large numberof samplesreportedby the sen-
sorsmay exceedthe accuracy requirementsof the observer.
Thus, simply increasingthe reportingrateor the numberof
sensorsmay actually harm the performanceof the network.
We study this tradeoff using different applicationscenarios
(phenomenondrivenvs. continuousupdatedatareporting)and
for differentinfrastructurecon�gurations.

Oneof thelessonslearnedfrom this studyis thata form of
congestioncontrol is necessaryto make surethatthereported
samplesdonotexceedthecapacityof thenetwork. In addition,
thiscontrolis necessaryto optimizethelifetimeof thenetwork
while meetingtheminimumaccuracy requirementsof theap-
plication.Thus,thecongestioncontrolmustnotonly bebased
on thecapacityof thenetwork, but alsoon theaccuracy level
at the observer. The traf�c in a sensornetwork is different
from conventionalnetworks; it is a collective communication
operationwith redundancy. Thus,thenetwork protocolhasthe
�e xibility of meetingtheperformancedemandsby controlling
thereportingrateof thesensors,controllingthevirtual topol-



ogyof thenetwork (by turningoff somesensorsfor example),
or optimizing the collective reductioncommunicationopera-
tion (by fusingdataalongtheway for example).We notethat
this applicationdrivencongestioncontrol is different,andata
lower level, from proposalsto incorporateapplicationdepen-
dentprocessingand/ordataaggregationwithin thenetwork.

Theremainderof thispaperis organizedasfollows. In Sec-
tion 2 we overview the role of the infrastructureanddiscuss
the availabledeploymentstrategies. Section3 overviews the
modelingapproachandthe evaluationenvironment. In Sec-
tion 4 we presenttheexperimentalstudy. Section5 overviews
somerelatedwork. Finally, Section6 presentssomeconclud-
ing remarks.

2. INFRASTRUCTURE ORGANIZA TION

The infrastructureof thesensornetwork refersto thechar-
acteristicsof theindividualsensors,thenumberof sensorsde-
ployed,aswell asthedeploymentstrategy (wherethesensors
aredeployed, sensormobility, etc.). A sensortypically con-
sistsof � vecomponents:transducer, memory, battery, embed-
dedprocessor, andtransceiver. Thesecomponentsaffect the
performanceof thesensorandultimately thatof thenetwork.
For example,theaccuracy of thetransducerwill affect theac-
curacy of the sensingat the observer. Similarly, the sizeof
thememoryaffectsthebuffering spaceat thesensorsandthe
ability of thenetwork to handletransientburstsin traf�c. The
batterysizedeterminestheamountof energy availableat the
sensorandaffectsthelifetime of thenetwork. Thecapabilities
of theembeddedprocessordeterminethelevel of optimization
that is possibleat the sensorswithout introducingexcessive
lossof power or intolerablelevelsof delay. Finally, thechar-
acteristicsof thetransceiver determinethetransmissionrange
of thenetwork andthecapacityof thetransmissionchannel.

Improving the characteristicsof any of the subsystemsin-
creasesthe cost, form factor or both for the sensor. Thus,
within the available budget for the sensornetwork, the de-
signermustdecidewhetherto investin a largenumberof in-
expensive sensors,or a smallernumberof expensive, higher
qualityones.

Intuitively, for agiventypeof sensor, increasingthenumber
of sensorsdeployed in the �eld shouldresult in a betterper-
forming network with respectto themetricsidenti�ed earlier;
otherwise,why paytheextra cost.Consider:(1) theaccuracy
of the sensingshould improve sincethereare more sensors
in a position to report on the phenomena;(2) the available
energy within the network increases;and (3) the additional
sensordensityoffers the potentialof a betterconnectednet-
work with more ef�cient pathsbetweenthe sensorsand the
observers. However, increasingthenumberof sensorsin turn
resultsin a higher numberof sensorsreportingtheir results
per time unit. If this increasedload exceedsthe capacityof
thenetwork in termsof accessto thesharedwirelessmedium
aswell ascongestionin intermediatenodes,increasingtheca-
pacitymayendup adverselyaffectingtheperformanceof the
network.

