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ABSTRACT

In a sensometwork, the infrastructure(in termsof the sen-
sor capabilities numberof sensorsanddeploymentstrateyy)

playsasigni cant role in determiningthe performanceof the

network. In this paperwe studytheeffectof infrastructurede-

cisionson the performancenf a sensometwork for two types
of network delivery models(phenomenon-dren and contin-

uous)anddifferenttypesof network protocols. We shav the

performanceboth in termsof network ef ciency aswell as
meetingthe applicationaccuray andlateny demands.The

experimentshav thatmaintaininganoperatingpointthatdoes
notexceedthenetwork capacityis critical toimproving perfor

mancebothin networking andapplicationmetrics. Exploring

the interplay betweeninfrastructureand performanceopens
the door for network optimizationsthat control the effective

topologyto betterachieve the applicationrequirements.

1. INTRODUCTION

Sensonetworksrepresen&new paradigmntor reliableervi-
ronmentmonitoringandinformationcollection. They holdthe
promiseof revolutionizing sensingin a wide rangeof appli-
cationdomainsbecausef their reliability, accurag, e xibil-
ity, cost-efectivenessandeaseof deployment. Furthermore,
in future smartervironmentsit is likely thatsensometworks
will play a key role in sensingcollecting,anddisseminating
informationaboutthe ervironment.

A sensometwork is a tool for distributed sensingof one
or more phenomenaandreportingthe senseddatato oneor
moreobserers. As such,the performanceof the network is
bestmeasuredn termsof meetingthe accuray anddelayre-
quirementsof the obserer. Additional performancemetrics
includethe life time of the network, costof the sensorsand
their deployment,fault toleranceandscalability[34].
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Conceptuallyasensonetwork is organizedasathreelayer
system:(1) infrastructurerefersto the physicalsensorgtheir
physicalcharacteristicand capabilities),the numberof sen-
sorsand their deployment stratgly (how/wherethey are de-
ployed); (2) networking protocol: responsibldor dissemina-
tion of the sensedlataby creatingand maintainingpathsbe-
tweenthesensorsandthe obserer(s);and(3) theapplication:
responsibldor translatingthe obserer interestsinto speci ¢
network-level operations Finally, cross-cuttingpptimizations
acrosshethreelevelsarepossibleto improve theperformance
of the network.

Althoughthereis a large body of work in building andnet-
working sensometworks (a goodbibliographyof sensomet-
work researcltanbefoundonthis websitef27]), thesestudies
focuson optimizing the applicationand networking protocol
to improve performanceln contrastthis paperconsiderghe
tradeofs in theinfrastructuredesignandtheirimplicationson
performanceand the designof the networking protocol. We
alsostudythe effect of biasingthe deploymentto re ect the
phenomenommotion patternon the performanceof the net-
work.

Intuitively, it appearghat a denserinfrastructureleadsto
a more effective sensometwork becausehigher accurag is
likely anda largeraggrgateamountof enegy is availablein
the network. However, a densemetwork will leadto alarger
numberof collisionsandpotentiallyto congestiorin the net-
work; thiswill increasdateny andreduceenengy ef ciency.
Moreover, the large numberof samplesreportedby the sen-
sorsmay exceedthe accurag requirementof the obserer.
Thus, simply increasingthe reportingrate or the numberof
sensoranay actually harm the performanceof the network.
We study this tradeof using different applicationscenarios
(phenomenodrivenvs. continuousipdatedatareporting)and
for differentinfrastructurecon gurations.

Oneof thelessondearnedfrom this studyis thata form of
congestiorcontrolis necessaryo male surethatthereported
sampleglonotexceedthecapacityof thenetwork. In addition,
thiscontrolis necessaryo optimizethelifetime of thenetwork
while meetingthe minimumaccurayg requirement®f the ap-
plication. Thus,the congestiorcontrolmustnotonly bebased
on the capacityof the network, but alsoon theaccurag level
at the obserer. Thetrafc in a sensornetwork is different
from corventionalnetworks; it is a collective communication
operatiorwith redundang Thus,thenetwork protocolhasthe

e xibility of meetingthe performancelemanddy controlling
thereportingrateof the sensorscontrollingthe virtual topol-



ogy of thenetwork (by turningoff somesensorgor example),
or optimizing the collective reductioncommunicatioropera-
tion (by fusingdataalongthe way for example).We notethat
this applicationdriven congestiorcontrolis different,andata
lower level, from proposaldo incorporateapplicationdepen-
dentprocessingnd/ordataaggreationwithin the network.

