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Abstract

In thecontext of IEEE802.11metwork testbedswe examinethe
differencesbetweenunicastand broadcastink properties,and
we shav the inherentdif culties in preciselyestimatingunicast
link propertiesvia thoseof broadcasbeaconsvenif we make
thelengthandtransmissionmateof beacondethe sameasthose
of datapaclets. To circumwentthedif culties in link estimation,
we proposeto estimateunicastlink propertiesdirectly via data
traf ¢ itself without usingperiodicbeaconsTo this end,we de-
signadata-drvenroutingprotocolLearnontheFly (LOF). LOF
estimatedink quality basedondatatrafc, andit choosesoutes
by way of a locally measurablenetricELD, the expectedVIAC
latency per unit-distanceto the destination Using a realistic
sensometwork traf ¢ traceandan 802.11btestbedof 195 Star
gateswe experimentallycomparehe performancef LOF with
thatof existing protocols representetly thegeography-unaare
ETX andthe geography-baseBRD.We nd thatLOF reduces
end-to-endVIAC lateng by a factorof 3 andenhancenegy
efciency by a factorup to 2.37, which demonstratdéhe feasi-
bility aswell aspotentialbene ts of data-drivenlink estimation

androuting.

—sensometwork, beacon-freegeographicrouting, data-driven
link quality estimation, MAC latency, IEEE 802.11brealtime, enemy, reli-
ability

1 Intr oduction

Wirelesssensornetworks are ervisionedto be of large scale,
comprisingthousandgo millions of nodes. To guaranteaeal-
time andreliable end-to-endoaclet delivery in suchnetworks,
they usuallyrequirea high-bandwidtimetwork backboneo pro-
cessandrelay datageneratedy the low-endsensomodessuch
asmoteq3]. Thisarchitecturénasbeendemonstratedh thesen-
sor network eld experimentExScal[7], where 203 Stagates
and 985 XSM motesweredeployedin anareaof 1260 meters
by 288 meters.EachStagateis equippedwith a 802.11bradio,
andthe 203 Stagatesform the backbonenetwork of ExScalto
supportreliableandreal-timecommunicatioramongthe motes
for targetdetection classi cation,andtracking. Similar 802.11
basedsensometworks (or network backboneshave alsobeen
exploredin otherprojectssuchasMASE [1] andCodeBlu€2].
In this paper we studyhow to performroutingin such802.11
basedvirelesssensonetwork backbones.
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As the quality of wirelesslinks, for instance paclet delivery
rate, variesboth temporallyand spatiallyin a complex manner
[8, 22, 31], estimatindink qualityis animportantaspecof rout-
ing in wirelessnetworks. Existingrouting protocols[12, 13, 14,
26, 29] periodicallyexchangebroadcasbeacondetweerpeers
for link quality estimation.Neverthelesslink quality for broad-
castbeacondliffers signi cantly from thatfor unicastdata,be-
causebroadcasbeaconsand unicastdatadiffer in paclet size,
transmissiomate,andcoordinatiormethodat the media-access-
control (MAC) layer[11, 24]. Moreover, temporalcorrelations
of link quality assumea complex pattern[28], which makesit
evenharderto preciselyestimateunicastlink quality via that of
broadcastThereforelink quality estimatedusingperiodicbea-
con exchangemay not accuratelyapply for unicastdata,which
cannegatively impactthe performancef routing protocols.

In wirelesssensonetworks,atypical applicationis to monitor
anenvironment(beit anagricultural eld or aclassi edarea)for
eventsof interestto the users.Usually, the eventsarerare. Yet
whenaneventoccurs,alarge burstof datapacletsis oftengen-
eratedthatneedgo beroutedreliably andin real-timeto abase
station[30]. In this context, evenif therewereno discrepang
betweerthe actualandthe estimatedink quality usingperiodic
beacorexchangethe estimates¢endto re ect link quality in the
absenceratherthanin the presenceof burstydatatraf c. Thisis
because:rst, link qualitychangesigni cantly whentrafc pat-
ternchangegaswe will shav in Section2.2.2);andsecond|ink
guality estimationtakestime to corverge,yet differentburstsof
datatraf c arewell separatedn time, andeachburstlastsonly
for ashortperiod.

Beacon-basedstimationof link quality is notonly limited in
re ecting reality, it is alsoinef cient in enegy usage.In exist-
ing routing protocolsthat uselink quality estimation,beacons
areexchangedoeriodically Thereforeenegy is consumedin-
necessarilyor the periodicbeaconingvhenthereis no datatraf-
c. Thisis especiallytrueif the eventsof interestareinfrequent
enoughthat thereis no datatraf c in the network mostof the
time [30].

To dealwith theshortcoming®f beacon-basehk quality es-
timation andto avoid unnecessarpeaconingnen mechanisms
for link estimationandroutingaredesired.

Contrib utions of the paper. Usingoutdoorandindoortestbeds
of 802.11metworks,we studytheimpactof environmentpacket
type,pacletsize,andinterferencepatternon the quality of wire-
lesslinks. Theresultsshow thatit is dif cult (if evenpossible)
to preciselyestimataunicastink quality usingbroadcasbeacons
evenif we make thelengthandtransmissiomrate of beaconde
thesameasthoseof datapaclets.Fortunatelywe nd thatgeog-



raphyandthe DATA-ACK handshak (availablein the 802.11b
MAC) makeit possibleto performroutingwithoutusingperiodic
beaconsijn termsof informationdiffusion and data-driven link
quality estimatiornrespectiely. To demonstrat¢hetechniqueof
data-drvenlink estimatiorandrouting,we de ne aroutingmet-
ric ELD, theexpectedVIAC latencyper unit-distanceo thedes-
tination, which canbeimplementedn our 802.11networksand
workswell in both our indoor testbedsandthe large scale eld
experimentExScal[7]. (Note: in principle,we could have used
metricssuchasETX [12] or RNP[10] in data-drvenrouting,but
thisis notfeasiblegiventhe existing 802.11radios.)

Toimplementdata-drvenrouting,we modify theLinux kernel
andthe WLAN driver hostap[5] to ex ltrate the MAC lateny
for eachpaclet transmissionwhich is not availablein existing
systemsTheex Itration of MAC lateng is reliablein thesense
thatit dealswith the loss of MAC feedbackat placessuchas
netlink socletsandIP transmissiorcontrol.

Building uponthecapabilityof reliably fetchingMA C lateng
for eachpaclettransmissionwe designaroutingprotocolLearn
on the Fly (LOF) which implementsthe ELD metric without
using periodicbeacons.In LOF, control pacletsare usedonly
rarely, for instancegduringthenodeboot-up.Uponbootingup,a
nodeinitializesits routing engineby taking a few (e.g.,8) sam-
plesonthe MAC lateng to eachof its neighborsthenthe node
adaptsits routing decisionsolely basedon the MAC feedback
for datatransmissionwithout usingary controlpaclet. To deal
with temporalvariationsin link quality and possibleimperfec-
tion in initializing its routing engine the nodeswitchesits next-
hopforwarderto anothemeighborat controlledfrequenciesvith
aprobabilitythatthis neighboris actuallythe bestforwarder

Using aneventtrafc tracefrom the eld sensometwork of
ExScal[7], we experimentallyevaluatethe designandthe per
formanceof LOF in atestbedof 195 Stagateq3] with 802.11b
radios. We alsocomparethe performanceof LOF with that of
existing protocols,representethy the geography-unaareETX
[12, 29] andthe geography-baseHRD [26]. We nd thatLOF
reducesend-to-endMAC lateng, reducesenegy consumption
in paclket delivery, andimprovesroute stability. Besideshursty
eventtraf c, we evaluateLOF in the caseof periodictraf ¢, and
we nd thatLOF outperformsexisting protocolsin thatcasetoo.
Theresultscorroboratehe feasibility aswell aspotentialbene-
ts of data-drienlink estimationandrouting.

