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1 Intr oduction

In wirelesssensometworks, which we referto assensornet hereafter nodescoordinatewith oneanotherto perform
taskssuchaseventdetectionanddatacollection. Sincenodesare spatially distributed, messagg@assings the basic
enablef nodecoordinationin sensornetsThis chapterdealswith thesensornesystenmservicethatis responsibldor
messag@assingthis serviceincludesconsideratiorof routingandtransporissuesandwe referto it asthemessging
service.Eventhoughmessagindpasbeenstudiedextensielyin existingwired networkssuchasthelnternet,it remains
animportantproblemfor sensornetsThis is primarily dueto the comple< dynamicsof wirelesscommunicationto
resourceconstraintsandto applicationdiversity, aswe explain below.

Wirelesscommunicatioris subjectto theimpactof a variety of factorssuchasfading,multi-path,ervironmental
noise,andco-channelnterference.As aresult,wirelesslink propertiege.g.,paclet delivery rate)aredynamicand
assumecomplec spatialand temporalpatternsg[41, 38]. The impact of thesecomplex dynamicson messagings
substantial;for instance,it hasled to changesn even the primitive conceptof neighborhood32]. Moreover, the
mechanismshatdealwith the dynamicsareconstrainedn termsof their enegy, network bandwidth spaceandtime
budget.Broadly speakingthe challengeghenhasbeenhowto provide dependableefcient, and scalablemessging
despitethe complex dynamicsof wirelesdinks.

Sensornetbiave a broadrangeof application,in science(e.g., ecologyand seismology),engineeringle.g., in-
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dustrial control and precisionagriculture),and our daily life (e.g.,trafc control and healthcare). The breadthof
applicationdomainsdiversi es sensornesystemsn mary ways,includingtheirtraf c patternsandquality of service
(QoS)requirements For instancejn data-collectiorsystemssuchasthosethat obsene ecology applicationdatais
usuallygenerategberiodically andtheapplicationcantoleratecertaindegreesof lossandlateng in datadelivery; but
in emegeng/-detectionsystemssuchasthosefor industrialcontrol, datais generatednly whenrareandemegent
eventsoccur, andthe applicationrequiresthat the databe deliveredreliably andin real time. The implicationsof

applicationdiversityfor messagingnclude:

Applicationtraf c affectswirelesslink propertiedueto interferenceamongsimultaneousransmissionsThis

impactcanvary signi cantly acrosdiversetrafc patterng38].

Differentrequirement®f QoSandin-network processingosedifferentconstraintson the spatialandtemporal

o w of applicationdata[39].

Messagingserviceghatarecustom-designetbr oneapplicationcanbe unsuitablefor anotherasis evidenced

by a studyof Zhangetal [4].

It is desirablehatmessagservicesaccommodatdiverseQoSandin-network processingequirements.

Broadlyspeakingthe challengehenhasbeenhowto provide messging thataccommodateandpotentiallyadaptsto
diverseapplicationtraf ¢ patternsand QoSrequirementsaswell assupportsdiversein-networkprocessingnethods
Thedesignof messagingerviceghatbridgethe challengeof boththe wirelesscommunicationsndapplication
diversity deseresfurther studyandis the focus of this chapter We particularly emphasizénov messaginganbe
madeaware of, or exploit, or adaptto the applicationcharacteristics.Speci cally, we presentan architectureand
examinesomealgorithmicdesignissuesor sensornemessagingn this context.

Our architecture SMA, identi es a messagingomponentTLR, that dealswith wirelesslink dynamicsandits
interactionwith applicationtraf c patterns;it alsoidenti es two othermessagingomponentsAST and ASC, that
supportdiversi ed applicationrequirementgsuchas QoS and in-network processing).After discussingSMA, we
presenin detailoneinstantiationof the TLR componentthe LOF routing protocol,in Section3. LOF dealswith link
dynamicsandits interactionwith applicationtraf ¢ patterngn forming the basicroutingstructure We discusselated

work in Sectiond, andwe make concludingremarksin Section5.
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2 SMA: anarchitecture for sensonet messaging

To supportdiverseapplicationsn a scalablenannerit is desirableo have auni ed messagingrchitecturehatiden-
ti es the commoncomponentaswell astheir interactiong39]. To this end,we rst review the basicfunctionsof
sensornemessaginghasediponwhich we thenidentify thecommonmessagingomponentanddesignthe messag-

ing architectureSMA.

2.1 Componentsof sensonet messaging

As in the casefor the Internet,the objective of messagingn sensornetss to deliver datafrom their sourcedo their
destinationsTo this end,the basictasksof messagingre,givencertainQoSconstraintge.g.,reliability andlateng)
on datadelivery, choosethe route(s)from every sourceto the correspondinglestination(sandschedulgaclet o w
alongtheroute(s).As we arguedbefore,unlike wired networks, the designof messagingn sensornets challenging
asaresultof wirelesscommunicatiordynamics resourceconstraintsandapplicationdiversity.

Giventhe complex dynamicsof sensornetvirelesslinks, a key componenbf sensornemessagings precisely
estimatingwirelesslink propertiesandthen nding routesof high quality links to deliver datatrafc. Giventhat
datatraf c patternaffectswirelesslink propertiesdueto interferenceamongsimultaneougransmission$38], link
estimationandroutingshouldbe ableto take into accountheimpactof applicationdatatraf ¢, andwe call this basic
messagingomponentraf c-adaptivelink estimationandrouting (TLR).

With the basiccommunicatiorstructureprovided by the TLR componentanotherimportanttask of messaging
is to adaptthe structureanddatatransmissiorschedulesccordingto applicationpropertiessuchasin-network pro-
cessingandQoSrequirementsGiventheresourceconstraintsn sensornetspplicationdatamaybe processedh the
network beforeit reacheghe nal destinatiorto improve resourceutilization (e.g.,to saze enegy andto reducedata
traf ¢ load). For instancedataarriving from differentsourcesnay be compressedt anintermediatenodebeforeit
is forwardedfurther. Giventhatmessagingletermineghe spatialandtemporal o w of applicationdataandthatdata
itemsfrom differentsourcescanbe processedogetheronly if they meetsomeavherein the network, messagingig-
ni cantly affectsthe degreeof processingchievablein the network [39, 16]. It is thereforedesirablethatmessaging
considerin-network processingvhendecidinghow to form the messagingtructureandhow to scheduledatatrans-

missions. In addition,messaginghouldalso considerapplicationQoSrequirementge.g., reliability andlateng in
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paclet delivery), becausenessagingtructureandtransmissiorscheduledeterminethe QoSexperiencedy applica-
tiontrafc[22, 30, 20]. In-network processingndQoSrequirementsendto betightly coupledwith applicationsthus
we call the structuringandschedulingn messagin@pplication-adaptivestructuring(AST)andapplication-adaptive

scheduling(ASC)respectiely.