With respectto capacity, theproblemcanbeviewedin terms
of collision andcongestion.To avoid collisionssensorsthat
are in the transmissionrangeof eachothershouldno trans-
mit simultaneously. Considersensors1.. . � arearrangedin

a chaineachwith transmissionrange � . Then for any given
sensor� , sensorslocatedin the range ��� ���	��

����� and ��� ���	��

�����

shouldnot transmitat the sametime. Paststudies[35] have
discussedthecollision problemandaddressingit by improv-
ing theMAC layer. To thebestof our knowledge,congestion
hasnotbeenaddressedby paststudies.

Weconsideraphenomenondrivenreportingmodelwherea
sensorreportsif it is in rangewith thephenomenon.Assume
thatwe have � sensorsout of which � sensorsarein range
of the phenomenonat a given time � . Assumethat the �

sensorsarein interferencerangewith eachother(e.g., if the
transmissionrangeis greateror equalto the sensingrange).
Of the � reportingsensors,eachsensor�


 will transmitdata
toward the observer with bit rate �


 . The total datain transit
from time � to ����� where � is the averagelatency canbe
expressedas
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where
7

isafractionof thecapacitydictatedby theself-interference
thatarisesin multi-hopconnections(

7

is typicallyaround0.25[17]).
Thus,theupperboundon thereportingrateis dictatedby the
channelcapacity. On theotherhand,applicationspeci�c cri-
teria suchas the requiredaccuracy placesa lower boundon
thereportingrate;thereportingrateshouldbehigh enoughto
satisfythedesiredaccuracy. At any point of time thenumber
of active sensorsshouldbesuchthat theapplicationspeci�ed
accuracy requirementsaremet. If in orderto meetthe accu-
racy requirements,68	9	9
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to supporttheapplicationrequirements.
Notethatnotall sensorsareequalin termsof accuracy: de-

pendingon the location,a speci�c sensormay have a higher
qualitydatasample,or acombinationof sensorsmaytogether
provide a higher accuracy than anothercombination. How-
ever, we canqualitatively commenton the factorson which
thenumberof activesensorsdepends.Fromanetworkingper-
spective,it dependsonfactorssuchasthegeographiclocations
of thereportingsensors,buffer lengths,andpacket processing
times. From an applicationperspective, the value of infor-
mationsensedby the sensorneedsto be consideredaswell.
As wasdiscussedearlier, if a sensoris providing someunique
informationaboutsomefeatureof thephenomenon,thenap-
plicationmight requirethatsensorto reportirrespective of the
location of that sensor. Thus, applicationlevel information
mustbeusedin determiningwhatsensorsto reportandwhen
to meet the applicationperformancemetrics. We intend to
pursuesuchprotocolsin thefuture.



The deploymentstrategy refersto the numberof available
sensorsandthe strategy for their distribution within the phe-
nomena�eld. We considerthreedeployment strategies: (1)
randomdeployment – the sensorsare “sprayed”with a uni-
form distributionwithin the�eld; (2) regulardeployment– the
sensorsareplacedwith someregulargeometrictopologyin the
sensor�eld (for example,agrid); and(3) planneddeployment
– sensordeployment is planned(for example,biasedto pro-
vide highersensordensityin areaswherethephenomenonis
concentrated).It is unclearwhetherregular deploymentwill
offer advantagesover uniformly distributed randomdeploy-
ment;if it doesnot, randomdeploymentis preferablebecause
of its low cost.

In theremainderof thispaper, wewill evaluatetheseinfras-
tructuretradeoff for two typesof monitoringdisciplines(event
drivenandcontinuousreporting),anddifferentroutingproto-
cols. Theevaluationenvironmentandmodelingapproachare
presentedin thefollowing section.

3. EVALUATION ENVIRONMENT
In ordertomodelthecomplex relationshipsdescribedabove,

we have developedanevaluationenvironmentwithin theNS-
2 simulator[2]. Contraryto mostsensornetwork studies,we
havemadethephenomenonexplicit anddecoupledit from the
sensornetwork organization.Thisallowsusto studytheeffect
of varyingthedesignwithin thesensornetwork usingscenar-
ios thatareindependentof it. Wemodeltwo typesof phenom-
ena:(1) discretephenomena(for example,animalsin ahabitat
monitoringapplication[5]); and(2) continuousphenomenon
(for example,thetemperaturein a temperaturetrackingappli-
cation). For eachof thesetypes,thesensorswake up period-
ically accordingto someuserde�ned schedule,take samples
of theirphenomenonandreporttheir resultsif requiredby the
application.