Organization of the paper. In Section2, we studythe short-
comingsof beacon-basdihk quality estimationandwe analyze
thefeasibility of data-drvenrouting. Following that,we present
theroutingmetricELD in Section3, andwe designthe protocol
LOFin Sectiord4. We experimentallyevaluateLOF in Sectionb,

andwe discusgherelatedwork in Section6. We make conclud-
ing remarksin Section?.

2 Why data-drivenrouting?

In thissectionwe rst experimentallystudytheimpactof paclet
type, packet length, andinterferenceon link properties. Then
we discusghe shortcoming®f beacon-baselihk propertyesti-
mation,aswell asthe concepbf data-drvenlink estimationand

LIn this paper the phrasesink quality andlink propertyareusedinterchangeably

routing.

2.1 Experiment design

We setup two 802.11bnetwork testbedsasfollows.

Outdoor testbed. In anopen eld (seeFigurel), we deploy 29
Stagatesin a straightline, with a 45-meterseparatiorbetween
ary two consecutie Stagates.TheStagatesunLinux with ker
nel 2.4.19. Each Stagate is equipped with a
SMC 2.4GHz 802.11b wireless
cardanda9dBi high-gaincollinear
omnidirectional antenna, which
is raised 1.5 meters above the
ground. To controlthe maximum
communicationrange, the trans-
missionpower level of eachStar
gateis setas 35. (Transmission
Figurel: Outdoortestbed power level is a tunableparame-
ter for 802.11bwirelesscards,andits rangeis 127,126, ..., 0,
255,254,...,129,128,with 127beingthelowestand128being
the highest.)

Indoor testbed. In anopenwarehousevith at aluminumwalls
(seeFigure2(a)),we deplgy 195 Stagatesn al5 13 grid (as
shawn in Figure 2(b)) wherethe separatiorbetweenneighbor
ing grid pointsis 0.91 meter(i.e., 3 feet). For corveniencewe

rows (0- 12)

columns (0 - 14)

(a) testbed (b) grid topology

Figure2: Indoortestbed

numberthe rows of the grid asO - 12 from the bottomup, and
the columnsasO - 14 from the left to the right. EachStagate
is equippedwith the sameSMC wirelesscardasin the outdoor
testbed.To createrealisticmulti-hop wirelessnetworks similar
to the outdoorntestbedeachStagateis equippeda 2.2dBirubber
duck omnidirectionalantennaanda 20dB attenuatar We raise
the Stagatesl.01 metersabove the groundby putting themon
wood racks. The transmissiorpower level of eachStagateis
setas60, to simulatethe low-to-mediumdensitymulti-hop net-
works wherea nodecanreliably communicatewith around15
neighbors.

The Stagatesin the indoor testbedare equippedwith wall-
power andoutbandEthernetconnectionsyhich facilitatelong-
durationcomplex experimentsat low cost. We usethe indoor
testbedfor most of the experimentsin this paper; we usethe
outdoortestbedmainly for justifying the generalityof the phe-
nomenaobsenedin theindoortestbed.

Experiments. In the outdoortestbed the Stagateat one end
actsasthesenderandtheotherStagatesactasrecevers.Given
theconstraint®f time andexperimentcontrol,we leave complex



experimentsto the indoor testbedand only perform relatively
simpleexperimentsn theoutdoortestbedthesenderrst sends
30,0001200-bytebroadcaspaclets,thenit sends30,0001200-
byte unicastpacletsto eachof therecevers.
In the indoor testbed we let the Stagateat columnO of row
6 bethesenderandtheotherStagatesn row 6 actasrecevers.
To studythe impactof interferencewe considerthe following
scenariogwhich arenamedaccordingo theinterference):
Interferer-free thereis no interfering transmission. The
senderrst sends30,000broadcaspaclets eachof 1200
bytes, then it sends30,0001200-byteunicastpaclets to
eachof the recevers, and lastly it broadcast30,00030-
byte paclets.
Interferer-close one‘interfering” Stagateat columnO of
row 5 keepssendingl200-byteunicastpaclketsto the Star
gateat columnO of row 7, servingasthe sourceof thein-
terferingtrafc. The senderrst sends30,0001200-byte
broadcaspaclets, thenit sends30,0001200-byteunicast
pacletsto eachof therecevers.
Interferer-middle the Stagateat column7 of row 5 keeps
sendingl200-byteunicastpacletsto the Stagateatcolumn
7 of row 7. The sendemperformsthe sameasin the caseof
interfererclose.
Interferer-far: the Stagateat column 14 of row 5 keeps
sendingl200-byteunicastpacletsto the Stagateatcolumn
14 of row 7. Thesendeperformsthe sameasin the caseof
interfererclose.
Interferer-exscal In generatinghe interferingtrafc, ev-
ery Stagaterunsthe routing protocol LOF (asdetailedin
later sectionsof this paper),andthe Stagateat the upper
right cornerkeepssendingpacletsto the Stagateat the
left-bottomcorner accordingto aneventtraf c tracefrom
the eld sensometwork of ExScal[7] . Thetrafc trace
correspondso the pacletsgeneratedy a Stagatewhena
vehicle passescrossthe correspondingectionof ExScal
network. In the trace, 19 paclets are generatedwith the
rst 9 paclketscorrespondingo the startof the eventdetec-
tion andthelast 10 pacletscorrespondindo the endof the
eventdetection.Figure3 shaws, in sequencethe intervals
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Figure3: Thetrafc traceof anExScalevent

betweenpaclets1 and2, 2 and 3, andsoon. The sender
performsthe sameasin the caseof interfererclose.
In all of theseexperiments,except for the caseof interferer
exscal,the paclet generatiorfrequeng, for boththe senderand
the interferer is 1 packet every 20 milliseconds. In the caseof
interfererexscal thesendestill generated pacletevery 20 mil-
liseconds,yet the interferergeneratepaclets accordingto the

eventtrafc tracefrom ExScal,with theinter-event-runinterval
being 10 seconds.(Note that the scenariosabove are far from
beingcomplete put they do give usa senseof how differentin-
terferingpatternsaffectlink properties.)

In the experiments,broadcaspaclets are transmittedat the
basicrateof 1M bps,asspeci ed by the 802.11bstandard Not
focusingon theimpactof paclketratein our study we setunicast
transmissiorrateto a x ed value (e.g., 5.5M bps). (We have
testeddifferentunicasttransmissiorratesand obsened similar
phenomena.for other802.11bparameterswe usethe default
con gurationthatcomeswith the systemsoftware. For instance,
unicastransmissionsseRTS-CTShandshak,andeachunicast
pacletis retransmittedipto 7 timesuntil successor failurein the
end.

2.2 Experimental results

For eachcasewe measur&ariouslink propertiessuchaspaclet
delivery rateandtherun lengthof packetssuccessfullyreceved
withoutary lossin betweenfor eachlink de ned by the sender
- receiver. Dueto spacdimitations, however, we only present
the dataon paclet delivery rate here. The paclet delivery rate
is calculatedonce every 100 paclets (we have also calculated
deliveryratesin othergranularitiessuchasonceevery 20,50 or
1000paclets,andsimilar phenomenavereobsened).