Theremaindeof this paperis organizedasfollows. In Sec-
tion 2 we overview the role of the infrastructureand discuss
the available deploymentstratgjies. Section3 overviews the
modelingapproachandthe evaluationervironment. In Sec-
tion 4 we presenthe experimentaktudy Section5 overviens
somerelatedwork. Finally, Section6 presentsomeconclud-
ing remarks.

2. INFRASTRUCTURE ORGANIZA TION

The infrastructureof the sensometwork refersto the char
acteristicof theindividual sensorsthe numberof sensorsle-
ployed,aswell asthe deploymentstratgy (wherethe sensors
aredeplo/ed, sensomobility, etc.). A sensortypically con-
sistsof ve componentstransducememory battery embed-
dedprocessqrandtranscerer. Thesecomponentsaffect the
performanceof the sensomndultimately that of the network.
For example the accurag of thetransducewill affecttheac-
curay of the sensingat the obserer. Similarly, the size of
the memoryaffectsthe buffering spaceat the sensorandthe
ability of the network to handletransientourstsin trafc. The
batterysize determineghe amountof enegy availableat the
sensolandaffectsthelifetime of thenetwork. Thecapabilities
of theembeddegrocessodeterminehelevel of optimization
that is possibleat the sensorawithout introducing excessie
lossof pawer or intolerablelevels of delay Finally, the char
acteristicof the transcerer determinethe transmissiomange
of the network andthe capacityof thetransmissiorchannel.

Improving the characteristic®f ary of the subsysteman-
creaseghe cost, form factor or both for the sensor Thus,
within the available budgetfor the sensornetwork, the de-
sighermustdecidewhetherto investin a large numberof in-
expensve sensorspr a smallernumberof expensve, higher
quality ones.

Intuitively, for agiventypeof sensarincreasinghenumber
of sensorgdeplo/edin the eld shouldresultin a betterper
forming network with respecto the metricsidenti ed earlier;
otherwise why paythe extra cost. Consider:(1) theaccuray
of the sensingshouldimprove sincethereare more sensors
in a positionto report on the phenomenaf2) the available
enepgy within the network increasesand (3) the additional
sensordensity offers the potential of a betterconnectechet-
work with more ef cient pathsbetweenthe sensorsand the
obserers. However, increasinghe numberof sensorsn turn
resultsin a higher numberof sensorseportingtheir results
per time unit. If this increasedoad exceedsthe capacityof
the network in termsof accesdo the sharedwirelessmedium
aswell ascongestiorin intermediatenodesjncreasingheca-
pacity may endup adwerselyaffectingthe performancef the
network.

With respecto capacitytheproblemcanbeviewedin terms
of collision and congestion.To avoid collisions sensorghat
arein the transmissiorrangeof eachothershouldno trans-
mit simultaneously Considersensordl...  arearrangedn

a chaineachwith transmissiorrange . Thenfor ary given
sensor, sensordocatedin the range and
shouldnot transmitat the sametime. Paststudies[35] have
discussedhe collision problemandaddressingt by improv-
ing the MAC layer To the bestof our knowledge,congestion
hasnot beenaddressetly paststudies.

We considefa phenomenonrivenreportingmodelwherea
sensoreportsif it is in rangewith the phenomenonAssume
thatwe have  sensorout of which  sensorsarein range
of the phenomenorat a giventime . Assumethat the
sensorarein interferenceangewith eachother(e.g.,if the
transmissiorrangeis greateror equalto the sensingrange).
Ofthe reportingsensorseachsensor will transmitdata
toward the obserer with bit rate . Thetotal datain transit
fromtime to where is the averagelateny canbe
expresseds

1)

If this value reachesa certainfraction of the channelcapac-
ity, congestiorwill occur[16]. If is the total channel
capacitythen

@)

where is afractionof thecapacitydictatedby theself-interference
thatarisesn multi-hopconnectiong istypically aroundd.25[17]).

