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Abstract

In thecontext of IEEE802.11bnetwork testbeds,weexaminethe
differencesbetweenunicastandbroadcastlink properties,and
we show the inherentdif�culties in preciselyestimatingunicast
link propertiesvia thoseof broadcastbeaconseven if we make
thelengthandtransmissionrateof beaconsbethesameasthose
of datapackets.To circumventthedif�culties in link estimation,
we proposeto estimateunicastlink propertiesdirectly via data
traf�c itself without usingperiodicbeacons.To this end,we de-
signadata-drivenroutingprotocolLearnontheFly (LOF).LOF
estimateslink qualitybasedondatatraf�c, andit choosesroutes
by way of a locally measurablemetricELD, theexpectedMAC
latencyper unit-distanceto the destination. Using a realistic
sensornetwork traf�c traceandan802.11btestbedof 195Star-
gates,weexperimentallycomparetheperformanceof LOF with
thatof existingprotocols,representedby thegeography-unaware
ETX andthegeography-basedPRD.We �nd thatLOF reduces
end-to-endMAC latency by a factorof 3 andenhancesenergy
ef�ciency by a factorup to 2.37, which demonstratethe feasi-
bility aswell aspotentialbene�tsof data-drivenlink estimation
androuting.
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1 Intr oduction

Wirelesssensornetworks are envisionedto be of large scale,
comprisingthousandsto millions of nodes. To guaranteereal-
time andreliableend-to-endpacket delivery in suchnetworks,
they usuallyrequireahigh-bandwidthnetwork backboneto pro-
cessandrelaydatageneratedby the low-endsensornodessuch
asmotes[3]. Thisarchitecturehasbeendemonstratedin thesen-
sor network �eld experimentExScal [7], where203 Stargates
and985 XSM motesweredeployed in an areaof 1260meters
by 288meters.EachStargateis equippedwith a 802.11bradio,
andthe203 Stargatesform the backbonenetwork of ExScalto
supportreliableandreal-timecommunicationamongthemotes
for targetdetection,classi�cation,andtracking. Similar 802.11
basedsensornetworks (or network backbones)have also been
exploredin otherprojectssuchasMASE [1] andCodeBlue[2].
In this paper, we studyhow to performrouting in such802.11
basedwirelesssensornetwork backbones.
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As thequality of wirelesslinks, for instance,packet delivery
rate,variesboth temporallyandspatially in a complex manner
[8, 22, 31], estimatinglink quality is animportantaspectof rout-
ing in wirelessnetworks.Existingroutingprotocols[12, 13, 14,
26, 29] periodicallyexchangebroadcastbeaconsbetweenpeers
for link quality estimation.Nevertheless,link quality for broad-
castbeaconsdifferssigni�cantly from that for unicastdata,be-
causebroadcastbeaconsandunicastdatadiffer in packet size,
transmissionrate,andcoordinationmethodat themedia-access-
control (MAC) layer [11, 24]. Moreover, temporalcorrelations
of link quality assumea complex pattern[28], which makesit
evenharderto preciselyestimateunicastlink quality via thatof
broadcast.Therefore,link quality estimatedusingperiodicbea-
con exchangemay not accuratelyapply for unicastdata,which
cannegatively impacttheperformanceof routingprotocols.

In wirelesssensornetworks,atypicalapplicationis to monitor
anenvironment(beit anagricultural�eld or aclassi�edarea)for
eventsof interestto theusers.Usually, theeventsarerare. Yet
whenaneventoccurs,a largeburstof datapacketsis oftengen-
eratedthatneedsto beroutedreliably andin real-timeto a base
station[30]. In this context, even if therewereno discrepancy
betweentheactualandtheestimatedlink quality usingperiodic
beaconexchange,theestimatestendto re�ect link quality in the
absence,ratherthanin thepresence,of burstydatatraf�c. Thisis
because:�rst, link qualitychangessigni�cantly whentraf�c pat-
ternchanges(aswewill show in Section2.2.2);andsecond,link
quality estimationtakestime to converge,yet differentburstsof
datatraf�c arewell separatedin time, andeachburst lastsonly
for a shortperiod.

Beacon-basedestimationof link quality is not only limited in
re�ecting reality, it is alsoinef�cient in energy usage.In exist-
ing routing protocolsthat uselink quality estimation,beacons
areexchangedperiodically. Therefore,energy is consumedun-
necessarilyfor theperiodicbeaconingwhenthereis nodatatraf-
�c. This is especiallytrueif theeventsof interestareinfrequent
enoughthat thereis no datatraf�c in the network mostof the
time [30].

To dealwith theshortcomingsof beacon-basedlink qualityes-
timationandto avoid unnecessarybeaconing,new mechanisms
for link estimationandroutingaredesired.

Contrib utions of the paper. Usingoutdoorandindoortestbeds
of 802.11bnetworks,westudytheimpactof environment,packet
type,packetsize,andinterferencepatternonthequalityof wire-
lesslinks. Theresultsshow that it is dif�cult (if evenpossible)
to preciselyestimateunicastlink qualityusingbroadcastbeacons
evenif we make the lengthandtransmissionrateof beaconsbe
thesameasthoseof datapackets.Fortunately, we�nd thatgeog-
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raphyandtheDATA-ACK handshake (availablein the802.11b
MAC)makeit possibletoperformroutingwithoutusingperiodic
beacons,in termsof informationdiffusionanddata-driven link
quality estimationrespectively. To demonstratethetechniqueof
data-drivenlink estimationandrouting,wede�ne aroutingmet-
ric ELD, theexpectedMAC latencyper unit-distanceto thedes-
tination, whichcanbeimplementedin our 802.11networksand
workswell in bothour indoor testbedsandthe largescale�eld
experimentExScal[7]. (Note: in principle,we couldhave used
metricssuchasETX [12] or RNP[10] in data-drivenrouting,but
this is not feasiblegiventheexisting802.11radios.)

To implementdata-drivenrouting,wemodify theLinux kernel
andthe WLAN driver hostap[5] to ex�ltrate the MAC latency
for eachpacket transmission,which is not availablein existing
systems.Theex�ltration of MAC latency is reliablein thesense
that it dealswith the loss of MAC feedbackat placessuchas
netlinksocketsandIP transmissioncontrol.