We rst presenthe differencebetweerbroadcasandunicast
whenthereis no interferencethenwe presentheimpactof in-
terference.

2.2.1 Interferer free

Figure4 showvsthescatteplot of thedeliveryratesfor broadcast
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Figure4: Outdoortestbed

andunicastpacletsat differentdistancesn the outdoortestbed.
Fromthe gure, we obsenre thefollowing:
Broadcasthas longer communicationrangethan unicast.
Thisis dueto the factthatthe transmissiomratefor broad-
castis lower, andthatthereis no RTS-CTShandshak for
broadcast.(Note: the failure in RTS-CTShandshak also
causes unicastto fail.)
Forlinks whereunicasthasnon-zeraleliveryrate ,themean
deliveryrateof unicastis higherthanthatof broadcastThis
is dueto thefactthateachunicastpacletis retransmittedip
to 7 timesuponfailure.
Thevariancen pacletdeliveryrateis lowerin unicastthan



thatin broadcast.This is dueto the factthatunicastpack-
ets are retransmittedupon failure, and the fact that there
is RTS-CTShandshak for unicast. (Note: the successn
RTS-CTShandshak implies higher probability of a suc-
cessfulunicast,dueto temporalcorrelationsn link proper
ties[10].)

Similar resultsare obsenedin the indoor testbed,as shawvn in

Figuresb(a)and5(b). Neverthelessthereareexceptionsat dis-
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Figure5: Indoortestbed

tances3.64 metersand 5.46 meters,wherethe delivery rate of
unicasttakesa wider rangethanthatof broadcastThisis likely
dueto temporalchangesn the ervironment. ComparingFig-
ures5(a)and5(c), we seethatpacletlengthalsohassigni cant
impactonthe meanandvarianceof pacletdeliveryrate.

Implication. FromFigures4 and5, we seethatpacletdelivery
ratedifferssigni cantly betweerbroadcasandunicast,andthe
differencevarieswith ervironmenthardware,andpacletlength.
2.2.2 Interfering scenarios

Figure 6 shows how the differencebetweenbroadcastaind uni-
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Figure6: Thedifferencebetweenbroadcasandunicastin dif-
ferentinterferingscenarios

castin the meanpaclet delivery rate changesas the interfer
enceanddistancechange. Given a distanceand an interfering

scenariothe differenceis calculatedas —, where and
denotethe meandelivery ratefor unicastandbroadcastespec-
tively. From the gure, we seethat the differenceis signi -
cant(upto 94.06%),andthatthe differencevarieswith distance.
Moreover, the differencechangessigni cantly (up to 103.41%)
asinterferencepatternchanges.

Figures7 and8 shaw the relative changeswhencompared
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with the caseof interfererfree, in packet delivery rate and its
coefcient of variation (COV)? underdifferentinterfering sce-
narios. Given a distanceand an interfering scenario the rela-
tive changes calculatedas—, where and denotethe pa-
rametervaluein the presencandin the absencef theinterfer
encerespectiely;if or is ,wedonotcalculatetherelative
changesincethe valuewould belessmeaningful. Fromthe g-
ures,we seethatboththe meanandthe COV of pacletdelivery
ratechangesigni cantly for broadcasivhenthereis interference,
yettherelative changedor unicastaremuchless.Moreover, the
relative changewary asinterferingscenariogsinddistancewvary.

Implication. Forwirelesssensonetworkswheredataburstsare

well separatedh time andpossiblyin spacge.g.,in burstycon-

vergecast)the link propertiesexperiencedoy periodicbeacons
may well differ from thoseexperiencedby datatrafc. More-

over, the differencebetweenbroadcastnd unicastchangesas

interferencepatternchanges.

2.3 Data-drivenrouting

To amelioratehedifferencedetweerbroadcasandunicastink
properties,researcherbave proposedto make the length and

2COV is de ned asthe standardieviation divided by themean[20].



transmissiomrate of broadcasbeaconde the sameasthoseof
datapaclets, and then estimatelink propertiesof unicastdata
via thoseof broadcasbeaconsby taking into accountfactors
suchaslink asymmetry ETX [12] hasexploredthis approach.
Neverthelessthis approachmay not be always feasiblewhen
the lengthof datapacletsis changing;or evenif the approach
is alwaysfeasible,it still doesnot guaranteehatlink properties
experiencedy periodicbeaconse ect thosein the presencef
datatrafc, especiallyin event-driven sensometwork applica-
tions. Moreover, theexisting methodfor estimatingmetricssuch
asETX doesnot take into accountthe temporalcorrelationsin
link propertieq10] (partly dueto the dif culty of modelingthe

use geography-baserbuting in which a nodeonly needs
to know the location of the destinationand the informa-
tion regardingits local neighborhoodsuchasthe quality
of the links to its neighbors). Thus, only the location of
thedestination(e.g.,thebasestationin corvergecastheeds
to be diffusedacrosshe network. Unlike in beacon-based
distance-ectorrouting, the diffusion happensnfrequently
sincethe destinationis staticmostof thetime. In general,
controlpacletsareneedednly whenthelocationof anode
changeswhich occursinfrequently
In whatfollows,we rst presentheroutingmetricELD which
is basedon geographyand MAC lateng, thenwe presentthe

temporalcorrelationghemseles[28]), which furtherdecreases designof LOF which implementsELD without using periodic

its estimation delity . For instance Figure9 shows the signi -
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Figure 9: Error in estimatingunicastdelivery rate via that of
broadcast

canterrorin estimatingunicastdeliveryratevia thatof broadcast
underdifferentinterferingscenariosvhentemporalcorrelations
in link propertiesarenot consideredi.e.,assumingndependent
bit errorandpacletloss). Thereforeijt is nottrivial, if evenpos-
sible, to preciselyestimatelink propertiesfor unicastdatavia
thoseof broadcasbeacons.

To circumventthedif culty of estimatingunicastink proper
tiesvia thoseof broadcastye proposeto directly estimateuni-
castlink propertiesvia datatraf ¢ itself. In this contet, since
we are not usingbeacondor link propertyestimation,we also
explore the ideaof not using periodicbeaconsn routing at all
(i.e., beacon-fregouting) to sase enegy; otherwise beaconing
requiresnodesto wake up periodically even whenthereis no
datatrafc.

To enabledata-drvenrouting,weneedo nd alternatvemech-
anismdor accomplishindhetasksthataretraditionallyassumed
by beaconsactingasthe basisfor link propertyestimationand
diffusinginformation(e.g.,the cumulative ETX metric). In sen-
sor network backbonesgdata-drvenrouting is feasiblebecause
of thefollowing facts:

MAC feedback. In MACswhereeveryframetransmission
isacknavledgedby therecever(e.g.,in the802.110MAC),
the sendercan determineif a transmissiorhassucceeded
by checkingwhetherit recevvestheacknaviedgment Also,
thesendercandeterminenow long eachtransmissioriakes,
i.e.,MAC lateng. Thereforethesendeis ableto getinfor-
mationonlink propertiesvithoutusingany beacons(Note:
it hasalsobeenshovn that MAC lateng is a goodrouting
metricfor optimizingwirelessnetwork throughpuf9].)
Mostly static network & geograply. Nodesare static
mostof the time, andtheir geographidocationsare read-
ily available via devicessuchas GPS.Therefore,we can

beacons.