Thus,the upperboundon the reportingrateis dictatedby the
channelcapacity On the otherhand,applicationspeci c cri-

teria suchasthe requiredaccuray placesa lower boundon

thereportingrate;thereportingrateshouldbe high enoughto

satisfythedesiredaccurag. At ary point of time the number
of active sensorshouldbe suchthatthe applicationspeci ed

accurag requirementaremet. If in orderto meetthe accu-
ragy requirements is therequiredchannelkapac-
ity thenwe have:-

®)

(4)

to supportthe applicationrequirements.

Notethatnotall sensor@areequalin termsof accurag: de-
pendingon the location, a speci ¢ sensommay have a higher
quality datasample or acombinationof sensorsnaytogether
provide a higher accurag than anothercombination. How-
ever, we canqualitatvely commenton the factorson which
thenumberof active sensorglependsFroma networking per
spectve, it depend®nfactorssuchasthegeographidocations
of thereportingsensorshuffer lengths,andpaclet processing
times. From an applicationperspectie, the value of infor-
mation sensedyy the sensomeedsto be consideredaswell.
As wasdiscusseaarlier if asensoiis providing someunique
informationaboutsomefeatureof the phenomenonthenap-
plicationmightrequirethatsensoto reportirrespectve of the
location of that sensar Thus, applicationlevel information
mustbe usedin determiningwhatsensordo reportandwhen
to meetthe applicationperformancemetrics. We intend to
pursuesuchprotocolsin thefuture.



The deplgymentstrat@y refersto the numberof available
sensorandthe stratgy for their distribution within the phe-
nomenaeld. We considerthreedeployment stratagies: (1)
randomdeployment— the sensorsare “sprayed” with a uni-
form distributionwithin the eld; (2) regulardeployment—the
sensorareplacedwith someregulargeometridcopologyin the
sensoreld (for example,agrid); and(3) planneddeployment
— sensordeploymentis planned(for example,biasedto pro-
vide highersensordensityin areaswvherethe phenomenoiris
concentrated)lt is unclearwhetherregular deploymentwill
offer adwantagesover uniformly distributed randomdeplo/-
ment;if it doesnot,randomdeploymentis preferablebecause
of its low cost.

In theremaindeof this paperwewill evaluatetheseinfras-
tructuretradeof for two typesof monitoringdisciplines(event
drivenandcontinuousreporting),anddifferentrouting proto-
cols. The evaluationenvironmentandmodelingapproachare
presentedn thefollowing section.

3. EVALUATION ENVIRONMENT

In orderto modelthecomple relationshipslescribedbore,
we have developedan evaluationenvironmentwithin the NS-
2 simulator[2]. Contraryto mostsensometwork studieswe
have madethephenomenoexplicit anddecoupledt from the
sensonetwork organization.This allows usto studytheeffect
of varying the designwithin the sensometwork usingscenar
iosthatareindependenof it. We modeltwo typesof phenom-
ena:(1) discretephenomengfor example animalsin ahabitat
monitoring application[5]); and(2) continuousphenomenon
(for example thetemperaturén atemperaturgrackingappli-
cation). For eachof thesetypes,the sensoravake up period-
ically accordingto someuserde ned scheduletake samples
of theirphenomenomndreporttheir resultsif requiredby the
application.

Theervironmentalsodecoupleshethreelevels of the sen-
sornetwork: infrastructureprotocolandapplication.Therea-
soningagainis to provide a vehicleto allow comparisonof
“applesto apples”;we canstudythe effect of varyingthe de-
signat eachof thesdevelson the performancef the network
underuniform assumptionskor example,onecouldstudythe
effect of changingthe network protocol on the for a given
applicationand infrastructure— e xibility was an important
considerationn the designof the environment. In this paper
we studythe effect of varyingtheinfrastructureon the perfor
manceof the network for differentapplicationsand network
protocols.

We considerecan applicationwith a discretephenomenon
that moves aroundin a squaregrid. We also consideredwo
applicationlevel scenarios(1) continuousupdate:thesensors
periodically report their local measuremento the obserer;
and (2) phenomenalriven update: sensorgeporttheir mea-
surementgo the obserer periodically but only if they have
dataof interesto report(in ourcasethephenomenois within
detectionrange). Other scenariosan be easily constructed;
for example,scenariosvith multiple phenomenagontinuous
phenomenagr multiple obsererscanbedirectly generated.