Building uponthecapabilityof reliablyfetchingMAC latency
for eachpackettransmission,wedesignaroutingprotocolLearn
on the Fly (LOF) which implementsthe ELD metric without
usingperiodicbeacons.In LOF, control packetsareusedonly
rarely, for instance,duringthenodeboot-up.Uponbootingup,a
nodeinitializes its routingengineby takinga few (e.g.,8) sam-
pleson theMAC latency to eachof its neighbors;thenthenode
adaptsits routing decisionsolely basedon the MAC feedback
for datatransmission,without usingany controlpacket. To deal
with temporalvariationsin link quality andpossibleimperfec-
tion in initializing its routingengine,thenodeswitchesits next-
hopforwarderto anotherneighboratcontrolledfrequencieswith
a probabilitythatthis neighboris actuallythebestforwarder.

Using an event traf�c tracefrom the �eld sensornetwork of
ExScal[7], we experimentallyevaluatethe designandthe per-
formanceof LOF in a testbedof 195Stargates[3] with 802.11b
radios. We alsocomparethe performanceof LOF with that of
existing protocols,representedby thegeography-unawareETX
[12, 29] andthegeography-basedPRD[26]. We �nd thatLOF
reducesend-to-endMAC latency, reducesenergy consumption
in packet delivery, andimprovesroutestability. Besidesbursty
eventtraf�c, weevaluateLOF in thecaseof periodictraf�c, and
we�nd thatLOF outperformsexistingprotocolsin thatcasetoo.
Theresultscorroboratethefeasibility aswell aspotentialbene-
�ts of data-drivenlink estimationandrouting.

Organization of the paper. In Section2, we studythe short-
comingsof beacon-basedlink qualityestimation,andweanalyze
thefeasibilityof data-drivenrouting.Following that,we present
theroutingmetricELD in Section3, andwe designtheprotocol
LOF in Section4. WeexperimentallyevaluateLOF in Section5,
andwediscusstherelatedwork in Section6. Wemakeconclud-
ing remarksin Section7.

2 Why data-driven routing?

In thissection,we�rst experimentallystudytheimpactof packet
type, packet length,andinterferenceon link properties1. Then
we discusstheshortcomingsof beacon-basedlink propertyesti-
mation,aswell astheconceptof data-drivenlink estimationand

1In this paper, thephraseslink qualityandlink propertyareusedinterchangeably.

routing.

2.1 Experiment design

We setup two 802.11bnetwork testbedsasfollows.

Outdoor testbed. In anopen�eld (seeFigure1), wedeploy 29
Stargatesin a straightline, with a 45-meterseparationbetween
any two consecutiveStargates.TheStargatesrunLinux with ker-
nel 2.4.19. Each Stargate is equipped with a

Figure1: Outdoortestbed

SMC 2.4GHz 802.11b wireless
cardanda9dBihigh-gaincollinear
omnidirectional antenna, which
is raised 1.5 meters above the
ground. To control themaximum
communicationrange, the trans-
missionpower level of eachStar-
gate is set as 35. (Transmission
power level is a tunableparame-

ter for 802.11bwirelesscards,andits rangeis 127,126, . . . , 0,
255,254,. . . , 129,128,with 127beingthelowestand128being
thehighest.)

Indoor testbed. In anopenwarehousewith �at aluminumwalls
(seeFigure2(a)),we deploy 195Stargatesin a 15 � 13 grid (as
shown in Figure2(b)) wherethe separationbetweenneighbor-
ing grid pointsis 0.91meter(i.e., 3 feet). For convenience,we
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Figure2: Indoortestbed

numberthe rows of the grid as0 - 12 from the bottomup, and
the columnsas0 - 14 from the left to the right. EachStargate
is equippedwith thesameSMC wirelesscardasin theoutdoor
testbed.To createrealisticmulti-hopwirelessnetworkssimilar
to theoutdoortestbed,eachStargateis equippeda2.2dBirubber
duck omnidirectionalantennaanda 20dB attenuator. We raise
the Stargates1.01metersabove thegroundby putting themon
wood racks. The transmissionpower level of eachStargateis
setas60, to simulatethelow-to-mediumdensitymulti-hopnet-
works wherea nodecanreliably communicatewith around15
neighbors.

The Stargatesin the indoor testbedare equippedwith wall-
power andoutbandEthernetconnections,which facilitatelong-
durationcomplex experimentsat low cost. We usethe indoor
testbedfor most of the experimentsin this paper;we usethe
outdoortestbedmainly for justifying the generalityof the phe-
nomenaobservedin theindoortestbed.

Experiments. In the outdoor testbed, the Stargateat oneend
actsasthesender, andtheotherStargatesactasreceivers.Given
theconstraintsof timeandexperimentcontrol,weleavecomplex
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experimentsto the indoor testbedand only perform relatively
simpleexperimentsin theoutdoortestbed:thesender�rst sends
30,0001200-bytebroadcastpackets,thenit sends30,0001200-
byteunicastpacketsto eachof thereceivers.

In the indoor testbed, we let theStargateat column0 of row
6 bethesender, andtheotherStargatesin row 6 actasreceivers.
To studythe impactof interference,we considerthe following
scenarios(whicharenamedaccordingto theinterference):

� Interferer-free: there is no interfering transmission. The
sender�rst sends30,000broadcastpackets eachof 1200
bytes, then it sends30,0001200-byteunicastpackets to
eachof the receivers, and lastly it broadcasts30,00030-
bytepackets.

� Interferer-close: one“interfering” Stargateat column0 of
row 5 keepssending1200-byteunicastpacketsto theStar-
gateat column0 of row 7, servingasthesourceof the in-
terfering traf�c. The sender�rst sends30,0001200-byte
broadcastpackets, thenit sends30,0001200-byteunicast
packetsto eachof thereceivers.

� Interferer-middle: theStargateat column7 of row 5 keeps
sending1200-byteunicastpacketsto theStargateatcolumn
7 of row 7. Thesenderperformsthesameasin thecaseof
interferer-close.

� Interferer-far: the Stargateat column 14 of row 5 keeps
sending1200-byteunicastpacketsto theStargateatcolumn
14of row 7. Thesenderperformsthesameasin thecaseof
interferer-close.

� Interferer-exscal: In generatingthe interfering traf�c, ev-
ery Stargaterunsthe routing protocolLOF (asdetailedin
later sectionsof this paper),andtheStargateat theupper-
right cornerkeepssendingpackets to the Stargateat the
left-bottomcorner, accordingto anevent traf�c tracefrom
the �eld sensornetwork of ExScal[7] . The traf�c trace
correspondsto thepacketsgeneratedby a Stargatewhena
vehiclepassesacrossthe correspondingsectionof ExScal
network. In the trace,19 packetsaregenerated,with the
�rst 9 packetscorrespondingto thestartof theeventdetec-
tion andthelast10packetscorrespondingto theendof the
eventdetection.Figure3 shows, in sequence,the intervals
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Figure3: Thetraf�c traceof anExScalevent

betweenpackets1 and2, 2 and3, andso on. The sender
performsthesameasin thecaseof interferer-close.