2.2 Architecture of sensonet messaging

Thesemessagingomponentsare coupledwith wirelesscommunicationand applicationsin differentwaysandin
differentdegrees,so we adopttwo levels of abstractiorin designingthe architecturefor sensornetnessaging.The

architectureSMA (for SensorneMessaging Architectue), is shovnin Figurel.1. At thelower level, traf c-adaptive

Application

Application-adaptive | Application-adaptive
structuring (AST) scheduling (ASC)

Traffic-adaptive link estimation
and routing (TLR)

Link layer (including MAC)

Physical layer

Figurel.1: SMA: asensornemessagin@rchitecture

link estimatiorandrouting(TLR) interactdirectly with thelink layerto estimatdink propertiesandto form thebasic
routing structurein a traf c-adaptive manner TLR canbe performedwithout explicit input from applicationsand
TLR doesnot directly interfacewith applications.At the higherlevel, both application-adaptie structuring(AST)

andapplication-adaptie scheduling{ASC) needinput from applicationsthusAST and ASC interfacedirectly with

applicationsBesidesnteractingwith TLR, AST andASC mayneedo directlyinteractwith link layerto performtasks
suchasadjustingradiotransmissiompower level andfetchinglink-layer acknavledgmento a paclet transmissionin

the architecture the link and physicallayerssupporthigherlayer messagingasks(i.e., TLR, AST, and ASC) by
providing the capabilityof communicatiorwithin one-hopneighborhoods.

In whatfollows, we elaborateon theindividual componentsf SMA.

Traf c-adapti ve link estimation and routing (TLR). To estimatewirelesslink properties,one approachis to
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usebeacorpacletsasthe basisof link estimation.Thatis, neighborsxchangebroadcasbeaconsandthey estimate
broadcaslink propertiedasednthequality of receving oneanothersbeaconge.qg. theratio of beaconsuccessfully
recevved, or the RSSI/LQI of paclet reception);then, neighborsestimateunicastlink propertiesbasedon thoseof
beacorbroadcastsincedataare usuallytransmittedvia unicast. This approachof beacon-baselihk estimationhas
beenusedin severalrouting protocolsincludingETX [35, 12].

We nd thattherearetwo majordravbacksof beacon-baselihk estimation Firstly, it is hardto build high- delity
modelsfor temporalcorrelationsn link propertied33, 31, 23], thusmostexisting routing protocolsdo not consider
temporallink propertiesandassumensteadndependenbit erroror pacletloss.Consequentlysigni cant estimation
error can be incurred,aswe shav in [38]. Secondly evenif we could preciselyestimateunicastlink properties,
the estimatedvaluesmay only re ect unicastpropertiesin the absence—insteadof the presence—of datatrafc,
which matterssincethenetwork traf ¢ affectslink propertiedueto interferenceThisis especiallythecasein event-
detectionapplicationswhereeventsareusuallyrare(e.g.,oneeventperday)andtendto lastonly for a shorttime at
eachnetwork location(e.g.,lessthan20 seconds)Therefore beacon-baselihk estimationcannotpreciselyestimate
link propertiedn atraf c-adaptive manner

To addresshelimitations of beacon-baselihk estimationZhangetal [38] proposehe LOF routingprotocol(for
LearnontheFly) thatestimatesinicastiink propertiessia MAC feedback for datatransmissionghemseleswithout
usingbeaconsSinceMAC feedbackre ects in-situ the network conditionin the presencef applicationtraf ¢, link
estimationin LOF is traf c-adaptive. LOF alsoaddresseshe challengesof data-drven link estimationto routing
protocoldesign,suchasunevenlink sampling(i.e., the quality of alink is not sampledunlessthelink is usedin data
forwarding).It hasbeenshowvn that,comparedvith beacon-baselihk estimationandrouting,LOF improvesboththe
reliability andenegy ef ciency in datadelivery. More importantly LOF quickly adaptgo changingtrafc patterns,
andthisis achiezedwithout any explicit input from applications.

The TLR componenprovidesthe basicserviceof automaticallyadaptingink estimationandrouting structureto
applicationtraf c patterns.TLR alsoexposests knowledgeof link androute propertiesuchasend-to-endpaclet
delivery lateng) to higherlevel componentsAST and ASC, sothat AST and ASC can optimize the degreeof in-

network processingvhile providing the requiredQoSin deliveringindividual piecesof applicationdata.

1The MAC feedbackfor a unicasttransmissiorincludeswhetherthe transmissiorhassucceede@nd how mary timesthe paclet hasbeen

retransmittectthe MAC layer
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Application-adaptive structuring (AST). Oneexampleof application-adaptie structuringis to adjustmessaging
structureaccordingto applicationQoS requirements.For instance radio transmissiorpower level determineghe
communicatiorrangeof eachnodeandthe connectvity of a network. Accordingly, transmissiorpower level affects
the numberof routing hopsbetweenrary pairsof sourceanddestinationandthus paclet delivery lateng. Transmis-
sion power level also determineghe interferencerangeof paclet transmissionsandthusit affects paclet delivery
reliability. Thereforeradiotransmissiompower level (andthusmessagingtructure)canbe adaptedo satisfyspeci ¢
applicationQoSrequirementsandKawadiaandKumarhave studiedthisin [22].
BesidegQoS-orientedtructuringanotheiexampleof application-adaptie structurings to adjustmessagingtruc-
tureaccordingo the opportunitiesof in-network processingMessagingtructuredetermineiow data o ws spatially

andthusaffectsthe degreeof in-network processingachiezable. For instanceasshowvnin Figure1.2(a),nodes3 and

°
(1) (1)
'@%@% 'Q;@%

(a) Beforeadaptation (b) After adaptation

Figurel.2: Exampleof application-adaptie structuring

4 detectthe sameeventsimultaneouslyBut the detectionpacletsgeneratedy nodes3 and4 cannotbe aggreatedn
the network, sincethey follow differentroutesto the destinationode0. On the otherhand,if node4 candetectthe
correlationbetweernits own pacletandthatgeneratedy node3, node4 canchangets next-hopforwarderto nodel,
asshovnin Figurel.2(b). Thenthe pacletsgeneratedy nodes3 and4 canmeetat nodel, andbe aggreyatedbefore
beingforwardedto the destinatiomode0.