We areinterestedn application-leel performancecorven-
tional network performancemetricssuchasthroughputareof
secondarnyinterest. We considerthe following performance
metrics.

1. Accuray: Theaccurag of ameasuremersdtasensois
speci ¢ to the physicaltransduceandthe natureof the
phenomenonin generalwe assumehatthe measure-
menthasatolerancehatincreasesvith thedistancebe-
tweenthe sensoandthe phenomenonAt the obserer,
it is likely that multiple sampleswill be receved from
the differentsensorsThesesamplesanustbe combined
intelligently to producea moreaccuratesstimateof the
location of the phenomenon.lt is possibleto biasthe
estimatetoward sensorswith highercon dence(closer
to the phenomenonandtoward morerecentsamples.

2. Lateny: Lateng refersto the delaysin obtainingthe
samplesat the obserer dueto network congestionthe
duty cycle of thesensorsor dueto intelligent Itering of
sampleddata.For realtime sensingapplicationsdelays
in reportingthe stateof the phenomenoteadsto a loss
in accurag. For the purposef this study we report
only the paclet lateng within the network.

3. Enegy efciency and fault tolerance: the enepgy ef-
ciency of the network may be measuredn different
ways. For now, we reporttheenegy expenditurewithin
thenetwork aswell asthevariancan thesensonetwork
enepy level.

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

4. EXPERIMENT AL STUDY

We considereda scenariovherea discretephenomenotis
beingtracked by sensorplacedalongthe verticesof a square
grid placedin anareaof 800 by 800 meters.We assumedhat
themeasurediatahasa uniformly distributedtoleranceof +/-
5% of the distancebetweenthe sensorandthe phenomenon.
We assumedhatthe sensometectionrangeis 200 meters.In
thephenomenonrivenscenariospnly the sensorsvithin this
rangereporttheir samples.The paclet sizewas x ed at 100
bytes;we do investigatethe effect of the paclet size on per
formanceaswell. We assumea standardEEE 802.11MAC
protocolwith a 2 Mbit/secchannelanda transmissiorrange
for the sensorof 250 metersandusedthe enegy modelused
by the DirectedDiffusion sensometwork protocolstudy[13]
(0.66joulesfor transmissionand0.395joulesfor reception).
The buffer spaceavailable at eachsensoris of size 5 pack-
ets; a larger buffer sizewill enablethe network to withstand
a higherlevel of transientcongestionbut will not help with
sustainecverloadingof the network. We considereda sce-
nariowith a singlephenomenonvith arandomwaypointmo-
tion patternwith a speeduniformly distributedbetweeril and
2 meters/secondThe parametersare summarizedn Table 1.
Changingheseparameterbasaneffect onthe capacityof the
network andthe offeredload, but dueto spacdimitationsthis
effectis not pursuedn this paper

We rst establishthebasicinfrastructurecon gurationtrade-
offs usingthefollowing parametersWe usedDynamicSource
Routing (DSR) [14] asthe networking protocoland explore
boththe grid deployymentandrandomdeplomentof the sen-
sors. We thenstudythe effect of the networking protocolfor
selectedscenariosFinally, we explorebiasingthedeployment



Simulationarea
Transmissiomange
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Sensingange
Phenomenospeed
TransmitPover
Bandwidth

Receve Paver

randombetweenl-2 m/s

Table 1: Summary of Simulation Parameters

Figure 1: 15x15Grid

patternto matchthe phenomenomnotion pattern.Unlessoth-
erwise stated,eachsimulationwas run for 50 secondsand
every point representshe averageof threedifferentrandom
seeds.

4.1 Basiclnfrastructur e Tradeoffs

In the rst setof experiments,we study the effect of in-
creasingthe sensordensityon the ef ciency of the network.
Figure4 shavs thegoodpuf thenetwork asafunctionof the
reportingperiodfor severallevelsof network density Thede-
ploymentstrateyy wasaccordingto the grid topology shavn
earlier We rst notethatasthe datarateincreasesthe good-
put dropswhenthe rate exceedsthe capacityof the network
andsensegacletsstartto bedropped.lt is interestingto note
that the drop in goodputis more pronouncedor the denser
networks. Thisis dueto the largernumberof sensorgloseto
the phenomenomeffectively increasinghe offeredloadto the
network, resultingin more collisionsanda highernumberof
pacletsdroppeddueto congestionThis effectis corroborated
by the paclet lateng results(Figure5): the lateng increases
with the datarateaswell asthe densityof the network.