In all of theseexperiments,except for the caseof interferer-
exscal,thepacket generationfrequency, for boththesenderand
the interferer, is 1 packet every 20 milliseconds.In thecaseof
interferer-exscal,thesenderstill generates1 packetevery20mil-
liseconds,yet the interferergeneratespacketsaccordingto the

eventtraf�c tracefrom ExScal,with theinter-event-runinterval
being10 seconds.(Note that the scenariosabove are far from
beingcomplete,but they do give usa senseof how differentin-
terferingpatternsaffect link properties.)

In the experiments,broadcastpacketsare transmittedat the
basicrateof 1M bps,asspeci�ed by the802.11bstandard.Not
focusingon theimpactof packetratein ourstudy, wesetunicast
transmissionrate to a �x ed value (e.g., 5.5M bps). (We have
testeddifferentunicasttransmissionratesandobserved similar
phenomena.)For other802.11bparameters,we usethedefault
con�gurationthatcomeswith thesystemsoftware.For instance,
unicasttransmissionsuseRTS-CTShandshake,andeachunicast
packetis retransmittedupto 7 timesuntil successor failurein the
end.

2.2 Experimental results

For eachcase,wemeasurevariouslink properties,suchaspacket
delivery rateandtherun lengthof packetssuccessfullyreceived
without any lossin between,for eachlink de�ned by thesender
- receiver. Due to spacelimitations, however, we only present
the dataon packet delivery ratehere. The packet delivery rate
is calculatedonceevery 100 packets (we have also calculated
deliveryratesin othergranularities,suchasonceevery20,50or
1000packets,andsimilarphenomenawereobserved).

We �rst presentthedifferencebetweenbroadcastandunicast
whenthereis no interference,thenwe presentthe impactof in-
terference.

2.2.1 Interfer er fr ee

Figure4 showsthescatterplot of thedeliveryratesfor broadcast
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Figure4: Outdoortestbed

andunicastpacketsat differentdistancesin theoutdoortestbed.
Fromthe�gure, we observethefollowing:

� Broadcasthas longer communicationrangethan unicast.
This is dueto the fact that the transmissionratefor broad-
castis lower, andthat thereis no RTS-CTShandshake for
broadcast.(Note: the failure in RTS-CTShandshake also
causesa unicastto fail.)

� For links whereunicasthasnon-zerodeliveryrate,themean
deliveryrateof unicastis higherthanthatof broadcast.This
is dueto thefactthateachunicastpacketis retransmittedup
to 7 timesuponfailure.

� Thevariancein packetdeliveryrateis lower in unicastthan
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that in broadcast.This is dueto the fact thatunicastpack-
ets are retransmittedupon failure, and the fact that there
is RTS-CTShandshake for unicast. (Note: the successin
RTS-CTShandshake implies higher probability of a suc-
cessfulunicast,dueto temporalcorrelationsin link proper-
ties[10].)

Similar resultsareobserved in the indoor testbed,asshown in
Figures5(a)and5(b). Nevertheless,thereareexceptionsat dis-
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(a)broadcast:1200-bytepacket
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(b) unicast:1200-bytepacket
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(c) broadcast:30-bytepacket

Figure5: Indoortestbed

tances3.64 metersand5.46 meters,wherethe delivery rateof
unicasttakesa wider rangethanthatof broadcast.This is likely
due to temporalchangesin the environment. ComparingFig-
ures5(a)and5(c),we seethatpacket lengthalsohassigni�cant
impacton themeanandvarianceof packetdelivery rate.

Implication. FromFigures4 and5, we seethatpacketdelivery
ratedifferssigni�cantly betweenbroadcastandunicast,andthe
differencevarieswith environment,hardware,andpacketlength.

2.2.2 Interfering scenarios

Figure6 shows how the differencebetweenbroadcastanduni-
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Figure6: The differencebetweenbroadcastandunicastin dif-
ferentinterferingscenarios

cast in the meanpacket delivery rate changesas the interfer-
enceanddistancechange.Given a distanceandan interfering

scenario,the differenceis calculatedas �����

�

, where � and �

denotethemeandelivery ratefor unicastandbroadcastrespec-
tively. From the �gure, we seethat the differenceis signi�-
cant(up to 94.06%),andthatthedifferencevarieswith distance.
Moreover, thedifferencechangessigni�cantly (up to 103.41%)
asinterferencepatternchanges.

Figures7 and8 show the relative changes,whencompared

0 2 4 6 8 10 12 14
�2000

0

2000

4000

6000

8000

10000

12000

distance (meter)

re
la

tiv
e 

ch
an

ge
 (

%
)

interferer�close
interferer�middle
interferer�far
interferer�exscal

(a)broadcast

0 2 4 6 8 10 12 14
�500

0

500

1000

1500

2000

distance (meter)

re
la

tiv
e 

ch
an

ge
 (

%
)

interferer�close
interferer�middle
interferer�far
interferer�exscal

(b) unicast

Figure7: Relativechangein packetdeliveryrate
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Figure8: Relativechangein theCOV of packetdeliveryrate

with the caseof interferer-free, in packet delivery rate and its
coef�cient of variation(COV)2 underdifferent interferingsce-
narios. Given a distanceandan interferingscenario,the rela-
tive changeis calculatedas �

���

�

, where � and � denotethepa-
rametervaluein thepresenceandin theabsenceof the interfer-
encerespectively; if � or � is � , we do not calculatetherelative
changesincethevaluewould be lessmeaningful.Fromthe�g-
ures,we seethatboththemeanandtheCOV of packet delivery
ratechangesigni�cantly for broadcastwhenthereis interference,
yet therelativechangesfor unicastaremuchless.Moreover, the
relativechangesvaryasinterferingscenariosanddistancesvary.

Implication. For wirelesssensornetworkswheredataburstsare
well separatedin time andpossiblyin space(e.g.,in burstycon-
vergecast),the link propertiesexperiencedby periodicbeacons
may well differ from thoseexperiencedby datatraf�c. More-
over, the differencebetweenbroadcastandunicastchangesas
interferencepatternchanges.