In generalto improve the degreeof in-network processinga nodeshouldconsiderthe potentialin-network pro-
cessingachiezablewhenchoosingthe next-hop forwarder Oneway to realizethis objective is to adaptthe existing
routing metric. For eachneighbork, anodej estimateghe utility uj, of forwardingpacletsto k, wherethe utility
is de ned asthe reductionin messagingost(e.g.,numberof transmissionsif j's pacletsareaggrejatedwith k's

paclets. Then,if the costof messagingia k without aggr@ationis c;y , the associatednessaging:ostcfk canbe
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adjustedasfollows (to re ect the utility of in-network processing):
Cj?k = Gk Uk

Accordingly, a neighborwith thelowestadjustednessagingostis selectedasthe next-hopforwarder

SinceQoSrequirementandin-network processingrary from oneapplicationto anothey AST needsnput (e.g.,
QoSspeci cationandutility of in-network processingjrom applicationsandit needso interfacewith applications

directly.

Application-adaptive scheduling (ASC). One example of application-adaptie schedulingis to schedulepaclet
transmissiongo satisfy certainapplicationQoS requirements.To improve paclet delivery reliability, for instance,
lost paclets canbe retransmitted.But paclet retransmissiortconsume®negy, and not every sensorneapplication
needsl00%paclet delivery rate. Therefore the numberof retransmissionsanbe adaptedo provide differentend-
to-endpaclet delivery rateswhile minimizing the total numberof packettransmission§8]. To provide differentiated
timelinessguaranteen paclet delivery lateng, we canalsointroducepriority in transmissiorschedulingsuchthat
urgentpacketshave high priority of beingtransmitted36]. Similarly, datastreamdrom differentapplicationscanbe
rankedsothattransmissiorschedulingensureglifferentiatedend-to-endhroughputo differentapplicationg15].
BesidexQoS-orientedgchedulinganotherexampleof application-adaptie schedulings to scheduleaclettrans-
missionsaccordingto the opportunitiesof in-network processing.Givena messagingtructureformation,transmis-
sionschedulingleterminefiow data o wsalongthestructureemporallyandthusthedegreeof in-network processing

achievable.To give anexample let uslook at Figurel.3(a). Supposenode4 detectaaneventearlierthannode3 does.

1O ar
Tob T

(a) Beforeadaptation (b) After adaptation

Figure1.3: Exampleof application-adaptie scheduling

Thenthe detectionpaclet from node4 canreachnodel earlierthanthe paclet from node3. If nodel immediately
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forwardsthe paclet from node4 afterreceving it, thenthe paclket from node4 cannotbe aggreyatedwith thatfrom
node3, sincethe packet from node4 hasalreadyleft nodel whenthe paclket from node3 reacheswodel. Onthe
otherhand,if nodel is awareof the correlationbetweerpacletsfrom nodes3 and4, thennodel canhold the paclet
from 4 afterreceving it (asshavn in Figurel.3(b)). Accordingly, the pacletfrom node3 canmeetthatfrom node4,

andthesepacletscanbe aggregjatedbeforebeingforwarded.

In general,a nodeshouldconsiderboth applicationQoS requirementsand the potentialin-network processing
whenschedulingdatatransmissionsso that applicationQoS requirementsare bettersatis ed andthe degreeof in-
network processings improved. Given thatin-network processingand QoS requirementsre applicationspeci c,
ASC needgo directly interfacewith applicationgo fetchinput on parametersuchasQoSspeci cationandutility of
in-network processing.

Dueto thelimitation of spacewe only discussTLR in detailin theremainderof this chapter A detailedstudyof

ASC canbefoundin [39]; AST is still anopenissuefor furtherexploration.

Remark. ItisdesirablehatthecomponentILR, AST, andASCbedeployedall togethetto achierethemaximalnet-
work performanceThatsaid,thethreecomponentganalsobedeployedin anincrementamannemhile maintaining

thebene tsof eachindividual componentasshavnin [38, 39].

3 Data-drivenlink estimationand routing

Asbrie y discusseth Section2, themajordravbacksof beacon-basdihk estimatiorandroutingaretwofold: Firstly,
it is hardto preciselyestimateunicastlink propertiesvia thoseof broadcastespeciallywhentemporalcorrelationin
link propertiesis not considered;Secondly network conditionchangeswith trafc patternsandbeacon-baselink
estimationmay not be ableto cornverge. To getanintuitive senseof how traf ¢ patternsaffect network conditionand
how temporalcorrelationaffectsthe delity of beacon-baselink estimationwe experimentallymeasurdhe paclet
delivery rate of broadcasaindunicastin the presencef differenttraf ¢ patternsandwe calculatethe errorincurred
in link estimationif temporalcorrelationsn link propertiesare not considered.We conductthe experimentsin the

sensornetestbedKansei[7]. Kanseiis deployedin anopenwarehouseavith at aluminumwalls (seeFigurel.4(a)),



3 DATA-DRIVEN LINK ESTIMATION AND ROUTING 9

andit consistsof 195 Stagateg organizedinto a 15 13 grid (as shown in Figure 1.4(b)) wherethe separation

betweemneighboringgrid pointsis 0.91meter(i.e., 3 feet). EachStagateis equippedwith the sameSMC wireless

rows (0-12)

T columns (0~ 14
(a) Kansei (b) Grid topology

Figurel.4: SensornetestbedKansei

cardasin the outdoortestbed. To createrealistic multi-hop wirelessnetworks similar to the outdoortestbed,each
Stagateis equippeda 2.2dBirubberduckomnidirectionabintennanda 20dB attenuatar\We raisethe Staigatesl.01
metersabove the groundby puttingthemon woodracks. The transmissiorpower level of eachStagateis setas60,
to simulatethe low-to-mediumdensitymulti-hop networks wherea nodecanreliably communicatevith around15

neighbors Figure1.5 shavs thatnetwork condition,measuredn broadcasteliability, variessigni cantly with traf ¢
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Figurel.5: Network condition,measuredn broadcasteliability, in thepresencef differenttraf c patterns

patterns Figurel.6shavs thesigni cant error® in estimatingunicastdelivery ratevia thatof broadcastinderdifferent
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Figurel.6: Errorin estimatingunicastdelivery ratevia thatof broadcast

2Stagates[2 uselEEE 802.11asits radio,andhave beenadoptedasthe backbonenodesin mary sensornesystemsncluding ExScal[9] and

MASE [1].
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traf c scenariosvhentemporalcorrelationsn link propertiesarenot consideredi.e.,assumingndependenbit error
andpacletloss)[38]. Thereforejt is nottrivial, if evenpossibleto preciselyestimatdink propertiesor unicastdata
via thoseof broadcasbeacons.