Theenvironmentalsodecouplesthethreelevelsof thesen-
sornetwork: infrastructure,protocolandapplication.Therea-
soningagainis to provide a vehicle to allow comparisonof
“applesto apples”;we canstudytheeffect of varyingthede-
signat eachof theselevelson theperformanceof thenetwork
underuniformassumptions.For example,onecouldstudythe
effect of changingthe network protocol on the for a given
applicationand infrastructure– �e xibility was an important
considerationin thedesignof theenvironment. In this paper,
we studytheeffect of varyingtheinfrastructureon theperfor-
manceof the network for differentapplicationsandnetwork
protocols.

We consideredan applicationwith a discretephenomenon
that movesaroundin a squaregrid. We alsoconsideredtwo
applicationlevel scenarios:(1) continuousupdate:thesensors
periodically report their local measurementto the observer;
and(2) phenomenadriven update:sensorsreport their mea-
surementsto the observer periodically, but only if they have
dataof interestto report(in ourcase,thephenomenoniswithin
detectionrange). Otherscenarioscanbe easilyconstructed;
for example,scenarioswith multiple phenomena,continuous
phenomena,or multiple observerscanbedirectlygenerated.

Weareinterestedin application-level performance;conven-
tional network performancemetricssuchasthroughputareof
secondaryinterest. We considerthe following performance
metrics.

1. Accuracy: Theaccuracy of ameasurementatasensoris
speci�c to thephysicaltransducerandthenatureof the
phenomenon.In general,we assumethat themeasure-
menthasa tolerancethatincreaseswith thedistancebe-
tweenthesensorandthephenomenon.At theobserver,
it is likely that multiple sampleswill be received from
thedifferentsensors.Thesesamplesmustbecombined
intelligently to producea moreaccurateestimateof the
locationof the phenomenon.It is possibleto bias the
estimatetoward sensorswith highercon�dence(closer
to thephenomenon)andtowardmorerecentsamples.

2. Latency: Latency refersto the delaysin obtainingthe
samplesat theobserver dueto network congestion,the
dutycycleof thesensors,or dueto intelligent�ltering of
sampleddata.For realtimesensingapplications,delays
in reportingthestateof thephenomenonleadsto a loss
in accuracy. For the purposesof this study, we report
only thepacket latency within thenetwork.

3. Energy ef�ciency and fault tolerance: the energy ef-
�ciency of the network may be measuredin different
ways.For now, wereporttheenergy expenditurewithin
thenetworkaswell asthevariancein thesensornetwork
energy level.

4. Scalabilityis alsoof interest.While we do not investi-
gatescalabilitydirectly, ef�cient datareportingandre-
ducingnetwork loadis conducive to scalability.

4. EXPERIMENT AL STUDY
We considereda scenariowherea discretephenomenonis

beingtrackedby sensorsplacedalongtheverticesof a square
grid placedin anareaof 800by 800meters.We assumedthat
themeasureddatahasa uniformly distributedtoleranceof +/-
5% of the distancebetweenthe sensorandthe phenomenon.
We assumedthat thesensordetectionrangeis 200meters.In
thephenomenondrivenscenarios,only thesensorswithin this
rangereport their samples.The packet sizewas�x ed at 100
bytes;we do investigatethe effect of the packet sizeon per-
formanceaswell. We assumeda standardIEEE 802.11MAC
protocolwith a 2 Mbit/secchannelanda transmissionrange
for thesensorsof 250metersandusedtheenergy modelused
by theDirectedDiffusionsensornetwork protocolstudy[13]
(0.66joulesfor transmission,and0.395joulesfor reception).
The buffer spaceavailable at eachsensoris of size 5 pack-
ets; a larger buffer sizewill enablethe network to withstand
a higher level of transientcongestionbut will not help with
sustainedoverloadingof the network. We considereda sce-
nariowith a singlephenomenonwith a randomwaypointmo-
tion patternwith a speeduniformly distributedbetween1 and
2 meters/second.Theparametersaresummarizedin Table1.
Changingtheseparametershasaneffecton thecapacityof the
network andtheofferedload,but dueto spacelimitationsthis
effect is notpursuedin this paper.