2.3 Data-driven routing

To amelioratethedifferencesbetweenbroadcastandunicastlink
properties,researchershave proposedto make the length and

2COV is de�ned asthestandarddeviationdividedby themean[20].
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transmissionrateof broadcastbeaconsbe the sameasthoseof
datapackets,and then estimatelink propertiesof unicastdata
via thoseof broadcastbeaconsby taking into accountfactors
suchaslink asymmetry. ETX [12] hasexploredthis approach.
Nevertheless,this approachmay not be always feasiblewhen
the lengthof datapacketsis changing;or even if the approach
is alwaysfeasible,it still doesnot guaranteethat link properties
experiencedby periodicbeaconsre�ect thosein thepresenceof
datatraf�c, especiallyin event-driven sensornetwork applica-
tions.Moreover, theexistingmethodfor estimatingmetricssuch
asETX doesnot take into accountthe temporalcorrelationsin
link properties[10] (partly dueto thedif�culty of modelingthe
temporalcorrelationsthemselves[28]), which furtherdecreases
its estimation�delity . For instance,Figure9 shows thesigni�-
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Figure 9: Error in estimatingunicastdelivery rate via that of
broadcast

canterrorin estimatingunicastdeliveryratevia thatof broadcast
underdifferentinterferingscenarioswhentemporalcorrelations
in link propertiesarenot considered(i.e.,assumingindependent
bit errorandpacket loss).Therefore,it is not trivial, if evenpos-
sible, to preciselyestimatelink propertiesfor unicastdatavia
thoseof broadcastbeacons.

To circumventthedif�culty of estimatingunicastlink proper-
tiesvia thoseof broadcast,we proposeto directly estimateuni-
castlink propertiesvia datatraf�c itself. In this context, since
we arenot usingbeaconsfor link propertyestimation,we also
explore the ideaof not usingperiodicbeaconsin routing at all
(i.e., beacon-freerouting) to save energy; otherwise,beaconing
requiresnodesto wake up periodically even when thereis no
datatraf�c.

Toenabledata-drivenrouting,weneedto �nd alternativemech-
anismsfor accomplishingthetasksthataretraditionallyassumed
by beacons:actingasthebasisfor link propertyestimation,and
diffusinginformation(e.g.,thecumulativeETX metric). In sen-
sor network backbones,data-drivenrouting is feasiblebecause
of thefollowing facts:

� MAC feedback. In MACswhereeveryframetransmission
isacknowledgedby thereceiver(e.g.,in the802.11bMAC),
the sendercandetermineif a transmissionhassucceeded
by checkingwhetherit receivestheacknowledgment.Also,
thesendercandeterminehow longeachtransmissiontakes,
i.e.,MAC latency. Therefore,thesenderis ableto getinfor-
mationonlink propertieswithoutusingany beacons.(Note:
it hasalsobeenshown thatMAC latency is a goodrouting
metricfor optimizingwirelessnetwork throughput[9].)

� Mostly static network & geography. Nodesare static
mostof the time, andtheir geographiclocationsareread-
ily available via devicessuchas GPS.Therefore,we can

usegeography-basedrouting in which a nodeonly needs
to know the location of the destinationand the informa-
tion regardingits local neighborhood(suchas the quality
of the links to its neighbors). Thus, only the location of
thedestination(e.g.,thebasestationin convergecast)needs
to bediffusedacrossthenetwork. Unlike in beacon-based
distance-vectorrouting, thediffusionhappensinfrequently
sincethedestinationis staticmostof the time. In general,
controlpacketsareneededonly whenthelocationof anode
changes,whichoccursinfrequently.

In whatfollows,we�rst presenttheroutingmetricELD which
is basedon geographyand MAC latency, then we presentthe
designof LOF which implementsELD without usingperiodic
beacons.

Remarks:
� Although parameterssuchasReceiver SignalStrengthIn-

dicator(RSSI),Link Quality Indicator(LQI), andSignalto
NoiseRatio(SNR)alsore�ect link reliability, it is dif�cult
to usethemasa precisepredictiontool [8]. Moreover, the
aforementionedparameterscan be fetchedonly at packet
receivers(insteadof senders),andextracontrolpacketsare
neededto convey theseinformationbackto the sendersif
we want to usethemasthe basisof link propertyestima-
tion. Therefore,wedonot recommendusingtheseparame-
tersasthecorebasisof data-drivenrouting,especiallywhen
sendersneedto preciselyestimatein-situ link properties.

� Our objective in this paperis to explore the ideaof data-
drivenlink propertyestimationandrouting,but it is notour
objective to prove that geography-basedrouting is better
thandistance-vector routing. In principle, we could have
useddistance-vectorrouting togetherwith data-drivenlink
propertyestimation,but this would introduceextra control
packetswhich we would like to avoid to save energy. (By
the way, our study in our testbedsshows that geography-
baseddata-driven routing hassimilar performanceas that
of distance-vectordata-drivenrouting.)

� Conceptually, wecouldhavealsode�nedourroutingmetric
basedon otherparameterssuchasETX [12] or RNP[10].
Nevertheless,the�rmw areof our SMC WLAN cardsdoes
notexposeinformationonthenumberof retriesof aunicast
transmission,whichmakesit hardto estimateETX or RNP
directly via datatraf�c. As a part of our future work, we
plan to designmechanismsto estimateETX andRNP via
datatraf�c (e.g., in IEEE 802.15.4basedmotenetworks)
andstudythecorrespondingprotocolperformance.

3 ELD: the routing metric

In this section,we �rst formulatethe routing metric ELD, the
expectedMAC latencyper unit-distanceto thedestination, then
we analyzethesamplesizerequirementin routing.

3.1 A metric usingMAC latencyand geography

For convergecastin sensornetworks(especiallyfor event-driven
applications),packetsneedto beroutedreliablyandin real-time
to thebasestation.As usual,packetsshouldalsobedeliveredin
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an energy-ef�cient manner. Therefore,a routing metric should
re�ect link reliability, packet delivery latency, andenergy con-
sumptionat the sametime. Onesuchmetric that we adoptin
LOF is basedon MAC latency, i.e., thetime takenfor theMAC
to transmita dataframe.(We have mathematicallyanalyzedthe
relationshipamongMAC latency, energy consumption,andlink
reliability, andwe �nd that MAC latency is stronglyrelatedto
energy consumptionin a positive manner, andtheratio between
them changesonly slightly as link reliability changes. Thus,
routing metricsoptimizing MAC latency would also optimize
energy ef�ciency. Interestedreaderscan�nd thedetailedanaly-
sisin [?].)