To circumwentthe dif culty of estimatingunicastlink propertiesvia thoseof broadcastye proposeto directly
estimateunicastlink propertiesvia datatraf ¢ itself. In this contet, sincewe arenot usingbeacondor link property
estimationwe alsoexplore the ideaof not usingperiodicbeaconsn routingat all (i.e., beacon-fregouting) to save
enegy; otherwise peaconingequiresnodesto wake up periodicallyevenwhenthereis no datatraf c.

To enabledata-drizen routing, we needto nd alternatve mechanismgor accomplishinghe tasksthat aretra-
ditionally assumedy beacons:actingasthe basisfor link propertyestimation,anddiffusing information(e.g.,the

cumulative ETX metric). In sensornebackbonesgata-drvenroutingis feasiblebecaus®f thefollowing facts:

MAC feedback. In MACswhereevery paclet transmissions acknavledgedby therecever (e.g.,in 802.11b
and802.15.4MACs),the sendercandeterminaf atransmissiohassucceedetly checkingwhetherit receves
the acknavledgment. Also, the sendercandeterminehow long eachtransmissiortakes, i.e., MAC lateng.

Thereforethe sendeiis ableto getinformationon link propertiesvithout usingarny beacons(Note: it hasalso

beenshavn thatMAC lateng is a goodroutingmetricfor optimizingwirelessnetwork throughpu{10].)

Mostly static network & geography. Nodesare static mostof the time, andtheir geographidocationsare
readily available via devices suchas GPS.Therefore,we canusegeography-baserbuting in which a node
only needso know the locationof the destinationandthe informationregardingits local neighborhoodsuch
asthe quality of the links to its neighbors). Thus, only the location of the destination(e.g.,the basestation
in corvergecastheeddso be diffusedacrosshe network. Unlike in beacon-basedistance-ectorrouting, the
diffusion happensnfrequentlysincethe destinationis staticmostof thetime. In general,control pacletsare

needednly whenthelocationof anodechangeswhich occursinfrequently

In whatfollows,we rst presentheroutingmetricELD whichis basedn geographyandMAC lateng, thenwe

presenthe designandthe performancef LOF whichimplementsELD without usingperiodicbeacons.

Remarks:

3Theerroris de ned asactualunicastlink reliability minusthe estimatedink reliability
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Although parametersuchas Recever Signal Strengthindicator (RSSI), Link Quality Indicator (LQI), and
Signalto Noise Ratio (SNR) alsore ect link reliability, it is dif cult to usethemasa precisepredictiontool
[6]. Moreover, the aforementionegarametersanbefetchedonly at pacletrecevers(insteadof senders)and
extra control pacletsareneededo corvey theseinformationbackto the sendersf we wantto usethemasthe
basisof link propertyestimation.Thereforewe do not recommendisingtheseparametersasthe corebasisof

data-drvenrouting,especiallywhensendersieedto preciselyestimaten-situ link properties.

Routing metric canalsobe basedon otherparametersuchasETX [12] or RNP [11], anddetailedstudyhas
beenreportedn [40]. Dueto thelimitation of spacehowever, we only presenthe routing metricthatis based

onMAC lateng in this chapter

3.1 ELD: the routing metric

For messagingn sensornetgespeciallyfor event-drivenapplications) packetsneedto be routedreliably andin real-
timeto thebasestation.As usual,pacletsshouldalsobedeliveredin anenegy-ef cient manner Thereforearouting
metric shouldre ect link reliability, paclet delivery lateng, and enegy consumptionat the sametime. One such
metricthatwe adoptin LOF is basedon MAC lateng, i.e., thetime takenfor the MAC to transmita dataframe. (We
have mathematicallyanalyzedherelationshipamongMA C lateng/, enegy consumptionandlink reliability, andwe
nd thatMAC lateng is stronglyrelatedto enegy consumptionin a positive manney andthe ratio betweenthem
change®nly slightly aslink reliability changesThus,routingmetricsoptimizing MA C lateng would alsooptimize
enegy ef ciency. Interestedeadersan nd thedetailedanalysisin [37].)

GiventhatMAC lateng is agoodbasisfor routeselectionandthatgeographyenabledow frequeng information
diffusion, we de ne a routing metric ELD, the expectedVAC latencyper unit-distanceto the destination which is
basedon bothMAC lateng andgeographySpeci cally, givena sendelS, aneighborR of S, andthe destinatiorD
asshowvn in Figurel.7,we rst calculatethe effectivegeographicprogressfrom S to D via R, denotedby L ¢(S; R),
as(Lsp Lgrop),whereLsp denoteghedistanceébetweerSandD, andLr.p denoteshedistancebetweerRk and

D. Then,we calculatefor the senderS, the MAC latencyper unit-distanceto the destination(LD) via R, denotecby
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L{S.R)
S?" D

Figurel.7: L. calculation

LD (S;R), ag 8
2 Dsg

Le(SiR)

if Ls;D > LR;D
S (1.1)
-1 otherwise

whereDs.r isthe MAC lateny from S to R. Thereforethe ELD via R, denotedasELD (S;R), is E(LD (S;R))

whichis calculatedas 8
2 EC) ifLen > Lu
S . (1.2)
-1 otherwise

For every neighborR of S, S associatewith R arank

hELD (S;R);var(LD (S;R));Lrp ;I D(R)i

wherevar (LD (S;R)) denoteghe varianceof LD (S;R), and| D (R) denoteghe uniquelD of nhodeR. Then,S

selectsasits next-hopforwarderthe neighborthatranksthe lowestamongall the neighbors(Note: routingvia metric
ELD is agreedyapproachywhereeachnodetriesto optimizethelocal objectve. Like mary othergreedyalgorithms,
this methodis effectivein practice asshovn via experimentsn Section3.3.)