Werepeatedheseexperimentgor randomdeployment,keep-
ing the samenumberof sensorsaseachof the studiedgrids.
The resultsfor goodput(Figure 6) and delay (Figure 7) do
notshav appreciablelifferencesn comparisorio uniformde-
ployment. Note thatwe do not considerthe scenariowith 25
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Figure 2: True-random 100sensors

sensorsaswasdonein thegrid case pbecaus¢henetwork was
too sparsdo maintainconnectvity with randomdeployment.

4.1.1 AccuracyStudy

In termsof applicationperformanceywe measuredheaccu-
ragy of thetrackingof thephenomenomposition. More specif-
ically, the obserer generatesin estimateof the phenomenon
locationbasedn the samplest is receving from the sensors.
We measuredhe errorin thesesamplesn the following way.
We discretizedhetimeinto smallslotsandaveragedhe sam-
plesrecevedin eachslot. We thencomparedhis averageto
the actuallocationof the phenomenomt thattime. The error
is thesquaraootof thesumof thesquareof thedifferencebe-
tweenthe estimatedocationandthe actuallocationaveraged
overthe numberof periods.More speci cally,

Q)

WhereS(i) is the sensedraluein time sloti, A(i) is theactual
valueat time sloti, and is the numberof slotsin the du-
ration of the simulation. This is a proof of conceptapproach
to calculatingerror; ary statisticalmeasurdor correlatingthe
measuredalueagainsthe actualvaluewill sufce.

Figure 8 shavs the averageerror for the grid deployment
stratgy underdifferent densitiesand for different reporting
periods.At highreportingrates,network capacityis exceeded
aswasobseredin thepreviousgraphs Becausef thelateny
in thereceiptof thesamplesaandthelossof mary samplesthe
error value is high. On the otherhand,if the reportingfre-
queng is low, notenoughsamplesareobtainedandthe aver
ageerrorrises.With sparsenetworks,theerroris higher(when
thenetwork is not saturatedpecaus¢he numberof sensorsn
a positionto measurethe phenomenorand the averagedis-
tancebetweena sensorand the phenomenorincreases.For
suchscenariosthe erroris minimizedwith a higherreporting
frequeng; theadditionalsampleseduceheerrorandthenet-
work is slower to saturatebecausehereare a fewer number
of sensorcompetingfor the sharedair space. With random
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Effect of reporting frequency on goodput at various densities
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Figure 4: Goodput asa Function of Density and Data Rate

deplgyment(Figure9) the samepatterncanbe obsered.

4.1.2 EnemyEfciency Study

The enegy depletionin the network is shawvn in Figure 10
andFigure11 for the grid sensoideploymentandrandomde-
ploymentrespectiely. The enegy depletionis a function of
thereportingrateaswell asthedensityof the network. Recall
thatthedensityof thenetwork in theevent-drivenscenariaor
relateswith the numberof nodesthatreporttheir data. How-
ever, assuggestedy the goodputresults,a large portion of
this enepgy is wastedwhenthe capacityof the network is ex-
ceeded. Moreover, the additionalcostincurredto buy more
sensorsill notbe rewardedby a higherlife time for the net-
work becausehe depletionratealsoincreaseslin fact, when
we considerthe normalizedenegy expenditurepersensoras
Figure12 shows for grid deployment)the averagesensoigets
depletedmnorequickly with higherdensity Thus,the lifetime
of thenetwork likely dropswith increasediensityeventhough
we startwith a muchhighertotal available power in the net-

Effect of reporting period on average per packet delay at various densities in grid
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Figure5: Delay asa Function of Density and Data Rate

Effect of reporting period on goodput at various densities in random deployment
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Figure 6: Goodput (Random Deployment)

work! Accordingly thereis aneedfor intelligentmanagement
of theinfrastructuréfrom anenegy perspectie aswell.