Given that MAC latency is a good basisfor route selection
and that geographyenableslow frequency information diffu-
sion, we de�ne a routing metric ELD, the expectedMAC la-
tencyperunit-distanceto thedestination, whichis basedonboth
MAC latency andgeography. Speci�cally, given a sender� , a
neighbor� of � , andthedestination asshown in Figure11,
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Figure10: !#" calculation
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where  L+.- 3 is the MAC latency from � to � . Therefore,the
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For everyneighbor� of � , � associateswith � a rank
R

MN!4 
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�'&O�S)O) denotesthe varianceof !4 
$

�'&O�S) , and
�� 

$
�S) denotesthe uniqueID of node � . Then, � selectsas

its next-hopforwardertheneighborthatranksthelowestamong
all the neighbors. (Note: routing via metric ELD is a greedy
approach,whereeachnodetriesto optimizethelocal objective.
Like many othergreedyalgorithms,this methodis effective in
practice,asshown via experimentsin Section5.)

To understandwhatELD impliesin practice,wesetupanex-
perimentasfollows: considera line network formedby row 6 of
the indoor testbedshown in Figure2, theStargate � at column
0 needsto sendpacketsto theStargate  at theotherend(i.e.,
column14). UsingthedataonunicastMAC latenciesin thecase
of interferer-free, we show in Figure12 themeanunicastMAC
latenciesand the correspondingELD's regardingneighborsat
differentdistances.Fromthe�gure, Stargate  , thedestination

3Currently, wefocusonthecasewhereanodeforwardspacketsonly to aneighborcloser
to thedestinationthanitself.

0 2 4 6 8 10 12 14
0

5

10

15

20

25

distance (meter)

 

mean MAC latency (ms)
ELD (ms/meter)

Figure11: MeanunicastMAC latency andtheELD

which is 12.8metersaway from � , offers the lowestELD, and
� sendspacketsdirectly to  . Fromthis example,we seethat,
usingmetricELD, a nodetendsto choosenodesbeyondthere-
liable communicationrangeasforwarders,to reduceend-to-end
MAC latency aswell asenergy consumption.

Remark. ELD is a locally measurablemetric basedonly on
thegeographiclocationsof nodesandinformationregardingthe
links associatedwith the sender� ; ELD doesnot assumelink
conditionsbeyondthe local neighborhoodof � . In theanalysis
of geographicrouting [26], however, a commonassumptionis
geographic uniformity — that the hopsin any routehave sim-
ilar propertiessuchas geographiclength and link quality. As
we will show by experimentsin Section5, this assumptionis
usually invalid. For the sake of veri�cation and comparison,
we derive anotherrouting metric ELR, the expectedMAC la-
tencyalonga route, basedonthisassumption.Morespeci�cally,

MN!4�
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�[&O�S)]\
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B%D Eedefhg
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8;: <ji
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8;: < m

if H

B
D

7JI

H

E�D

7

K otherwise
(3)

where nTo

8;: <Gp

o

<G: l

o

8;: < q

denotesthenumberof hopsto thedestina-
tion, assumingequalgeographicdistanceat every hop. We will
show in Section5 thatELR is inferior to ELD.

3.2 Samplesizerequirement

To understandtheconvergencespeedof ELD-basedroutingand
to guide protocol design,we experimentallystudy the sample
sizerequiredto distinguishout thebestneighborin routing.

In our indoor testbed,let the Stargateat column0 of row 6
be the sender� andStargateat the other endof row 6 be the
destination ; thenlet � send30,0001200-byteunicastpackets
to eachof the otherStargatesin the testbed,to get information
(e.g., MAC latency and reliability) on all the links associated
with � . Theobjective is to seewhatsamplesizeis requiredfor

� to distinguishout thebestneighbor.
First, we needto derive the distribution modelfor MAC la-

tency. Figure13shows thehistogramof theunicastMAC laten-
ciesfor the link to a node3.65meters(i.e., 12 feet)away from

� . (TheMAC latenciesfor otherlinks assumesimilar patterns.)
Giventheshapeof thehistogramandthefactthatMAC latency
is a type of “service time”, we selectthreemodelsfor evalua-
tion: exponential,gamma,andlognormal.4 Againstthedataon
theMAClatenciesfor all thelinks associatedwith � , weperform

4Themethodologyof LOF is independentof thedistribution modeladopted.Therefore,
LOF would still applyevenif bettermodelsarefoundlater.
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Figure13: Samplesizerequirement

Kolmogorov-Smirnov test[19] on thethreemodels,andwe �nd
thatlognormaldistribution �ts thedatathebest.

Therefore,weadoptlognormaldistribution for theanalysisin
thispaper. GiventhatMAC latency assumeslognormaldistribu-
tion, theLD associatedwith a neighboralsoassumeslognormal
distribution, i.e., rts�u

$
!4 v) assumesnormaldistribution.

Becauselink qualityvariestemporally, thebestneighborfor �

maychangetemporally. Therefore,we divide the30,000MAC
latency samplesof eachlink into chunksof time span wyx , de-
notedas the window of comparison, and we compareall the
links via their correspondingsample-chunks.Given eachsam-
plechunkfor theMAC latency of a link, wecomputethesample
meanandsamplevariancefor thecorrespondingrzs�u

$
!, v) , and

usethem as the meanand varianceof the lognormaldistribu-
tion. Whenconsideringthe { -th samplechunksof all the links
( {|\~}?&(•G&;€•€;€ ), we �nd the bestlink accordingto thesesample
chunks,andwecomputethesamplesizerequiredfor comparing
this bestlink with eachof theotherlinks asfollows:

Giventwo normalvariates‚hƒ , ‚…„ where‚hƒ5†ˆ‡
$z‰

ƒ
&(Š

„

ƒ

)

and ‚L„‹†Œ‡
$z‰

„�&(Š

„

„

) , thesamplesizerequiredto com-
pare ‚

ƒ and ‚
„ at }��?�

$
}S0Ž•�) % con�dencelevel is

$�•k•k‘“’V”

p

’–•(—

˜

”

�

˜

•

)

„ ( �š™›•œ™•} ), with ž4Ÿ being the • -
quantileof a unit normalvariate[20].

In theend,we have a setof samplesizesfor eachspeci�c wyx .
For a95%con�dencelevel comparisonandrouteselection,Fig-
ure14(a)shows the75-, 80-, 85-, 90-, and95-percentilesof the
samplesizesfor different w

x 's. We seethat the percentilesdo
not changemuchas w

x changes.Moreover, we observe that,
eventhoughthe90- and95-percentilestendto be large,the75-
and80-percentilesarepretty small (e.g.,being2 and6 respec-
tively when w x is 20 seconds),which impliesthatroutingdeci-
sionscanconvergequickly in mostcases.This observationalso
motivatesus to useinitial samplingin LOF, asdetailedin Sec-
tion 4.2.