To understandvhat ELD impliesin practice we setup anexperimentasfollows: considera line network formed
by row 6 of theindoortestbedshovn in Figurel.4,the StagateS atcolumnO needgo sendpacletsto the StagateD
atthe otherend(i.e., column14). Usingthe dataon unicastMAC latenciesn the caseof interferer-free we shav in
Figure 1.8 the meanunicastMAC latenciesandthe correspondindeLD's regardingneighborsat differentdistances.
Fromthe gure, StagateD, the destinationwhichis 12.8 metersaway from S, offersthelowestELD, andS sends
pacletsdirectlyto D. Fromthis example,we seethat, usingmetric ELD, a nodetendsto choosenodesbeyondthe

reliablecommunicatiomangeasforwardersto reduceend-to-endVAC lateng aswell asenegy consumption.

Remark. ELD is a locally measurablanetric basedonly on the geographidocationsof nodesand information

regardingthelinks associateavith thesendelS; ELD doesnotassumdink conditionsbeyondthelocal neighborhood

4Currently we focuson the casewherea nodeforwardspacletsonly to a neighborcloserto the destinatiorthanitself.
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Figure1.8: MeanunicastMAC latengy andthe ELD

of S. In theanalysisof geographicouting[29], however, acommonassumptions geagraphicuniformity— thatthe
hopsin ary routehave similar propertiesuchasgeographi¢engthandlink quality. As wewill shav by experimentsn
Section3.3,this assumptions usuallyinvalid. For the sale of veri cation andcomparisonye derive anothemrouting

metricELR, the expectedVMIAC latencyalonga route basedon thisassumptionMore speci cally, ELR (S;R) =
8

2 E(Dsr) d%e if Ls;p > Lrp
. ; (1.3)
! otherwise

Lsir +Lrp

whered T
SR

e denoteghe numberof hopsto the destinationassumingequalgeographiaistanceat every hop.

We will show in Section3.3thatELR is inferior to ELD.

3.2 LOF: adata-driven protocol

Having determinedheroutingmetricELD, we arereadyto designprotocolLOF for implementingeLD withoutusing
periodicbeaconsWithoutlossof generalitywe only considera singledestinationj.e., thebasestationto which every
othernodeneedgo nd aroute.

Brie y speakingl OF needsto accomplishtwo tasks: First, to enablea nodeto obtainthe geographidocation
of the basestation,aswell asthe IDs andlocationsof its neighbors;Secondto enablea nodeto trackthe LD (i.e.,
MAC lateng per unit-distanceo the destinationyegardingeachof its neighbors.The rst taskis relatively simple
andonly requiresexchanginga few control paclketsamongneighbordn rarecasege.g.,whenanodebootsup); LOF
accomplishethesecondaskusingthreemechanismsinitial samplingof MAC lateng, adaptingestimationvia MAC

feedbacKor applicationtraf c, andprobabilisticallyswitchingnext-hopforwarder
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3.2.1 Learning wherewe are

LOF enablesanodeto learnits neighborhoodndthe locationof the basestationvia thefollowing rules:

I. [Issuerequest] Uponboot-up,anodebroadcastd! copiesof hello-requespacletsif it is notthe basestation.
A hello-requestpaclet containsthe ID andthe geographidocation of the issuingnode. To guaranteghat a

requestingrodeis heardby its neighborsye setM as7 in our experiments.

II. [Answer request] Whenreceving a hello-requesipaclet from anothemodethatis fartheraway from the base
station, the basestation or a nodethat hasa path to the basestation acknavledgesthe requestingnode by
broadcastingV copiesof hello-reply paclets. A hello-reply paclet containsthe locationof the basestationas

well asthe ID andthelocationof theissuingnode.

lll. [Handle announcement] Whena nodeA hearsfor the rst time a hello-reply paclet from anothernode B

closerto thebasestation,A recordsthe ID andlocationof B andregardsB asaforwardercandidate.

IV. [Announce presence]Whenanodeotherthanthe basestation nds aforwardercandidatdor the rst time, or

whenthe basestationbootsup, it broadcast$! copiesof hello-reply paclets.

To reducepotentialcontention every broadcastransmissiormentionedabove is precededy a randomizedwaiting
period whoselength is dependenbn nodedistribution densityin the network. Note that the above rules can be
optimizedin variousways. For instanceyule Il canbe optimizedsuchthata nodeacknavledgesat mostonehello-
requestfrom anothemodeeachtime the requestinghodebootsup. Eventhoughwe have implementedquite a few

suchoptimizationswe skip the detaileddiscussiorheresincethey arenotthefocusof this chapter

3.2.2 Initial sampling

Having learnedthe location of the basestationas well asthe locationsand IDs of its neighbors,a nodeneedsto
estimatethe LDs regardingits neighbors.To designthe estimationmechanismlet us rst checkFigure1.9, which
shaws the meanunicastMAC lateng in differentinterfering scenarios.We seethat, even thoughMAC latencies
changeasinterferencepatternchangesthe relative rankingin the meanMAC lateng amonglinks doesnot change

much.Neitherwill theLDs accordingly
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Figure1.9: MAC lateng in the presencef interference

In LOF, thereforewhena nodeS learnsof the existenceof a neighborR for the rst time, S takesa few samples
of theMAC lateng for thelink to R beforeforwardingany datapacletsto R. Thesamplingis achievedby S sending
afew unicastpacletsto R andthenfetchingthe MAC feedback Theinitial samplinggivesa nodearoughideaof the

relative quality of thelinks to its neighborsto jump startthe data-drivenestimation.

3.2.3 Data-drivenadaptation

Via initial sampling,a nodegetsa roughestimationof the relative goodnes®f its neighbors.To improve its route
selectionfor an applicationtrafc pattern,the nodeneedsto adaptits estimationof LD via the MAC feedbackfor

unicastdatatransmissionSincelLD is lognormallydistributed,LD is estimatedy estimating og(LD ).

On-line estimation. To determingheestimatiormethodwe rst checkthe propertief thetime seriesof log(LD ).

Figure1.10shaws a time seriesof thelog(LD ) regardinga node3.65meters(i.e., 12 feet) away from a sender We

log(LD) (ms/meter)

1 2 3
sample series x 10

Figure1.10:A time seriesof log(LD )

seethat the time series ts well with the constant-lgel model[19] wherethe generatingorocesss representedy
a constantsuperimposedvith random uctuations. Therefore,a good estimationmethodis exponentiallyweighted

moving average (EWMA) [19], assuminghefollowing form

\Y; vV +@ )Vv° (1.4)



3 DATA-DRIVEN LINK ESTIMATION AND ROUTING 16

whereV is the parameteto beestimatedy °is the latestobsenationof V, and  is theweight(0 1).