Remarks:
Although parametersuchasRecever Signal Strengthin-
dicator(RSSI),Link Quality Indicator(LQI), andSignalto
NoiseRatio (SNR)alsore ect link reliability, it is dif cult
to usethemasa precisepredictiontool [8]. Moreover, the
aforementionegarametergan be fetchedonly at paclet
recevers(insteadof senders)andextra controlpacletsare
neededo corvey theseinformationbackto the sendersf
we wantto usethemasthe basisof link propertyestima-
tion. Therefore we do notrecommendisingtheseparame-
tersasthecorebasisof data-drivenrouting,especiallywhen
sendersieedto preciselyestimatean-situ link properties.
Our objective in this paperis to explore the ideaof data-
drivenlink propertyestimationandrouting,but it is notour
objectie to prove that geography-basetbuting is better
than distance-ectorrouting. In principle, we could have
useddistance-ectorroutingtogetherwith data-drienlink
propertyestimation but this would introduceextra control
pacletswhich we would like to avoid to save enepgy. (By
the way, our studyin our testbedsshaws that geography-
baseddata-drven routing hassimilar performanceasthat
of distance-ectordata-drirenrouting.)
Conceptuallywe couldhave alsode ned ourroutingmetric
basedon otherparametersuchasETX [12] or RNP[10].
Neverthelessthe rmw areof our SMC WLAN cardsdoes
notexposeinformationonthenumberof retriesof aunicast
transmissionwhich malesit hardto estimateETX or RNP
directly via datatrafc. As a partof our future work, we
plan to designmechanismso estimateETX and RNP via
datatrafc (e.g.,in IEEE 802.15.4basedmote networks)
andstudythe correspondingprotocolperformance.

3 ELD: the routing metric

In this section,we rst formulatethe routing metric ELD, the
expectedVIAC latencyper unit-distanceto the destination then
we analyzethe samplesizerequirementn routing.

3.1 A metric using MAC latency and geograpty

For corvergecastn sensomnetworks (especiallyfor event-driven
applications)pacletsneedto beroutedreliably andin real-time
to thebasestation.As usual,paclketsshouldalsobedeliveredin



an enegy-efcient manner Therefore,a routing metric should
re ect link reliability, paclet delivery lateng, andenepgy con-
sumptionat the sametime. One suchmetric that we adoptin

LOF is basedon MAC lateng, i.e., thetime takenfor the MAC

to transmita dataframe. (We have mathematicallyanalyzedhe
relationshipamongMA C lateng, enegy consumptionandlink

reliability, andwe nd thatMAC lateng is strongly relatedto

enegy consumptiorin a positve manneyandtheratio between
them changesonly slightly as link reliability changes. Thus,
routing metrics optimizing MAC lateny would also optimize
enegy ef ciency. Interestedeadercan nd thedetailedanaly-
sisin [?].)

Giventhat MAC lateny is a good basisfor route selection
and that geographyenableslow frequeng information diffu-
sion, we de ne a routing metric ELD, the expectedMAC la-
tencyper unit-distancedo thedestinationwhichis basednboth
MAC lateny andgeography Speci cally, givena sender , a

neighbor of , andthedestination asshowvnin Figurell,
we rst calculateaheeffectivege-

LS. R) ographic progressfrom  to
Se— D Vvia , denotedby , as
v , Where de-
B notesthedistancebetweerSand
D, and denotesthe dis-
Figure10: calculation tancebetweenR and D. Then,

we calculate, for the sender
, the MAC latency per unit-

distanceto the destination(LD) via , denotedby ,
as
— if
otherwise (1)
where is the MAC lateny from to . Thereforethe
ELD via , denotedas ,is which is
calculatedas
— f
otherwise 2)
For everyneighbor of , associatewith arank
where denoteghe varianceof , and
denotesthe uniquelD of node . Then, selectsas

its next-hopforwarderthe neighborthatranksthe lowestamong
all the neighbors. (Note: routing via metric ELD is a greedy
approachwhereeachnodetriesto optimizethelocal objective.
Like mary othergreedyalgorithms,this methodis effective in

practice,asshavn via experimentsn Section5.)

To understanadvhatELD impliesin practice we setup anex-
perimentasfollows: consideraline network formedby row 6 of
theindoortestbedshavn in Figure 2, the Stagate at column
0 needgo sendpacletsto the Stagate  at the otherend(i.e.,
column14). UsingthedataonunicastMAC latenciesn thecase
of interferer-freg we shaw in Figure 12 the meanunicastMAC
latenciesand the correspondingeLD's regardingneighborsat
differentdistancesFromthe gure, Stagate , thedestination

3Currently we focusonthecasewhereanodeforwardspacletsonly to aneighborcloser
to thedestinatiorthanitself.
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Figure1l: MeanunicastMAC lateng andthe ELD

which is 12.8 metersaway from , offersthe lowestELD, and

sendspacletsdirectlyto . Fromthis example,we seethat,
usingmetricELD, a nodetendsto choosenodesbeyondthere-
liable communicatiorrangeasforwardersto reduceend-to-end
MAC lateny aswell asenegy consumption.

Remark. ELD is alocally measurablenetric basedonly on
the geographidocationsof nodesandinformationregardingthe
links associatedvith the sender ; ELD doesnot assumdink
conditionsbeyondthe local neighborhoof . In the analysis
of geographiaouting [26], however, a commonassumptioris
geagraphic uniformity — that the hopsin ary route have sim-
ilar propertiessuchas geographidengthandlink quality. As
we will shov by experimentsin Section5, this assumptioris
usually invalid. For the salke of veri cation and comparison,
we derive anotherrouting metric ELR, the expectedMAC la-
tencyalonga route basednthisassumptionMore speci cally,

if
3
otherwise ( )

where denoteghe numberof hopsto the destina-

tion, assumingequalgeographidistanceat every hop. We will
shaw in Section5 thatELR is inferior to ELD.

3.2 Samplesizerequirement

To understandhe corvergencespeedf ELD-basedoutingand
to guide protocol design,we experimentallystudy the sample
sizerequiredto distinguishoutthe bestneighborin routing.

In our indoor testbed et the Stagateat columnO of row 6
be the sender and Stagateat the otherend of row 6 be the
destination ; thenlet send30,0001200-byteunicastpaclets
to eachof the other Stagatesin the testbed o getinformation
(e.g., MAC lateng and reliability) on all the links associated
with . Theobjectiveis to seewhatsamplesizeis requiredfor

to distinguishout the bestneighbor

First, we needto derive the distribution modelfor MAC la-
teng. Figure13shaws the histogramof the unicastMAC laten-
ciesfor thelink to anode3.65meters(i.e., 12 feet) away from

. (The MAC latenciedor otherlinks assumesimilar patterns.)
Giventhe shapeof the histogramandthefactthatMAC lateny
is a type of “servicetime”, we selectthreemodelsfor evalua-
tion: exponential,gammaandlognormal? Againstthe dataon
theMAC latenciedor all thelinks associate@vith , weperform

4Themethodologyof LOF is independenof the distribution modeladopted Therefore,
LOF would still applyevenif bettermodelsarefoundlater
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Kolmogoros-Smirnov test[19] onthethreemodels,andwe nd
thatlognormaldistribution ts thedatathebest.

Thereforewe adoptlognormaldistribution for theanalysisn
this paper GiventhatMAC lateny assumetognormaldistribu-
tion, the LD associatedvith a neighboralsoassumesognormal
distribution, i.e., assumesormaldistribution.