We�rst establishthebasicinfrastructurecon�gurationtrade-
offs usingthefollowing parameters.WeusedDynamicSource
Routing (DSR) [14] as the networking protocolandexplore
boththegrid deploymentandrandomdeploymentof thesen-
sors. We thenstudytheeffect of thenetworking protocolfor
selectedscenarios.Finally, weexplorebiasingthedeployment
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Table1: Summary of Simulation Parameters
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Figure1: 15x15Grid

patternto matchthephenomenonmotionpattern.Unlessoth-
erwisestated,eachsimulationwas run for 50 seconds,and
every point representsthe averageof threedifferent random
seeds.

4.1 BasicInfrastructur e Tradeoffs
In the �rst set of experiments,we study the effect of in-

creasingthe sensordensityon the ef�ciency of the network.
Figure4 shows thegoodputof thenetwork asafunctionof the
reportingperiodfor severallevelsof network density. Thede-
ploymentstrategy wasaccordingto the grid topologyshown
earlier. We �rst notethatasthedatarateincreases,thegood-
put dropswhenthe rateexceedsthe capacityof the network
andsensedpacketsstartto bedropped.It is interestingto note
that the drop in goodputis more pronouncedfor the denser
networks. This is dueto thelargernumberof sensorscloseto
thephenomenoneffectively increasingtheofferedloadto the
network, resultingin morecollisionsanda highernumberof
packetsdroppeddueto congestion.Thiseffect is corroborated
by thepacket latency results(Figure5): the latency increases
with thedatarateaswell asthedensityof thenetwork.

Werepeatedtheseexperimentsfor randomdeployment,keep-
ing the samenumberof sensorsaseachof the studiedgrids.
The resultsfor goodput(Figure 6) and delay (Figure 7) do
notshow appreciabledifferencesin comparisonto uniformde-
ployment. Note thatwe do not considerthescenariowith 25
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Figure2: True-random 100sensors

sensors,aswasdonein thegrid case,becausethenetwork was
toosparseto maintainconnectivity with randomdeployment.

4.1.1 AccuracyStudy
In termsof applicationperformance,wemeasuredtheaccu-

racy of thetrackingof thephenomenonposition.Morespecif-
ically, theobserver generatesan estimateof thephenomenon
locationbasedon thesamplesit is receiving from thesensors.
We measuredtheerror in thesesamplesin thefollowing way.
Wediscretizedthetimeinto smallslotsandaveragedthesam-
plesreceived in eachslot. We thencomparedthis averageto
theactuallocationof thephenomenonat that time. Theerror
is thesquarerootof thesumof thesquareof thedifferencebe-
tweentheestimatedlocationandtheactuallocationaveraged
over thenumberof periods.Morespeci�cally,
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WhereS(i) is thesensedvaluein time slot i, A(i) is theactual
value at time slot i, and % is the numberof slots in the du-
rationof thesimulation. This is a proof of conceptapproach
to calculatingerror;any statisticalmeasurefor correlatingthe
measuredvalueagainsttheactualvaluewill suf�ce.

Figure8 shows the averageerror for the grid deployment
strategy underdifferent densitiesand for different reporting
periods.At high reportingrates,network capacityis exceeded
aswasobservedin thepreviousgraphs.Becauseof thelatency
in thereceiptof thesamplesandthelossof many samples,the
error value is high. On the other hand,if the reportingfre-
quency is low, not enoughsamplesareobtainedandtheaver-
ageerrorrises.With sparsenetworks,theerrorishigher(when
thenetwork is not saturated)becausethenumberof sensorsin
a position to measurethe phenomenonand the averagedis-
tancebetweena sensorand the phenomenonincreases.For
suchscenarios,theerror is minimizedwith a higherreporting
frequency; theadditionalsamplesreducetheerrorandthenet-
work is slower to saturatebecausetherearea fewer number
of sensorscompetingfor the sharedair space.With random
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Figure3: Biasednetwork 100sensors
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Figure4: Goodput asa Function of Densityand Data Rate

deployment(Figure9) thesamepatterncanbeobserved.