In LOF, whena new MAC latengy andthusa new log(LD ) valuewith respecto the currentnext-hop forwarder
R is obsened,theV valuein theright handsideof formula(1.4) maybequiteold if R hasjust beenselectedasthe
next-hopandsomepacketshave beentransmittedo otherneighborammediatelybefore. To dealwith thisissue we
de ne the age factor (R) of the currentnext-hopforwarderR asthe numberof pacletsthat have beentransmitted

sinceV of R waslastupdated.Then,formula(1.4)is adaptedo bethefollowing:
\Y; Rv + 1 (R)yy© (1.5)

(Experimentgon rm thatLOF performsbetterwith formula(1.5) thanwith formula(1.4).)
EachMAC feedbackndicateswhethera unicasttransmissiorhassucceededndhow long the MAC lateng | is.
Whenanoderecevesa MAC feedbackit rst calculategsheagefactor (R) for the currentnext-hopforwarder then

it adaptshe estimationof log(LD ) asfollows:

If the transmissiorhassucceededthe nodecalculateshe new log(LD ) valueusingl and appliesit to for-

mula(1.5)to getanew estimationregardingthe currentnext-hopforwarder

If the transmissiorhasfailed, the nodeshouldnot usel directly becausét doesnot representhe lateng to
successfullyransmita paclet. To addresghis issue the nodekeepstrack of the unicastdelivery rate,whichis
alsoestimatedusingformula (1.5), for eachassociatedink. Then,if the noderetransmitghis unicastpaclet
via the currently usedlink, the expectednumberof retriesuntil successs % assumingthat unicastfailures
areindependenaindthatthe unicastdelivery ratealongthelink is p. Includingthe lateng for this lastfailed
transmissionthe expectedoveralllateng 1%is (1 + %)I. Thereforethenodecalculategshenew log(LD ) value

usingl®andappliesit to formula(1.5)to geta new estimation.

Anotherimportantissuein EWMA estimatioris choosingheweight , sinceit affectsthe stability andagility of
estimation.To addresshis questionwe try outdifferent valuesandcomputethe correspondingstimationdelity ,
thatis, the probability of LOF choosingthe right next-hop forwarderfor S. Figurel1.11(a)shavs the best value
andthe correspondingestimation delity for differentwindows of comparison.If the window of comparisonis 20
secondsfor instancethebest is 0.8,andthecorrespondingstimationdelity is 89.3%.(Sincethetime spanof the

ExScaltraf c traceis about20 secondsye set as0.8in our experiments.)
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Figurel.11: Theweight in EWMA

For sensitvity analysis,Figure 1.11(b)shavs how the estimation delity changeswith  whenthe window of
comparisonis 20 seconds. We seethat the estimation delity is not very sensitve to changesn  over a wide
range. For example,the estimation delity remainsabove 85% when changedrom 0.6 to 0.98. Similar patterns
are obsenred for the otherwindows of comparisortoo. The insensitvity of estimation delity to guaranteeshe

robustnes®f EWMA estimationin differentenvironments.

Routeadaptation. Astheestimatiorof LD changesanodeS adaptsts routeselectiorby the ELD metric. Moreover,
if theunicastreliability to aneighborR is below certainthreshold(say60%),S will markR asdeadandwill remove
R from the setof forwardercandidates.If S losesall its forwardercandidatesS will rst broadcasM copiesof
hello-withdrawal pacletsandthenrestartshe routing processIf a nodeS? hearsa hello-withdrawal paclketfrom S,
andif S is a forwardercandidateof S° S°removesS from its setof forwardercandidatesind updateits next-hop
forwarderasneedbe. (As asidenote,we nd that,onaveragepnly 0.9863neighborof ary nodearemarkedasdead
in both our testbedexperimentsandthe eld deploymentof LOF in projectExScal[9]. Again, thewithdrawing and

rejoining processanbeoptimized,but we skip the detailshere.)

3.2.4 Probabilistic neighbor switching

Giventhatthe initial samplingis not perfect(e.g.,covering 80% insteadof 100%of all the possiblecaseskandthat
wirelesslink quality variestemporally the data-drienadaptatioralonemay missusinggoodlinks, simply because
they wererelatively badwhentestedearlierandthey do notgetchanceo betried outlateron. Thereforewe propose
probabilisticneighborswitchingin LOF. Thatis, whenerer a nodeS hasconsecutiely transmitted s (Ro) number
of datapaclets using a neighborRg, S will switch its next-hop forwarderfrom Rq to anotherneighborR® with

probability P,s (R%. On the otherhand,the probabilisticneighborswitchingis exploratoryandoptimisticin nature,
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thereforeit shouldbe usedonly for goodneighbors.In LOF, neighborswitchingonly considershe setof neighbors
thatarenotmarkedasdead.

In what follows, we explain how to determinethe switching probability P,s (R% and the switching interval

ranks.

Switching probability. At themomentof neighborswitching,a betterneighborshouldbe choserwith higherproba-
bility. In LOF, aneighboris choserwith theprobabilityof theneighboractuallybeingthebestnext-hopforwarder We
derive this probabilityin threesteps:the probability Py(Ri; Rj) of aneighborR; beingactuallybetterthananother
oneR;, the probability P, (R;) of a neighborR; beingactually betterthanall the neighborsthat rankslower than
itself, andthe probability Pns (R;) of aneighborR; beingactuallythebestforwarder (Interestedeadersan nd the

detailedderivationin [37].

Switching interval. Thefrequeng of neighborswitchingshoulddependnhow goodthe currentnext-hopforwarder
Rg is, i.e., the switching probability Pns (Ro). In LOF, we setthe switchingintenal | ,s (Ro) to be proportionalto
Pns (RO), thatIS,

Ins(Ro) = C  Pns(Ro) (1.6)

whereC is aconstanbeingequalto (N K, with N beingthe numberof active neighborghatS has,andK being
aconstante ecting the degreeof temporalvariationsin link quality. We setK to be20in our experiments.
The switching probabilitiesand the switching intenval are re-calculatedeachtime the next-hop forwarderis

changed.

3.3 Experimental evaluation

Viatestbedsand eld deployment,we experimentallyevaluatethe designdecisionsandthe performancef LOF. We

rst presentheexperimentdesignthenwe discusghe experimentaresults.