Becausdink quality variestemporally thebestneighborfor
may changetemporally Thereforewe divide the 30,000MAC
lateny samplef eachlink into chunksof time span |, de-
noted as the window of comparison and we compareall the
links via their correspondingample-chunksGiven eachsam-
ple chunkfor the MAC lateng of alink, we computethesample
meanandsamplevariancefor the corresponding , and
usethem as the meanand varianceof the lognormaldistribu-
tion. Whenconsideringthe -th samplechunksof all the links
( ), we nd the bestlink accordingto thesesample
chunks,andwe computethe samplesizerequiredfor comparing
this bestlink with eachof the otherlinks asfollows:

Giventwo normalvariates ,  where

and , thesamplesizerequirecto com-
pare and at % con dencelevel is
( ), with beingthe -

guantileof a unit normalvariate[20].
In the end,we have a setof samplesizesfor eachspeci ¢
For a95%con dencelevel comparisorandrouteselection Fig-
ure 14(a)showns the 75-, 80-, 85-, 90-, and 95-percentile®f the
samplesizesfor different 's. We seethatthe percentileslo
not changemuchas changes.Moreover, we obsenre that,
eventhoughthe 90- and95-percentilesendto be large,the 75-
and 80-percentilesare pretty small (e.g.,being2 and6 respec-
tivelywhen is 20 seconds)which impliesthatroutingdeci-
sionscanconvergequickly in mostcases.This obsenationalso
motivatesusto useinitial samplingin LOF, asdetailedin Sec-
tion 4.2.

Remark. By way of contrastwe mayalsocomputethe sample
sizerequiredto estimateheabsoluteELD valueassociateavith

eachneighbor Figure 14(b) shawvs the percentilesfor a 95%
con dencelevel estimationwith anaccurag of 5%. We see
that, eventhoughthe 90- and 95-percentilesrelessthanthose
for routeselectionthe 75-and80-percentilege.g.,being42 and
51respectielywhen is 20secondsaresigni cantly greater
thanthosefor routeselection.Thereforewhenanalyzingsample
sizerequiremenfor routing, we shouldfocuson relatve com-
parisonamongneighborgatherthanon estimatingthe absolute
value,unlike whathasbeendonein theliterature[29].

4 LOF:. adata-driven protocol

Having determinedheroutingmetric ELD, we arereadyto de-
signprotocolLOF for implementingeLD withoutusingperiodic
beacons.Without loss of generality we only considera single
destinationi.e.,thebasestationto which every othernodeneeds
to nd aroute.

Briey speakingLOF needsto accomplishtwo tasks: First,
to enablea nodeto obtainthe geographidocation of the base
station,aswell asthelDs andlocationsof its neighborsSecond,
to enablea nodeto track the LD (i.e., MAC lateng per unit-
distanceto the destinationyegardingeachof its neighbors.The

rst taskis relatively simpleandonly requiresexchanginga few

controlpacketsamongneighborsn rarecasege.g.,whenanode
bootsup); LOF accomplishethe secondaskusingthreemech-
anisms: initial samplingof MAC lateng, adaptingestimation
via MAC feedbackfor applicationtraf c, andprobabilistically
switchingnext-hopforwarder

In whatfollows, we elaborateon the individual components
of LOF. (Due to the limitation of space,we relegateto [?] the discussion
on implementation issuesof LOF: reliably fetching MA C feedback,reliable
transport, nodemobility, and neighbor-table sizecontrol.)

4.1 Learning wherewe are

LOF enablesa nodeto learnits neighborhoodandthe location
of the basestationvia thefollowing rules:

I. [Issuerequest] Uponboot-up,anodebroadcasts copies
of hello-requespacletsif it is notthebasestation.A hello-
reguespaclet containsthe ID andthe geographidocation
of theissuingnode. To guarante¢hata requestinghodeis
heardby its neighborswe set  as7 in our experiments.

II. [Answer request] Whenreceving a hello-requestpaclet
from anothernodethatis fartheraway from the basesta-
tion, the basestationor a nodethathasa pathto the base
stationacknavledgesthe requestinghodeby broadcasting

copiesof hello-replypaclets. A hello-replypacletcon-
tainsthe locationof the basestationaswell asthe ID and
thelocationof theissuingnode.
lll. [Handle announcement] Whena node hearsfor the
rst time a hello-reply paclet from anothemode  closer
to thebasestation, recordghelD andlocationof and
regards asaforwardercandidate.
IV. [Announce presence] Whena nodeotherthanthe base
station nds aforwardercandidatdor the rst time,orwhen



the basestationbootsup, it broadcasts copiesof hello-
reply paclets.

Toreducepotentialcontentiongverybroadcastransmissiomen-

tionedabove is precededy arandomizedvaiting periodwhose
lengthis dependenbn nodedistribution densityin the network.

Notethatthe above rulescanbe optimizedin variousways. For

instancerulell canbeoptimizedsuchthatanodeacknavledges
at mostone hello-requestfrom anothernodeeachtime the re-

questingnodebootsup. Eventhoughwe haveimplementedjuite

afew suchoptimizationswe skip the detailsheresincethey are
notthe focusof this paper

4.2

Having learnedthelocationof the basestationaswell asthelo-

cationsand IDs of its neighbors,a nodeneedsto estimatethe
LDs regardingits neighbors. To designthe estimationmecha-
nism,letus rst checkFigurel5, which shovsthe meanunicast
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Figure14: MAC lateng in the presencef interference

MAC lateng in differentinterferingscenariogor theindoorex-
perimentsdescribedn Section2.1. We seethat, even though
MAC latencieschangeasinterferencepatternchangestherel-
ative rankingin the meanMAC latenyy amonglinks doesnot
changemuch.Neitherwill the LDs accordingly

In LOF, thereforewhenanode learnsof the existenceof a
neighbor for the rst time, takesafew samplesftheMAC
lateng for thelink to  beforeforwardingary datapaclketsto

. Thesamplingis achievedby sendingafew unicastpaclets
to andthenfetchingthe MAC feedback.Theinitial sampling
givesanodearoughideaof therelative quality of thelinks to its
neighborsto jump startthe data-drvenestimation.

Accordingto the analysisin Section3.3, anotherreasonfor
initial samplingis that,with relatively smallsamplesize,anode
could gain a decentsenseof the relative goodnesf its neigh-
bors.We settheinitial samplesizeas (i.e.,the80-percentilef
thesamplesizewhen is 20seconds)n our experiments.

4.3 Data-drivenadaptation

Via initial sampling,a nodegetsa rough estimationof therel-

ative goodnes®f its neighbors.To improve its route selection
for anapplicationtraf ¢ pattern,the nodeneedso adaptits es-
timationof LD via the MAC feedbacKor unicastdatatransmis-
sion. (Accordingto the analysisin Section3.3, routedecisions
corvergequickly becausef thesmallsamplesizerequirement.)
SincelLD is lognormallydistributed,LD is estimatedy estimat-

ing

On-line estimation. To determinethe estimationmethod,we
rst checkthe propertiesof thetime seriesof , consid-
ering the samescenaricasdiscussedn Section3.3. Figure 16
shaws a time seriesof the regardinga node3.65 me-
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Figurel5: A time seriesof

ters (i.e., 12 feet) away from the sender (The for
the othernodesassumesimilar patterns.) We seethatthetime
seriests well with theconstant-leelmodel[18] wherethegen-
eratingprocesss representedby a constanisuperimposedvith
random uctuations. Therefore a goodestimatiormethodis ex-
ponentiallyweightedmoving average (EWMA) [18], assuming
thefollowing form

(4)

where istheparameteto beestimated, is thelatestobser
vationof ,and istheweight( ).