Remark. By wayof contrast,we mayalsocomputethesample
sizerequiredto estimatetheabsoluteELD valueassociatedwith
eachneighbor. Figure 14(b) shows the percentilesfor a 95%
con�dencelevel estimationwith an accuracy of ¡ 5%. We see
that,even thoughthe90- and95-percentilesarelessthanthose
for routeselection,the75-and80-percentiles(e.g.,being42and
51 respectively when w¢x is 20seconds)aresigni�cantly greater
thanthosefor routeselection.Therefore,whenanalyzingsample
sizerequirementfor routing, we shouldfocuson relative com-
parisonamongneighborsratherthanon estimatingtheabsolute
value,unlikewhathasbeendonein theliterature[29].

4 LOF: a data-drivenprotocol

Having determinedtheroutingmetricELD, we arereadyto de-
signprotocolLOF for implementingELD withoutusingperiodic
beacons.Without lossof generality, we only considera single
destination,i.e.,thebasestationto whicheveryothernodeneeds
to �nd a route.

Brie�y speaking,LOF needsto accomplishtwo tasks:First,
to enablea nodeto obtain the geographiclocationof the base
station,aswell astheIDs andlocationsof its neighbors;Second,
to enablea nodeto track the LD (i.e., MAC latency per unit-
distanceto thedestination)regardingeachof its neighbors.The
�rst taskis relatively simpleandonly requiresexchanginga few
controlpacketsamongneighborsin rarecases(e.g.,whenanode
bootsup); LOF accomplishesthesecondtaskusingthreemech-
anisms: initial samplingof MAC latency, adaptingestimation
via MAC feedbackfor applicationtraf�c, andprobabilistically
switchingnext-hopforwarder.

In what follows, we elaborateon the individual components
of LOF. (Due to the limitation of space,we relegateto [?] the discussion

on implementation issuesof LOF: reliably fetching MAC feedback,reliable

transport, nodemobility, and neighbor-table sizecontrol.)

4.1 Learning where weare

LOF enablesa nodeto learnits neighborhoodandthe location
of thebasestationvia thefollowing rules:

I. [Issuerequest] Uponboot-up,anodebroadcasts£ copies
of hello-requestpacketsif it is notthebasestation.A hello-
requestpacketcontainstheID andthegeographiclocation
of theissuingnode.To guaranteethata requestingnodeis
heardby its neighbors,we set £ as7 in our experiments.

II. [Answer request] Whenreceiving a hello-requestpacket
from anothernodethat is fartheraway from the basesta-
tion, thebasestationor a nodethathasa pathto thebase
stationacknowledgestherequestingnodeby broadcasting

£ copiesof hello-replypackets.A hello-replypacketcon-
tainsthe locationof thebasestationaswell asthe ID and
thelocationof theissuingnode.

III. [Handle announcement] When a node ¤ hearsfor the
�rst time a hello-replypacket from anothernode � closer
to thebasestation,¤ recordstheID andlocationof � and
regards� asa forwarder-candidate.

IV. [Announce presence] Whena nodeother than the base
station�nds aforwarder-candidatefor the�rst time,orwhen
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thebasestationbootsup, it broadcasts£ copiesof hello-
replypackets.

To reducepotentialcontention,everybroadcasttransmissionmen-
tionedabove is precededby arandomizedwaitingperiodwhose
lengthis dependenton nodedistribution densityin thenetwork.
Notethat theaboverulescanbeoptimizedin variousways.For
instance,ruleII canbeoptimizedsuchthatanodeacknowledges
at mostonehello-requestfrom anothernodeeachtime the re-
questingnodebootsup. Eventhoughwehaveimplementedquite
a few suchoptimizations,we skip thedetailsheresincethey are
not thefocusof this paper.

4.2 Initial sampling

Having learnedthelocationof thebasestationaswell asthelo-
cationsand IDs of its neighbors,a nodeneedsto estimatethe
LDs regardingits neighbors.To designthe estimationmecha-
nism,let us�rst checkFigure15,whichshowsthemeanunicast
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Figure14: MAC latency in thepresenceof interference

MAC latency in differentinterferingscenariosfor theindoorex-
perimentsdescribedin Section2.1. We seethat, even though
MAC latencieschangeasinterferencepatternchanges,the rel-
ative ranking in the meanMAC latency amonglinks doesnot
changemuch.Neitherwill theLDs accordingly.

In LOF, therefore,whena node � learnsof theexistenceof a
neighbor� for the�rst time, � takesa few samplesof theMAC
latency for the link to � beforeforwardingany datapacketsto

� . Thesamplingis achievedby � sendinga few unicastpackets
to � andthenfetchingtheMAC feedback.Theinitial sampling
givesanodearoughideaof therelativequalityof thelinks to its
neighbors,to jump startthedata-drivenestimation.

Accordingto the analysisin Section3.3, anotherreasonfor
initial samplingis that,with relatively smallsamplesize,a node
couldgain a decentsenseof the relative goodnessof its neigh-
bors.Wesettheinitial samplesizeas ¥ (i.e.,the80-percentileof
thesamplesizewhen w¢x is 20seconds)in ourexperiments.

4.3 Data-driven adaptation

Via initial sampling,a nodegetsa roughestimationof the rel-
ative goodnessof its neighbors.To improve its routeselection
for anapplicationtraf�c pattern,thenodeneedsto adaptits es-
timationof LD via theMAC feedbackfor unicastdatatransmis-
sion. (Accordingto theanalysisin Section3.3, routedecisions
convergequickly becauseof thesmallsamplesizerequirement.)
SinceLD is lognormallydistributed,LD is estimatedby estimat-
ing rts�u

$
!4 v) .