4.1.2 EnergyEf�ciency Study
Theenergy depletionin thenetwork is shown in Figure10

andFigure11 for thegrid sensordeploymentandrandomde-
ploymentrespectively. The energy depletionis a function of
thereportingrateaswell asthedensityof thenetwork. Recall
thatthedensityof thenetwork in theevent-drivenscenariocor-
relateswith thenumberof nodesthat reporttheir data.How-
ever, assuggestedby the goodputresults,a large portion of
this energy is wastedwhenthecapacityof thenetwork is ex-
ceeded.Moreover, the additionalcost incurredto buy more
sensorswill not berewardedby a higherlife time for thenet-
work becausethedepletionratealsoincreases.In fact,when
we considerthenormalizedenergy expenditurepersensor(as
Figure12 shows for grid deployment)theaveragesensorgets
depletedmorequickly with higherdensity. Thus,thelifetime
of thenetwork likely dropswith increaseddensityeventhough
we startwith a muchhighertotal availablepower in the net-
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work! Accordingly, thereis aneedfor intelligentmanagement
of theinfrastructurefrom anenergy perspective aswell.

To summarize:in agreementwith intuition, increasingthe
network densitycanresult in higheraccuracy, but only if the
sensingtraf�c is kept below thenetwork capacity. This is an
expandedform of thecongestioncontrol requirementfor reg-
ular computernetworks;dueto theredundantcollective com-
municationnatureof sensornetwork traf�c, the network has
the ability of controlling what datagetsreportedto meetthe
observer requirements.It is likely thattheobserver is satis�ed
with lessthantheoptimalachievableaccuracy. Thus,thenet-
work protocolmustcontroltheavailableinfrastructureandthe
reportingdisciplineto meetthe accuracy requirementswhile
minimizing theenergy expenditure.Thesensornetwork must
convergeona goodaccuracy to reportingpattern/energy solu-
tion. This maybeachieved, for example,by decidingto turn
off somesensors,by adaptingthereportingfrequency, or fus-
ing sampleddatawithin thenetwork.

For the continuousupdatereportingmodel(all sensorsre-
port continuously),the offered load was signi�cantly higher
than the event-driven model. Energy depletionresults(not
shown) displayedthis effect. As can be seenin Figure 13,
thegoodputvaluesweresigni�cantly lower thaneventdriven
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traf�c. Errorisnotdirectlycomparableacrossthetwoscenario
types.

We alsoconductedexperimentswith differentpacket sizes.
Themainpurposeof theseexperimentswasto studytheeffect
of changingthechannelcapacityongoodputandaccuracy. In-
creasingthepacket sizecorrespondsto aneffective reduction
in theavailablebandwidth;thenumberof packetsthatcanbe
sentper secondis decreased.The resultsshow that conges-
tion becomesa seriousissuewith low bandwidth. With low
bandwidth(packets with large size) goodputdropsdramati-
cally andtheaverageerror increasesappreciablyasshown in
theFigure14,andFigure15 respectively.

4.2 Effect of Network Protocol
Althoughthepresentedresultsandconclusionshouldbenot

be heavily impactedby the network/routingprotocol (ignor-
ing in-network processing),we investigatedtheeffectof using
other routing protocols. We investigatedAODV [22] which,
like DSR is reactive routing protocol. In addition, we stud-
ied DSDV [23], which is a proactive protocol.Theresultsare
shown in Figure16. AODV performedalmostidentically to
DSR,while DSDV wasconsiderablypoorerin all cases.We
arecurrentlyin theprocessof investigatingan improved ver-
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Figure9: Err or (RandomDeployment)
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Figure10: Energy DepletionAcrosstheNetwork (Uniform
Deployment)

sionof theLEACH protocol[10] andDirectedDiffusion[13]
which areprotocolsspeci�c to sensornetworks; we hopeto
have thoseresultsreadyin time for the �nal versionof this
paper.