In LOF, whena new MAC lateny andthusa new
value with respectto the currentnext-hop forwarder is ob-
sened,the valuein theright handsideof formula(7) maybe
quiteold if  hasjust beenselectedasthe next-hop and some
paclets have beentransmittedto other neighborsimmediately
before. To dealwith this issue,we de ne the age factor
of the currentnext-hop forwarder asthe numberof paclets
thathave beentransmittedsince of waslastupdated.Then,
formula(7) is adaptedo bethefollowing:

()

(Experimentgon rm thatLOF performsbetterwith formula(8)
thanwith formula(7).)

EachMAC feedbackindicatesvhethera unicastiransmission
hassucceededndhow longthe MAC lateny is. Whenanode
recevesa MAC feedbackit rst calculategshe agefactor
for the currentnext-hop forwarder thenit adaptghe estimation
of asfollows:

If the transmissiorhassucceededthe nodecalculateshe
new value using andappliesit to formula (8)
to geta new estimationregardingthe currentnext-hopfor-
warder

If thetransmissiorhasfailed,the nodeshouldnotuse di-
rectly becausét doesnot representhe lateng to success-
fully transmitapaclet. To addresshisissue thenodekeeps
trackof theunicastdeliveryrate,whichis alsoestimatedis-
ing formula(8), for eachassociatedink. Then,if thenode
retransmitghis unicastpaclet via the currently usedlink,
the expectednumberof retriesuntil successs -, assuming
thatunicastfailuresareindependenandthattheunicastde-
livery ratealongthelink is . Includingthelateng for this



last failed transmissionthe expectedoverall lateny  is
- . Thereforethe nodecalculateghe new
valueusing andappliesit to formula(8) to geta new es-
timation.

Anotherimportantissuein EWMA estimations choosinghe
weight , sinceit affectsthe stability andagility of estimation.
To addresghis question,we again perform experiment-based
analysis. Using the datafrom Section3.3, we try out different

valuesandcomputethe correspondingstimationdelity , that
is, the probability of LOF choosingtheright next-hopforwarder
for . Figurel7(a)shavsthebest valueandthe correspond-
ing estimation delity for differentwindows of comparison.If
thewindow of comparisoris 20 secondsfor instancethebest
is 0.8,andthecorrespondingstimationdelity is 89.3%.(Since
thetime spanof the ExScaltraf ¢ traceis about20 secondsye
set as0.8in ourexperiments.)
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Figurel6: Theweight in EWMA

For sensitvity analysis,Figure 17(b) shovs how the estima-
tion delity changesvith whenthewindow of comparisoris
20 seconds We seethatthe estimation delity is notvery sen-
sitive to changesn  over a wide range. For example,the es-
timation delity remainsabove 85% when changedrom 0.6
to 0.98. Similar patternsare obsered for the other windows
of comparisortoo. Theinsensitvity of estimation delity to
guaranteethe robustnesof EWMA estimationin differenten-
vironments.

Route adaptation. As the estimationof LD changesanode
adaptsits route selectionby the ELD metric. Moreover, if the
unicastreliability to aneighbor is below certainthresholdsay
60%), will mark asdeadandwill remove from thesetof
forwardercandidateslf losesall its forwardercandidates,
will rst broadcast copiesof hello-withdrawal pacletsand
then restartsthe routing process. If a node hearsa hello-
withdrawal pacletfrom , andif is aforwardercandidateof
, removes from its setof forwardercandidatesand up-
dateits next-hopforwarderasneedbe. (As a sidenote,we nd
that, on average only 0.9863neighborsf arny nodearemarked
asdeadin both our testbedexperimentsandthe eld deploy-
mentof LOF in projectExScal[7]. Again,thewithdraving and
rejoiningprocessanbeoptimized,but we skipthedetailshere.)

4.4 Probabilistic neighbor switching

Giventhattheinitial samplingis not perfect(e.g.,covering80%
insteadof 100%of all the possiblecasespndthatwirelesslink

quality variestemporally the data-drvenadaptatioralonemay
missusinggoodlinks, simply becausehey wererelatively bad
whentestedearlierandthey do not get chanceto be tried out
lateron. Thereforewe proposeprobabilisticneighborswitching
in LOF. Thatis, whene&reranode hasconsecutiely transmit-
ted numberof datapacketsusinganeighbor ,  will
switch its next-hop forwarderfrom to anothemeighbor
with probability . On the otherhand,the probabilistic
neighborswitchingis exploratoryandoptimisticin nature there-
foreit shouldbeusedonly for goodneighborsin LOF, neighbor
switchingonly considerghesetof neighborghatarenotmarked
asdead.

In what follows, we explain how to determinethe switching
probability and the switching interval For
corveniencewe considera sender , andlet the neighborsof

be with increasinganks.

Switching probability. At the momentof neighborswitching,
a betterneighborshouldbe chosenwith higher probability. In
LOF, a neighboris chosernwith the probability of the neighbor
actuallybeingthebestnext-hopforwarder We derive this proba-
bility in threestepsitheprobability of aneighbor
beingactuallybetterthananotheione |, theprobability

of aneighbor beingactuallybetterthanall the neighborghat
rankslower thanitself, andthe probability of aneigh-
bor  beingactuallythe bestforwarder Dueto thelimitation
of spacewe relegatethedetailedderivationto [?].

Switchinginterval. Thefrequeng of neighborswitchingshould
dependon how goodthe currentnext-hop forwarder s, i.e.,

theswitchingprobability . In LOF, we settheswitching

interval to beproportionalto , thatis,

(6)

where isaconstanbeingequalto ,with beingthe
numberof active neighborsthat has,and beinga constant
re ecting the degreeof temporalvariationsin link quality. We
set tobe20in ourexperiments.

The switchingprobabilitiesandthe switchinginterval arere-
calculatedeachtime the next-hopforwarderis changed.

5 Experimental evaluation

Via testbedsand eld deployment, we experimentallyevaluate
thedesigndecisionsandtheperformancef LOF. First,we present
the experimentdesignithenwe discusshe experimentaresults.

5.1 Experiment design

Network setup. In ourindoortestbedasshavn in Figure2, we

let the Stagateat the left-bottom cornerof the grid be the base
station,to which the other Stagatesneedto nd routes. Then,
we let the Stagate atthe upperright cornerof thegrid bethe
trafc source. sendgacletsof length1200bytesaccordingo

the ExScaleventtraceasdiscussedn Section2.1andFigure3.

For eachprotocolwe study  simulatess0 eventruns,with the
interval betweernconsecutie runsbeing20 secondsTherefore,
for eachprotocolstudied,950(i.e., ) pacletsaregener

atedat



We have alsotestedscenariosvheremultiple sendergyener
ateExScaltrafc simultaneouslyaswell asscenariosvherethe
datatraf c is periodic;LOF hasalsobeenusedin the backbone
network of ExScal.We discusghemin Section5.3.

Protocolsstudied. We studythe performanceof LOF in com-
parisonwith that of beacon-basetbuting, wherethe latestde-
velopmentis representedby ETX [12, 29] and PRD [26]: (For
corveniencewe do not differentiatethe nameof a routing metricandthe proto-
colimplementingt.)

ETX expectedransmissiorcount.lt is atypeof geography-

unavaredistance-ectorroutingwhereanodeadoptsaroute

with the minimum ETX value. Sincethe transmissiorrate

is x edin ourexperimentsETX routingalsorepresentan-

othermetric ETT [14], wherea route with the minimum

expectedransmissiontimeis used.ETT is similarto MAC

latencyasusedin LOF.