3.3.1 Experiment design

Network setup. In testbedKanseiasshown in Figure 1.4, we let the Stagateat the left-bottom cornerof the grid

be the basestation,to which the other Stagatesneedto nd routes. Then,we let the StagateS at the upperright
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cornerof thegrid bethetrafc source.S sendgacletsof length1200bytesaccordingto the ExScaleventtrace[38].
For eachprotocolwe study S simulates0 eventruns,with theinternval betweenconsecutie runsbeing20 seconds.
Thereforefor eachprotocolstudied950(i.e.,50 19) pacletsaregeneratectS.

We have alsotestedscenariosvheremultiple sendergeneratéexScaltraf ¢ simultaneouslyaswell asscenarios
wherethedatatraf c is periodic;LOF hasalsobeenusedin the backbonenetwork of ExScal. Interestedeadersan

nd thedetaileddiscussionn [37].

Protocolsstudied. We studythe performanceof LOF in comparisorwith that of beacon-baserbuting, wherethe
latestdevelopmentis representethy ETX [12, 35] andPRD[29]: (For conveniencewe do not differentiatethe nameof a

routing metricandthe protocolimplementingt.)

ETX expectedtransmissiorcount. It is a type of geography-unaaredistance-ectorrouting wherea node
adoptsa route with the minimum ETX value. Sincethe transmissiorrateis x edin our experiments,ETX
routingalsorepresentanothemetricETT [14], wherearoutewith the minimumexpectedransmissiorimeis

used.ETT is similar to MAC latencyasusedin LOF.

PRD: productof pacletreceptiorrateanddistanceraversedo thedestination Unlike ETX, PRDis geography-
basedln PRD,anodeselectsasits next-hopforwarderthe neighbomwith themaximumPRDvalue. Thedesign

of PRDis basednthe analysisghatassumegeographic-uniformity

By their original proposals ETX and PRD usebroadcasbeacondn estimatingthe respectie routing metrics. In
this paper we comparethe performanceof LOF with thatof ETX andPRD asoriginally proposedn [12] and[29],
without consideringhe possibility of directly estimatingmetricsETX andPRD via datatrafc. Thisis becausehe
rmw areof our SMC WLAN cardsdoesnot exposeinformationonthe numberof retriesof aunicasttransmissionin
our experimentsmetricsETX and PRD are estimatecdaccordingto the methodoriginally proposedn [12] and[29];
for instanceproadcasbeacon$iave the samepaclet lengthandtransmissiomateasthoseof datapaclets.

To verify someimportantdesigndecisionsof LOF, we alsostudydifferentversionsof LOF asfollows:®

L-hop assumegeographic-uniformityand thus usesmetric ELR, as speci ed by formula (1.3), insteadof

ELD;

5Note: we have studiedthe performancef geography-unaare distance-ectorrouting usingdata-diven estimatiortrying to minimizethesum

of MAC lateny alongroutes andwe foundthatthe performances similar to thatof LOF, exceptthatmorecontrolpacletsareused.
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L-ns doesnot usethe methodof probabilisticneighborswitching;
L-sd considersin probabilisticneighborswitching,the neighborghathave beenmarkedasdead;
L-se performsprobabilisticneighborswitchingafterevery packettransmission.

For easycomparisonyve have implementedall the protocolsmentionedabove in EmStar|3], a softwareenviron-

mentfor developinganddeploying sensornets.

Evaluation criteria. Reliability is onecritical concernin corvergecast.Using the techniquesof reliable transport

discussedn [37], all the protocolsguaranteel00% paclet delivery in our experiments. Therefore,we compare

protocolsin metricsotherthanreliability asfollows:

End-to-endVIAC latency the sumof the MAC lateng spentat eachhop of aroute. This re ects not only the

deliverylateng but alsothethroughputavailablevia a protocol[12, 14].

Enegy efciency: enegy spentin deliveringa pacletto thebasestation.
3.3.2 Experimental results

MAC latency. Usingboxplots,Figure1.12shavs the end-to-endVIAC lateng, in millisecondsfor eachprotocol.

soggg

Py
Lilas

end to end MAC latency (ms)

o L
ETX PRD LOF Lhop Lns Lsd Lse

Figure1.12: End-to-endVAC lateny

The averageend-to-endMAC lateng in bothETX andPRDis around3 timesthatin LOF, indicatingthe advantage
of data-drvenlink quality estimation. The MAC lateng in LOF is alsolessthanthat of the otherversionsof LOF,
shaving theimportanceof usingtheright routingmetric(includingnotassumingyeographianiformity) andneighbor

switchingtechnique.

To explain the above obsenation, Figures1.13,1.14,1.15,and1.16 shaw the routehoplength,perhop MAC
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latengy, averageperhop geographidistance andthe coefcient of variation(COV) of perhop geographidistance.
Even thoughthe averageroute hop length and perhop geographiaistancein ETX are approximatelythe sameas
thosein LOF, the averageperhop MAC lateng in ETX is about3 timesthatin LOF, which explainswhy the end-
to-endMAC lateng in ETX is about3 timesthatin LOF. In PRD, boththe averageroutehoplengthandthe average
perhopMAC lateng is abouttwice thatin LOF.
FromFigurel.16,we seethatthe COV of perhopgeographidistances ashigh as0.4305in PRDand0.2754in

L-hop. Therefore the assumptiorof geographiainiformity is invalid, which partly explainswhy PRD andL-hop do
not performaswell asLOF. Moreover, thefactthatthe COV valuein LOF is thelargestandthat LOF performsthe

besttendto suggesthatthe network stateis heterogeneouat differentlocationsof the network.

Energy ef ciency. Giventhatbeaconsre periodicallybroadcastedih ETX and PRD, andthat beaconsarerarely
usedn LOF, it is easyto seethatmorebeaconsrebroadcasteth ETX andPRDthanin LOF. Thereforewe focusour
attentiononly on the numberof unicasttransmissionsequiredfor delivering datapacletsto the basestation,rather

thanonthebroadcasbverheadTo thisend,Figurel.17showvs the numberof unicasttransmissionsveragedverthe
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Figurel1.17: Numberof unicasttransmissionperpacletreceved

numberpacletsrecevedatthebasestation. Thenumberof unicastransmissionperpacketrecevedin ETX andPRD
is 1.49and2.37timesthatin LOF respectiely, shaving againthe advantageof data-drveninsteadof beacon-based
link quality estimation. The numberof unicasttransmissionger pacletrecevedin LOF is alsolessthanthatin the
otherversionsof LOF. For instancethe numberof unicasttransmission L-hopis 2.89timesthatin LOF.
Giventhatthe SMC WLAN cardin our testbedusesintersil Prism2.5chipsetwhich doesnot exposethe infor-
mationon the numberof retriesof a unicasttransmissionFigure1.17 doesnot representhe actualnumberof bytes
sent.NeverthelessgivenFigurel.14andthefactthatMAC latengy andenegy consumptiorarepositively related(as