To summarize:in agreementvith intuition, increasingthe
network densitycanresultin higheraccurag, but only if the
sensingrafc is keptbelov the network capacity Thisis an
expandedorm of the congestiorcontrolrequiremenfor reg-
ular computemetworks; dueto theredundantollective com-
municationnatureof sensometwork traf c, the network has
the ability of controlling what datagetsreportedto meetthe
obsererrequirementsit is likely thatthe obsereris satis ed
with lessthanthe optimalachieableaccurag. Thus,the net-
work protocolmustcontroltheavailableinfrastructureandthe
reportingdisciplineto meetthe accurag requirementshile
minimizing the enegy expenditure.The sensometwork must
corvergeonagoodaccuray to reportingpattern/enegy solu-
tion. This may be achieved, for example,by decidingto turn
off somesensorsby adaptingthe reportingfrequeng, or fus-
ing sampleddatawithin the network.

For the continuousupdatereportingmodel (all sensorge-
port continuously),the offered load was signi cantly higher
than the event-driven model. Enegy depletionresults(not
shavn) displayedthis effect. As canbe seenin Figure 13,
the goodputvaluesweresigni cantly lower thaneventdriven
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traf c. Errorisnotdirectlycomparablecrosghetwo scenario
types.

We alsoconductedxperimentswith differentpaclet sizes.
Themainpurposeof theseexperimentsvasto studytheeffect
of changinghechannekapacityongoodputandaccurag. In-
creasinghe paclet sizecorrespondso an effective reduction
in the availablebandwidth;the numberof pacletsthatcanbe
sentper secondis decreasedThe resultsshav that conges-
tion becomesa seriousissuewith low bandwidth. With low
bandwidth(paclets with large size) goodputdropsdramati-
cally andthe averageerrorincreasesppreciablyasshovn in
theFigurel4,andFigurel5respectiely.

4.2 Effect of Network Protocol

Althoughthepresentedesultsandconclusiorshouldbenot
be hearily impactedby the network/routing protocol (ignor-
ing in-network processing)we investigatedheeffect of using
otherrouting protocols. We investigatedAODV [22] which,
like DSR is reactie routing protocol. In addition, we stud-
ied DSDV [23], which is a proactie protocol. Theresultsare
shavn in Figure16. AODV performedalmostidentically to
DSR,while DSDV wasconsiderablypoorerin all cases.We
arecurrentlyin the processf investigatinganimproved ver
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sionof the LEACH protocol[10] andDirectedDiffusion[13]
which are protocolsspeci ¢ to sensometworks; we hopeto
have thoseresultsreadyin time for the nal versionof this
paper

4.3 Controlled Deployment

In thisexperimentwe studytheeffectof biasingthedeploy/-
mentto the phenomenos'motion pattern.In this experiment,
thephenomenomvasrestrictedto move in theright half of the
1000by 1000 eld. Furthermorethe deploymentof the sen-
sorswasskewedto re ect this fact: the densityof the sensors
in theleft halfwaskept x ed(andlow) while thedensityof the
sensorsn the right half wasincreased.Figure 17 shavs the
accurag using biaseddeploymentvs. uniform deployment.
As canbe seenfrom the gure, the desiredeffect of increas-
ing the accurag wasachieved (the averageerror is lower in
thebiaseddeplaymentcase).In fact, with biaseddeplo/ment,
a network of 100 sensorgperformsbetterthanonewith 144
sensorghatareuniformly deplo/ed. However, notethatwith
aggressie reportingthe network saturatesasterunderbiased
deployment,sincethe averagenumberof nodeswithin report-
ing rangeof the phenomenoiincreasesThis effect wasseen



Energy expenditure for random deployment
1600 T T

T T T
v —= 100 random
s 6~ 144 random
\ % 225 random
1400 . =
2 Y
é \
£ 1200 AR g
o
£ \
3 N
£ 1000 N g
2 N
< v
2 S
£ 800 ~ N
o ~
° <
2 N
= <
£ eo0f-* Vomim s 4
g ) Tl
* - -
2 \ 4
8
S 400N g
5 |
= * o
g --
= - -
2001 R e e i S =
o ; ; ; i ; ; ; ; ;
(] 02 04 06 08 2 14 16 18 2

1
reporting period

Figure1l: Energy Depletion Acrossthe Network (Random
Deployment)

Energy depletion rate
0.16 T T T T T
* —o- 5x5 grid
| —- 10x10 grid
\ - 12x12 grid
0.14f - : v 15x15 grid ||

)

.12

o
[

=4
=3
2

o

.06

Energy Depletion rate in joules/per sensor per unit time

0 0.2 0.4 0.6 12
reporting period in seconds

Figure 12: Energy Depletion Per Sensor(Random Deploy-
ment)

in the Goodputresults(not shavn). The increasedaccurayg
comesat the costof extra enegy depletionaswell (results
notshavn). Theresultsagainarguethatthe network protocol
shouldcarefullymanageheinfrastructure.