PRD: productof pacletreceptiorrateanddistancdraversed

to the destination.Unlike ETX, PRD is geography-based.

In PRD,anodeselectsasits next-hopforwarderthe neigh-

bor with the maximumPRD value. The designof PRD is

basedn theanalysishatassumesgeographic-uniformity
By their original proposalsETX and PRD usebroadcasbea-
consin estimatingthe respectie routing metrics. In this paper
we compareheperformancef LOF with thatof ETX andPRD
asoriginally proposedn [12] and[26], without consideringhe
possibility of directly estimatingmetricsETX andPRDvia data
trafc. Thisis becausehe rmw are of our SMC WLAN cards
doesnot exposeinformationon the numberof retriesof a uni-
casttransmission. (As a part of our future work, we plan to
designmechanismgo estimateETX and PRD via datatrafc
andstudythe correspondingprotocol performance.)Iin our ex-
perimentsmetricsSETX andPRD areestimatedaccordingo the
methodoriginally proposedn [12] and[26]; for instancebroad-
castbeacondave the samepaclket lengthandtransmissiomrate
asthoseof datapaclets. Sinceit hasbeenshovn thatETX and
PRDperformbetterthanprotocolsbasedn metricssuchasRTT
(round-trip-time)andhop-counf13, 26], we do not studythose
protocolsin this paper

To verify someimportantdesigndecisionsof LOF, we also

studydifferentversionsof LOF asfollows:®

L-hop assumegeographic-uniformityandthususesmet-

ric ELR, asspeci edby formula(6), insteadof ELD;

L-ns doesnot usethe methodof probabilistic neighbor

switching;

L-sd considers,in probabilistic neighborswitching, the

neighborghathave beenmarkedasdead:;

L-se performsprobabilisticneighborswitchingafterevery

paclettransmission.

For easycomparisonwe have implementedall the protocols

mentionedabove in EmStar[4], a softwareernvironmentfor de-
velopinganddeploying wirelesssensometworks.

Evaluation criteria. Reliability is onecritical concernin con-
vergecast.Using the techniquesf reliabletransportdiscussed

5Note: we have studiedthe performanceof geography-unaaredistance-ectorrouting
usingdata-drven estimationtrying to minimize the sumof MAC lateny alongroutes,and
we foundthatthe performances similarto thatof LOF, exceptthatmorecontrolpacletsare
used.

10

in [?], all the protocolsguaranteel00% paclet delivery in our
experiments.Therefore we compareprotocolsin metricsother
thanreliability asfollows:
End-to-endVAC latency thesumof theMAC lateng spent
at eachhop of a route. This re ects not only the deliv-
ery lateng but alsothe throughputavailablevia a protocol
[12, 14].
Enegy efciency: enegy spentin deliveringa pacletto the
basestation.

5.2 Experimental results

MAC latency. Usingboxplot$, Figure18shavstheend-to-end
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Figurel7: End-to-endMAC lateng

MAC lateng, in milliseconds,for eachprotocol. The average
end-to-endMAC lateng in bothETX andPRDis around3 times
thatin LOF, indicatingthe advantageof data-drvenlink quality
estimation.TheMAC lateng in LOF is alsolessthanthatof the
otherversionsof LOF, shawving theimportanceof usingtheright
routing metric (including not assuminggeographiauniformity)
andneighborswitchingtechnique.

To explainthe above obsenation, Figures19, 20,21, and22
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Figure18: Numberof hopsin aroute

shaow the routehop length, perhop MAC lateng, averageper
hop geographidaistanceandthe coefcient of variation(COV)
of perhop geographidistance.Eventhoughthe averageroute
hoplengthandperhopgeographiaistancen ETX areapprox-
imately the sameas thosein LOF, the averageperhop MAC

5Boxplotis anicetool for describingthe distribution of a datasample:
Thelowerandupperlinesof the“box” arethe 25thand75th percentilef thesam-
ple. Thedistancebetweerthetop andbottomof the boxis theinterquartilerange.
Theline in themiddle of the box is the samplemedian.
The“whiskers”, linesextendingabove andbelow thebox, shav the extentof therest
of the sample. If thereis no outlier, the top of the upperwhisker is the maximum
of the sample,andthe bottomof the lower whisker is the minimum. An outlier is a
valuethatis morethan1.5timestheinterquartilerangeaway from thetop or bottom
of thebox. An outlier, if ary, is representedsaplussign.
Thenotchesn the box shavs the 95%con denceintenal for the samplemedian.
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lateng in ETX is about3 timesthatin LOF, which explainswhy
theend-to-endMAC lateng in ETX is about3 timesthatin LOF.
In PRD, boththe averageroute hoplengthandthe averageper
hopMAC lateng is abouttwice thatin LOF.

From Figure 22, we seethatthe COV of perhop geographic
distances ashighas0.4305n PRDand0.2754in L-hop. There-
fore, the assumptiorof geographiauniformity is invalid, which
partly explainswhy PRD andL-hop do not performaswell as
LOF. Moreover, thefactthatthe COV valuein LOF is thelargest
andthatLOF performsthe besttendto suggesthatthe network
stateis heterogeneouat differentlocationsof the network.

Energy ef ciency. Giventhatbeaconsareperiodicallybroad-
castedn ETX andPRD,andthatbeacongrerarelyusedn LOF,
it is easyto seethatmorebeaconsarebroadcasteéth ETX and
PRD thanin LOF. Therefore,we focus our attentiononly on
the numberof unicasttransmissionsequiredfor deliveringdata
pacletsto thebasestation ratherthanonthebroadcastverhead.
To thisend,Figure23 shavsthenumberof unicastransmissions
averagedover the numberpacletsreceved at the basestation.
Thenumberof unicastransmissionperpacletrecevedin ETX
andPRDis 1.49and2.37timesthatin LOF respectrely, shav-
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Figure22: Numberof unicasttransmissionperpacletreceved

in L-hopis 2.89timesthatin LOF.

Giventhatthe SMC WLAN cardin our testbedusesintersil
Prism2.5chipsetwhich doesnot exposetheinformationon the
numberof retriesof a unicasttransmissionFigure 23 doesnot
representhe actualnumberof bytessent. Neverthelessgiven
Figure20andthefactthatMA C lateng andenegy consumption
are positively related(as discussedn Section3.2), the above
obsenationontherelativeenepgy ef ciency amongheprotocols
still holds.

To explain the above obsenation, Figure 24 shows the num-
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Figure23: Numberof failed unicasttransmissions

berof failedunicasttransmissionfor the 950pacletsgenerated
at the source.The numberof failuresin ETX andPRDis 1112
and 786 respectiely, yet thereareonly 5 transmissiorfailures
in LOF. Also, thereare 711 transmissiorfailuresin L-hop. To-
getherwith Figures21 and5(b), we seethatthereexist reliable
longlinks, yetonly LOF tendsto nd themwell: ETX alsouses
long links, but they arenotreliable;L-ns usesreliablelinks, but
they arerelatively shorter

5.3 Other experiments

Besideghescenarimf 1 sourceaventtraf ¢ whichwe discussed
in detailin the last subsectionye have performedexperiments
wherethe Stagateat the upperright cornerandits two imme-
diategrid-neighborsimultaneoushgeneratgaclketsaccording
to the ExScaltrafc trace.We have alsoexperimentedvith pe-
riodic traf c wherel or 3 Stagategsameasthosein the caseof
eventtrafc) generatel,000paclketseach,with eachpaclet be-
ing 1200-bytelong andthe inter-paclet interval being 500 mil-
liseconds.In theseexperimentswe have obsened similar pat-
ternsin therelative protocolperformancesthosein the caseof
1 sourceeventtrafc. For concisenessye only presentheend-

ing againthe advantageof data-drveninsteadof beacon-based to-endMAC lateng for thesehreecasesasshavnin Figure28.

link quality estimation.Thenumberof unicastransmissionper
paclet recevedin LOF is alsolessthanthatin the otherver-
sionsof LOF. For instancethe numberof unicasttransmissions
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Basedon its well-testedperformancel. OF hasbeenincorpo-
ratedin the ExScalsensometwork eld experiment[7], where
203 Stagatesweredeployed asthe backbonenetwork, with the
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inter-Stagateseparatiorbeingaround45 meters.LOF success-
fully guaranteedeliable and real-time corvergecastfrom ary
numberf non-basé&tagatedo thebasestationin ExScal,shav-
ing notonly theperformancef theprotocolbut alsothestability
of its implementation.