discussedh Section3.1),theabove obsenationon therelative enegy ef ciency amongthe protocolsstill holds.
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To explaintheabove obsenation,Figurel.18shavsthenumberof failedunicasttransmissionfor the 950 paclets
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Figure1.18: Numberof failedunicasttransmissions

generatedt the source. The numberof failuresin ETX andPRDis 1112and 786 respectiely, yetthereareonly 5
transmissiorfailuresin LOF. Also, thereare 711 transmissiorfailuresin L-hop. Togetherwith Figure1.15,we see
thatthereexist reliablelong links, yet only LOF tendsto nd themwell: ETX alsouseslong links, but they arenot
reliable;L-ns usesreliablelinks, but they arerelatively shorter

Basedon its well-testedperformance| OF hasbeenincorporatedn the ExScalsensorneteld experiment[9],
where203Stagatesveredeployedasthebackbonanetwork with theinter-Stagateseparatiomeingaroundd5 meters.
LOF hassuccessfullyguaranteedeliable andreal-timecorvergecasfrom arny numberof non-baseStagatesto the

basestationin ExScal.

4 Relatedwork

Architecture. The SensorneProtocol (SP)[28] providesa uni ed link layer abstractionfor sensornets.As SP
focuseson the interfacebetweenlink and network layers,SP canbe incorporatednto the SMA architecturewhich
focuseson higher layer architecture. Woo et al [34] discussnetwork supportfor query processingn sensornets,
in particular issuessuchas query-orientedouting, ef cient rendezwusfor storageandcorrelation,anduni ed in-
network processingTheirfocusis onqueryprocessingasopposedo thearchitecturabndalgorithmicissuesnvolved
in supportinga broaderrangeof applications,suchas distributed signal processingand computing. Impala[26]
considersaadaptingthe communicatiorprotocolto changingnetwork conditionsandapplicationrequirementsusing
the AdaptationFinite StateMachine(AFSM). Nahrstedet al [27] considerthe provision of application-speci cQoS
in ubiquitousernvironmentsyia a framework for QoSspeci cationandcompilation,QoSsetup,andQoSadaptation.

SMA and LOF complementhe proposalsn [26] and[27] by focusingon issuessuchas application-adaptie link
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estimation structuring,andschedulingwhich obviatethe humanfrom theloop.

In Internetrelatedresearchthe conceptof Application OrientedNetworking (AON) [5] and Application-driven
Networking [21, 17] arebeingexploredto enablecoordinationamongdisparateapplicationsto enforceapplication-
speci ¢ policies,to improve visibility of information o w, andto enhanceapplicationoptimizationand QoS.While
theseconceptsare genericenoughto be appliedto sensornetsthe techniqguesemployed and the problemsfacedin
the Internetcontext differ from thosein sensornetdueto differencesn bothtechnologyadapplicationdomains.For

instancesevereresourceconstraintareuniqueto sensornetandarenot majorissuesn thelnternet.

Routing. Link propertiesin sensornetand 802.11bmeshnetworks have beenwell studied[6, 24, 41]. These
works have obsenedthatwirelesslinks assume&omple propertiessuchaswide-rangenon-uniformpaclet delivery
rateat differentdistancesloosecorrelationbetweerdistanceandpaclet delivery rate,link asymmetryandtemporal
variations.

In addressinghe challenge®f wirelesscommunicationgreatprogressasrecentlybeenmaderegardingrouting
in sensornetandmeshnetworks. RoutingmetricssuchasETX [12, 35] andETT/WCETT [14] have beenproposed
andshown to performwell in real-world wirelessnetworks[13]. Thegeography-basetietricPRD[29] hasalsobeen
proposedor enegy-efcient routing in sensornets.Unicastlink propertiesare estimatedusing broadcasbeacons
in theseworks. LOF differs from existing approachedy avoiding the dif culty of preciselyestimatingunicastlink
propertiesvia thoseof broadcasbeacons.

Asin LOF, SPEED[18] usesMAC lateny andgeographidénformationfor routeselection.Concurrentlywith our
work, [25] proposeNADV which alsousesinformationfrom MAC layer. While they do focuson real-timepaclet
delivery and a generalframeawork for geographiaouting, [18] and[25] did not focuson the protocoldesignissues
in data-drivenlink estimationandrouting. Nor do they considertheimportanceof appropriatgrobabilisticneighbor
switching . SPEEDswitchesnext-hop forwardersafter every paclet transmissior(asin L-se),andNADV doesnot
performprobabilisticneighborswitching(asin L-ns), both of which degeneratenetwork performanceasis shovn in

Section3.3.
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5 Concluding remarks

Beingabasicservicefor sensornetsnessagingeedgo dealwith thedynamicsof wirelesscommunicationto support
diverseapplications,andto copewith the interactionbetweenlink dynamicsand applicationtrafc patterns. For
dependableef cient, andscalablemessagingn sensornetsye have proposedhe sensornemessagingrchitecture
SMA. SMA employstwo levelsof abstractionthelower level componenTLR dealswith wirelesslink dynamicsand
its interactionwith traf ¢ patternsn auni ed manner;the higherlevel componentAST andASC directly interface
with applicationsandsupportapplication-speci cQoSrequirementandin-network processing.

SMA s a rst steptowardstheuni ed sensornemessagingrchitecture As technologie@ndapplicationsvolve,
it is expectedthat the architectureandits componentswill be enriched. The bene ts of TLR and ASC have been
demonstrate@xperimentally yet thereare still mary fundamentaproblemsassociatedvith modelingthe stability
and optimality of data-drvenlink estimationand routing, aswell asthoseof application-adaptie structuringand
scheduling.In the context of link estimationandrouting, therearealsointerestingsystemsssuesdeservingfurther
exploration,for instancecomparisorof differentroutingmetrics(e.g.,numberof-transmissiotased/s: MAC lateny
based)and metric evaluationmechanismge.g., distance-ectorrouting vs. geographiaouting). Anotherimportant
issuein sensornetss pover managementlt hassigni cant implicationsto the designof sensornetrchitectureand

algorithms,andshouldbe studiedsystematicallytoo.
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