5. RELATED WORK

Becauseof the uniquerequirement®n the sensometwork
nodes,several groupshave proposedarchitecturegor sensor
nodeq[1, 6, 8, 15, 24, 25, 31, 26, 35]. Ontop of thesearchi-
tectures,several studiestargetedthe developmentof power-
efcient mediumaccessprotocols(e.g.,[30, 32, 35]). Net-
working anddatadisseminatiorssueshave alsoreceivedcon-
siderablénterest.Dueto thedata-centricatureof sensonet-
works, researchergroposedalternatve addressingschemes
that take adwantageof this fact[9, 12]. A numberof rout-
ing/dataaggreyation approachesvere also proposed3, 10,
11,13, 18]. A numberof studieshave exploredimplement-
ing servicedor sensonetworksincludingpositioningmecha-

nismg[4, 21,28], time synchronizatiofi7] andenegy scang36].

Otherstudiesconsideredspeci ¢ sensometwork applications

Continuous data delivery model goodput for a grid topology
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Effect of packet size on %goodput at various reporting rates
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Figure 14: Goodput with varying packet sizes

andtheirimplicationon protocoldesign[5, 29, 33, 34].

Meguerdichiaret al de ne the problemof exposurein sen-
sornetworks[19] andproposdocalizedalgorithmsto address
it [20]. The exposureproblemis the problemof determining
whetherasensonetwork cankeeptrackof aphenomenothat
moveswithin the obseration eld. Dependingon the sensor
density/deplgment,therecouldbeblind spotsin the obsera-
tion eld. Clearly, exposureis in uenced by the deployment
con guration of thesensorandis relatedto our work.

6. CONCLUDING REMARKS

In this paper we investigatedthe effect of infrastructure
tradeofs on the performanceof a sensometwork. First, we
systematicallyincreasedhe deplo/ed sensordensityandthe
requiredreportingrate and obsenred the performanceof the
network. Whenthe offeredload from the sensordo the net-
work exceededhe capacityof the network, the performance
startsdroppingaccordingo bothnetwork andapplicatiorlevel
metrics.Thus,by simply deplg/ing moresensorswe mayend
up harmingthe performanceof the network. This arguesfor
intelligent managementf the infrastructureby the network
protocol:aform of congestioravoidances neededhatis sig-



Effect of packet size on accuracy at various reporting rates
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Figure 16: Goodput: Effect of Routing Protocol

ni cantly differentfrom congestioravoidancein thedatanet-

work sense.In particular the network protocolmustbalance
the offeredload to the network againstthe requiredaccurag

attheobserer.

Thetaskof the sensometwork may be viewed asa redun-
dantcollective communicatiorprocessrom the sensorgo the
obserer. They areredundantn thatmultiple sensorsnayre-
port correlatedinformation or information with an accurag
level (e.g.,reportingrate) higherthanthatrequiredby the ap-
plication. Thus, the congestionavoidancemechanismmust
corverge on a reporting rate/disciplinethat is just sufcient
to meetthe performancerequirementsat the obserer. The
networking protocol may accomplishthis effect by reducing
the reportingrate per sensorturning somesensorff and/or
fusing informationto optimize the collectve communication
operation.

Wealsoinvestigatedheeffectof differentdeploymentstrate-
giesonthe performancef the network. We discoreredto ap-
preciabledifferenceshetweengrid-type deploymentvs. ran-
dom deplgyment for the scenariosve considered.However,
biasingthe infrastructuredensityto the phenomenomove-
ment patternresultedin signi cantly higheraccurag. This

Accuracy comparision for random versus planned network
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Uni

form Deployment

is anexampleof usingapplicationlevel informationto better
architecttheinfrastructure.

7.
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