6 Relatedwork

Theliteratureonroutingin adhocandwirelessnetworksis quite
rich. In this section,we only review thoserelatedmostclosely
to LOF.

Link propertiesin 802.11bmeshnetworks and densewire-
lesssensormnetworks have beenwell studiedin [8], [22], and
[31]. They have obsered that wirelesslinks assumecomplex
propertiessuchaswide-rangenon-uniformpaclet delivery rate
at different distances,Joose correlation betweendistanceand
paclet delivery rate, link asymmetry and temporalvariations.
Our studyon link propertiescomplementgxisting works by fo-
cusing on the differencesbetweenbroadcastand unicastlink
properties,aswell asthe impactof interferencepatternon the
differences.

Differencedbetweerbroadcasandunicastandtheirimpacton
theperformancef AODV have beendiscussedh [24] and[11].
Our work complement$24] and[11] by experimentallystudy-
ing the differencesas well asthe impactof ervironment, dis-
tanceandinterferenceatternronthedifferencesywhichwerenot
thefocusof [24] and[11]. [11] mentionedhe dif culty of get-
ting MAC feedbackandthusfocusedon the methodof beacon-
basedlink estimation. Our work complementg11] by devel-
oping techniquesfor reliably fetching MAC feedback,which
build the foundationfor data-driven link estimationand rout-
ing. To improve the performanceof AODV, [24] and[11] also
discussedeliability-basedmechanismge.g., RSSI-and SNR-
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basedones)for blacklistingbadlinks. Sinceit hasbheenshavn
that reliability-basedblacklisting doesnot perform as well as
ETX [15, 12, 29|, we do not directly comparelL OF to [24] and
[11], insteadwe compard_OF to ETX.

Recently greatprogresshasbeenmaderegardingrouting in
wirelesssensometworks aswell asin meshnetworks. Rout-
ing metricssuchasETX [12, 29] andETT/WCETT [14] have
beenproposedcindshowvn to performwell in real-world wireless
networks [13]. The geography-baseghetric PRD[26] hasalso
beenproposedor enegy-efcient routingin wirelesssensonet-
works. Neverthelessunicastlink propertieswverestill estimated
usingbroadcasbeaconsn theseworks. Our work differs from
existing approachedy experimentallydemonstratinghe dif -
culty of preciselyestimatingunicastlink propertiesvia thoseof
broadcasbeaconsandproposingthe data-drnvenprotocol LOF
whereunicastlink propertiesare estimatedvia the datatrafc
itself.

Similarto LOF, SPEED[16] alsousedMAC lateng andgeo-
graphicinformationin routeselection.In parallelwith ourwork,
[23] proposedNADV which also usesinformationfrom MAC
layer. While focusingon real-timepaclet delivery anda gen-
eralframework for geographiaouting,[16] and[23] did not fo-
cuson the protocoldesignissuesin data-drvenlink estimation
androuting. They did not studythe differencesetweerbroad-
castandunicastlink properties.They did not considerthe im-
portanceof appropriateprobabilistic neighborswitching either
SPEEDswitchesnext-hop forwardersafter every paclet trans-
mission(asin L-se),andNADV doesnot performprobabilistic
neighborswitching (asin L-ns), both of which degeneratenet-
work performanceas shovn in Section5. Complementaryto
SPEEDandNADV, moreorver, we have analyzedhe small sam-
ple sizerequiremenin LOF, which showvsthefeasibility of data-
drivenlink estimation.While [16] and[23] have evaluatectheir
methodsvia simulation,we have studiedthe systemsssuesin
reliably fetchingMAC feedbackand evaluatedL OF via experi-
mentsin real networks with realistictraf ¢ trace. Finally, [23]
did notcompareheperformancef NADV with thatof ETX and
PRD.

The problemof local minimum or geographiovoid hasbeen
dealtwith in routing protocolssuchas GPSR[21]. In this pa-
per, therefore,we have not consideredhis problemsinceit is
independendf our major concerns— data-drivenlink estima-
tion androuting. As a partof our future work, we planto in-
corporatetechnique®of dealingwith geographicsoid into LOF,
by adaptingthede nition of “effective geographigrogress(in
Section3.2)androutingaroundvoid. Theimpactof localization
errorson geographiaouting hasbeenstudiedin [25]. In LOF,
we adopteda separatesoftware componenthat ne tunesthe
GPSreadingsto reducelocalizationinaccurag, asalsousedin
the eld experimentExScal[7].

7 Concluding remarks

Viaexperimentsn testbedsf 802.11networks,we havedemon-
stratedthe dif culties of preciselyestimatingunicastlink prop-
ertiesvia broadcasbeacons.To circumentthe dif culties, we
have proposedo estimateunicastlink propertiesvia datatraf c



itself, usingMA C feedbackfor datatransmissionsTo this end,
we have modi ed the Linux kernel and hostapWLAN driver

to provide feedbackon the MAC lateny aswell asthe status
of every unicasttransmissionand we have built systemsoft-

warefor reliably fetchingMA C feedbacksBasedon thesesys-
tem facilities, we have demonstratedhe feasibility as well as
potentialbene ts of data-drven routing by designingprotocol
LOF. LOF mainly usedthreetechniquedor link quality estima-
tion androuteselectioninitial sampling data-drvenadaptation,
andprobabilisticneighborswitching. With its well testedoerfor-

manceandimplementation . OF hasbeensuccessfullyusedto

supportcorvergecastn the backbonenetwork of ExScal,where
203 Stagateshave beendeployedin anareaof 1260metersby

288meters.

In this paper we have focusedon data-drienlink estimation
androutingin 802.11networks. But we believe thatthe concept
of data-drvenlink estimationalso appliesto other sensomet-
workssuchasthoseusinglEEE 802.15.4radios,sincetemporal
correlationin link propertiesalsoleadsto estimationinaccurag
in thesenetworks[10]. Giventhelimitation of our802.11radios,
we have not appliedthe techniqueof data-drivenlink estimation
to metricssuchasETX [12] or RNP[10]. We planto explore
thesedirectionsin our futurework.

Besidessaving enepgy by avoiding periodicbeaconing L OF
facilitatesgreaterextent of enegy conseration, becausd. OF
doesnot requirea nodeto be awake unlessit is generatingor
forwardingdatatrafc. LOF alsohelpsin enhancingnetwork
security sincethe network is lessexposed.More detailedstudy
of the impact of data-drven routing on enegy ef ciency and
securityis a partof our futurework.
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