On-line estimation. To determinethe estimationmethod,we
�rst checkthepropertiesof thetime seriesof rzs�u $ !, v) , consid-
ering the samescenarioasdiscussedin Section3.3. Figure16
shows a time seriesof the rts�u $ !4 v) regardinga node3.65me-
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Figure15: A timeseriesof rts�u $ !4 v)

ters (i.e., 12 feet) away from the sender� (The rts�u $ !4 v) for
theothernodesassumessimilar patterns.).We seethatthetime
series�ts well with theconstant-levelmodel[18] wherethegen-
eratingprocessis representedby a constantsuperimposedwith
random�uctuations.Therefore,agoodestimationmethodis ex-
ponentiallyweightedmoving average (EWMA) [18], assuming
thefollowing form ¦¨§

0©•

¦Œª

$
}«0¢•�)

¦N¬

(4)

where

¦

is theparameterto beestimated,

¦

¬

is thelatestobser-
vationof

¦

, and • is theweight( �­™©•y™®} ).
In LOF, whena new MAC latency andthusa new rts�u

$
!4 v)

value with respectto the currentnext-hop forwarder � is ob-
served,the

¦

valuein theright handsideof formula(7) maybe
quite old if � hasjust beenselectedasthe next-hop andsome
packets have beentransmittedto other neighborsimmediately
before. To dealwith this issue,we de�ne the age factor ¯

$
�S)

of the currentnext-hop forwarder � as the numberof packets
thathavebeentransmittedsince

¦

of � waslastupdated.Then,
formula(7) is adaptedto bethefollowing:¦¨§

0Ž•9°

‘

3

—

¦Œª

$
}«0¢•9°

‘

3

—

)

¦N¬

(5)

(Experimentscon�rm thatLOF performsbetterwith formula(8)
thanwith formula(7).)

EachMAC feedbackindicateswhetheraunicasttransmission
hassucceededandhow long theMAC latency r is. Whenanode
receivesa MAC feedback,it �rst calculatestheagefactor ¯

$
�S)

for thecurrentnext-hopforwarder, thenit adaptstheestimation
of rts�u

$
!4 v) asfollows:

� If the transmissionhassucceeded,the nodecalculatesthe
new rts�u

$
!4 v) value using r and appliesit to formula (8)

to geta new estimationregardingthecurrentnext-hopfor-
warder.

� If thetransmissionhasfailed,thenodeshouldnot use r di-
rectly becauseit doesnot representthe latency to success-
fully transmitapacket. To addressthisissue,thenodekeeps
trackof theunicastdeliveryrate,whichis alsoestimatedus-
ing formula(8), for eachassociatedlink. Then,if thenode
retransmitsthis unicastpacket via the currentlyusedlink,
theexpectednumberof retriesuntil successis ƒ

±

, assuming
thatunicastfailuresareindependentandthattheunicastde-
livery ratealongthelink is ² . Includingthelatency for this
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last failed transmission,the expectedoverall latency r

¬

is
$ }

ª

ƒ

±

)³r . Therefore,thenodecalculatesthenew rzs�u $ !, v)

valueusing r

¬

andappliesit to formula(8) to geta new es-
timation.

Anotherimportantissuein EWMA estimationis choosingthe
weight • , sinceit affectsthestability andagility of estimation.
To addressthis question,we againperform experiment-based
analysis.Using the datafrom Section3.3, we try out different

• valuesandcomputethecorrespondingestimation�delity , that
is, theprobabilityof LOF choosingtheright next-hopforwarder
for � . Figure17(a)shows thebest • valueandthecorrespond-
ing estimation�delity for differentwindows of comparison.If
thewindow of comparisonis 20seconds,for instance,thebest•

is 0.8,andthecorrespondingestimation�delity is 89.3%.(Since
thetime spanof theExScaltraf�c traceis about20 seconds,we
set • as0.8 in ourexperiments.)
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Figure16: Theweight • in EWMA

For sensitivity analysis,Figure17(b) shows how the estima-
tion �delity changeswith • whenthewindow of comparisonis
20 seconds.We seethat theestimation�delity is not very sen-
sitive to changesin • over a wide range. For example,the es-
timation �delity remainsabove 85% when • changesfrom 0.6
to 0.98. Similar patternsare observed for the other windows
of comparisontoo. The insensitivity of estimation�delity to •

guaranteestherobustnessof EWMA estimationin differenten-
vironments.

Route adaptation. As theestimationof LD changes,a node �

adaptsits routeselectionby the ELD metric. Moreover, if the
unicastreliability to aneighbor� is below certainthreshold(say
60%), � will mark � asdeadandwill remove � from thesetof
forwarder-candidates.If � losesall its forwarder-candidates,�
will �rst broadcast£ copiesof hello-withdrawal packetsand
then restartsthe routing process. If a node �

¬

hearsa hello-
withdrawal packet from � , andif � is a forwarder-candidateof

�

¬

, �

¬

removes � from its setof forwarder-candidatesandup-
dateits next-hopforwarderasneedbe. (As a sidenote,we �nd
that,on average,only 0.9863neighborsof any nodearemarked
as deadin both our testbedexperimentsand the �eld deploy-
mentof LOF in projectExScal[7]. Again, thewithdrawing and
rejoiningprocesscanbeoptimized,but weskipthedetailshere.)

4.4 Probabilistic neighbor switching

Giventhattheinitial samplingis notperfect(e.g.,covering80%
insteadof 100%of all thepossiblecases)andthatwirelesslink

quality variestemporally, thedata-drivenadaptationalonemay
missusinggoodlinks, simply becausethey wererelatively bad
when testedearlierand they do not get chanceto be tried out
lateron. Therefore,weproposeprobabilisticneighborswitching
in LOF. That is, whenever a node � hasconsecutively transmit-
ted �T´?µ $ ��¶%) numberof datapacketsusinga neighbor�*¶ , � will
switch its next-hop forwarderfrom �·¶ to anotherneighbor �

¬

with probability ¸'´?µ $ �

¬

) . On the otherhand,the probabilistic
neighborswitchingis exploratoryandoptimisticin nature,there-
fore it shouldbeusedonly for goodneighbors.In LOF, neighbor
switchingonly considersthesetof neighborsthatarenotmarked
asdead.

In what follows, we explain how to determinethe switching
probability ¸ ´?µ

$ �

¬

) and the switching interval � ´?µ

$ � ¶ ) . For
convenience,we considera sender� , and let the neighborsof

� be �‹¶Y&O�Sƒ%&•€;€;€•&O�·¹ with increasingranks.

Switching probability. At themomentof neighborswitching,
a betterneighborshouldbe chosenwith higherprobability. In
LOF, a neighboris chosenwith the probability of the neighbor
actuallybeingthebestnext-hopforwarder. Wederivethisproba-
bility in threesteps:theprobability ¸[º

$
�·»V&(�5¼�) of aneighbor�·»

beingactuallybetterthananotherone �‹¼ , theprobability ¸'½
$

�·»¾)

of aneighbor�*» beingactuallybetterthanall theneighborsthat
rankslower thanitself, andtheprobability ¸

´?µ

$
��»¿) of a neigh-

bor �·» beingactuallythebestforwarder. Dueto the limitation
of space,we relegatethedetailedderivationto [?].