4.3 Controlled Deployment
In thisexperiment,westudytheeffectof biasingthedeploy-

mentto thephenomenon's motionpattern.In thisexperiment,
thephenomenonwasrestrictedto move in theright half of the
1000by 1000�eld. Furthermore,thedeploymentof thesen-
sorswasskewedto re�ect this fact: thedensityof thesensors
in theleft half waskept�x ed(andlow) while thedensityof the
sensorsin the right half wasincreased.Figure17 shows the
accuracy usingbiaseddeployment vs. uniform deployment.
As canbe seenfrom the �gure, the desiredeffect of increas-
ing the accuracy wasachieved (the averageerror is lower in
thebiaseddeploymentcase).In fact,with biaseddeployment,
a network of 100 sensorsperformsbetterthanonewith 144
sensorsthatareuniformly deployed. However, notethatwith
aggressive reportingthenetwork saturatesfasterunderbiased
deployment,sincetheaveragenumberof nodeswithin report-
ing rangeof thephenomenonincreases.This effect wasseen
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Figure12: Energy DepletionPer Sensor(RandomDeploy-
ment)

in the Goodputresults(not shown). The increasedaccuracy
comesat the cost of extra energy depletionas well (results
not shown). Theresultsagainarguethatthenetwork protocol
shouldcarefullymanagetheinfrastructure.

5. RELATED WORK

Becauseof theuniquerequirementson thesensornetwork
nodes,several groupshave proposedarchitecturesfor sensor
nodes[1, 6, 8, 15, 24, 25, 31, 26, 35]. On top of thesearchi-
tectures,several studiestargetedthe developmentof power-
ef�cient mediumaccessprotocols(e.g.,[30,32, 35]). Net-
workinganddatadisseminationissueshavealsoreceivedcon-
siderableinterest.Dueto thedata-centricnatureof sensornet-
works, researchersproposedalternative addressingschemes
that take advantageof this fact [9, 12]. A numberof rout-
ing/dataaggregation approacheswere also proposed[3, 10,
11, 13, 18]. A numberof studieshave explored implement-
ing servicesfor sensornetworksincludingpositioningmecha-
nisms[4, 21,28], timesynchronization[7] andenergy scans[36].
Otherstudiesconsideredspeci�c sensornetwork applications
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Figure13: Goodput for continuousupdate traf�c
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andtheir implicationonprotocoldesign[5, 29,33,34].
Meguerdichianet al de�ne theproblemof exposurein sen-

sornetworks[19] andproposelocalizedalgorithmsto address
it [20]. Theexposureproblemis theproblemof determining
whetherasensornetwork cankeeptrackof aphenomenonthat
moveswithin theobservation �eld. Dependingon thesensor
density/deployment,therecouldbeblind spotsin theobserva-
tion �eld. Clearly, exposureis in�uenced by the deployment
con�gurationof thesensorsandis relatedto our work.

6. CONCLUDING REMARKS
In this paper, we investigatedthe effect of infrastructure

tradeoffs on the performanceof a sensornetwork. First, we
systematicallyincreasedthe deployed sensordensityandthe
requiredreportingrateandobserved the performanceof the
network. Whenthe offeredload from the sensorsto the net-
work exceededthe capacityof the network, the performance
startsdroppingaccordingto bothnetworkandapplicationlevel
metrics.Thus,by simplydeploying moresensors,wemayend
up harmingthe performanceof the network. This arguesfor
intelligent managementof the infrastructureby the network
protocol:a form of congestionavoidanceis neededthatis sig-
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ni�cantly differentfrom congestionavoidancein thedatanet-
work sense.In particular, thenetwork protocolmustbalance
theofferedload to thenetwork againstthe requiredaccuracy
at theobserver.

The taskof thesensornetwork maybeviewedasa redun-
dantcollectivecommunicationprocessfrom thesensorsto the
observer. They areredundantin thatmultiple sensorsmayre-
port correlatedinformation or information with an accuracy
level (e.g.,reportingrate)higherthanthatrequiredby theap-
plication. Thus, the congestionavoidancemechanismmust
converge on a reportingrate/disciplinethat is just suf�cient
to meetthe performancerequirementsat the observer. The
networking protocolmay accomplishthis effect by reducing
the reportingratepersensor, turningsomesensorsoff and/or
fusing informationto optimizethe collective communication
operation.

Wealsoinvestigatedtheeffectof differentdeploymentstrate-
gieson theperformanceof thenetwork. We discoveredto ap-
preciabledifferencesbetweengrid-typedeploymentvs. ran-
dom deployment for the scenarioswe considered.However,
biasingthe infrastructuredensityto the phenomenonmove-
ment patternresultedin signi�cantly higher accuracy. This
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Figure 17: Average Err or Comparison – Controlled vs.
Uniform Deployment

is anexampleof usingapplicationlevel informationto better
architecttheinfrastructure.
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