Switching interval. Thefrequency of neighborswitchingshould
dependon how goodthecurrentnext-hopforwarder �S¶ is, i.e.,
theswitchingprobability ¸'´?µ

$
�‹¶
) . In LOF, wesettheswitching

interval �
´Yµ

$
�

¶
) to beproportionalto ¸

´?µ

$
�

¶
) , thatis,

�T´?µ
$

�‹¶%)4\ŒÀÁ�2¸Â´Yµ
$

��¶�) (6)

whereÀ is aconstantbeingequalto $
‡Ã�ÅÄ ) , with ‡ beingthe

numberof active neighborsthat � has,and Ä beinga constant
re�ecting the degreeof temporalvariationsin link quality. We
set Ä to be20 in our experiments.

Theswitchingprobabilitiesandtheswitchinginterval arere-
calculatedeachtime thenext-hopforwarderis changed.

5 Experimental evaluation

Via testbedsand �eld deployment,we experimentallyevaluate
thedesigndecisionsandtheperformanceof LOF. First,wepresent
theexperimentdesign;thenwe discusstheexperimentalresults.

5.1 Experiment design

Network setup. In our indoortestbedasshown in Figure2, we
let theStargateat the left-bottomcornerof thegrid be thebase
station,to which the otherStargatesneedto �nd routes. Then,
we let theStargate � at theupper-right cornerof thegrid bethe
traf�c source.� sendspacketsof length1200bytesaccordingto
theExScaleventtraceasdiscussedin Section2.1andFigure3.
For eachprotocolwe study, � simulates50 eventruns,with the
interval betweenconsecutive runsbeing20 seconds.Therefore,
for eachprotocolstudied,950(i.e., Æ��Ç�y}•È ) packetsaregener-
atedat � .
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We have alsotestedscenarioswheremultiple sendersgener-
ateExScaltraf�c simultaneously, aswell asscenarioswherethe
datatraf�c is periodic;LOF hasalsobeenusedin thebackbone
network of ExScal.We discussthemin Section5.3.

Protocolsstudied. We studytheperformanceof LOF in com-
parisonwith that of beacon-basedrouting, wherethe latestde-
velopmentis representedby ETX [12, 29] andPRD [26]: (For

convenience,we donot differentiatethenameof a routingmetricandtheproto-

col implementingit.)
� ETX: expectedtransmissioncount.It isatypeof geography-

unawaredistance-vectorroutingwhereanodeadoptsaroute
with theminimumETX value. Sincethetransmissionrate
is �x edin ourexperiments,ETX routingalsorepresentsan-
other metric ETT [14], wherea route with the minimum
expectedtransmissiontimeis used.ETT is similar to MAC
latencyasusedin LOF.

� PRD: productof packetreceptionrateanddistancetraversed
to the destination.Unlike ETX, PRD is geography-based.
In PRD,a nodeselectsasits next-hopforwardertheneigh-
bor with the maximumPRD value. The designof PRD is
basedon theanalysisthatassumesgeographic-uniformity.

By their original proposals,ETX andPRD usebroadcastbea-
consin estimatingthe respective routingmetrics. In this paper,
wecomparetheperformanceof LOF with thatof ETX andPRD
asoriginally proposedin [12] and[26], without consideringthe
possibilityof directly estimatingmetricsETX andPRDvia data
traf�c. This is becausethe �rmw areof our SMC WLAN cards
doesnot exposeinformationon the numberof retriesof a uni-
cast transmission. (As a part of our future work, we plan to
designmechanismsto estimateETX and PRD via datatraf�c
andstudythe correspondingprotocolperformance.)In our ex-
periments,metricsETX andPRDareestimatedaccordingto the
methodoriginally proposedin [12] and[26]; for instance,broad-
castbeaconshave thesamepacket lengthandtransmissionrate
asthoseof datapackets. Sinceit hasbeenshown thatETX and
PRDperformbetterthanprotocolsbasedonmetricssuchasRTT
(round-trip-time)andhop-count[13, 26], we do not studythose
protocolsin this paper.

To verify someimportantdesigndecisionsof LOF, we also
studydifferentversionsof LOF asfollows:5

� L-hop: assumesgeographic-uniformity, andthususesmet-
ric ELR, asspeci�edby formula(6), insteadof ELD;

� L-ns: doesnot use the methodof probabilisticneighbor
switching;

� L-sd: considers,in probabilisticneighborswitching, the
neighborsthathavebeenmarkedasdead;

� L-se: performsprobabilisticneighborswitchingafterevery
packet transmission.

For easycomparison,we have implementedall theprotocols
mentionedabove in EmStar[4], a softwareenvironmentfor de-
velopinganddeploying wirelesssensornetworks.

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

5Note: we have studiedtheperformanceof geography-unawaredistance-vectorrouting
usingdata-drivenestimationtrying to minimizethesumof MAC latency alongroutes,and
wefoundthattheperformanceis similar to thatof LOF, exceptthatmorecontrolpacketsare
used.

in [?], all theprotocolsguarantee100%packet delivery in our
experiments.Therefore,we compareprotocolsin metricsother
thanreliability asfollows:

� End-to-endMAClatency: thesumof theMAClatency spent
at eachhop of a route. This re�ects not only the deliv-
ery latency but alsothethroughputavailablevia a protocol
[12, 14].

� Energyef�ciency: energy spentin deliveringapacket to the
basestation.

5.2 Experimental results

MAC latency. Usingboxplots6, Figure18showstheend-to-end
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Figure17: End-to-endMAC latency

MAC latency, in milliseconds,for eachprotocol. The average
end-to-endMAClatency in bothETX andPRDis around3 times
that in LOF, indicatingtheadvantageof data-drivenlink quality
estimation.TheMAC latency in LOF is alsolessthanthatof the
otherversionsof LOF, showing theimportanceof usingtheright
routing metric (including not assuminggeographicuniformity)
andneighborswitchingtechnique.

To explain theaboveobservation,Figures19,20,21, and22
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Figure18: Numberof hopsin a route

show theroutehop length,per-hopMAC latency, averageper-
hopgeographicdistance,andthecoef�cient of variation(COV)
of per-hopgeographicdistance.Eventhoughtheaverageroute
hoplengthandper-hopgeographicdistancein ETX areapprox-
imately the sameas thosein LOF, the averageper-hop MAC

6Boxplot is anicetool for describingthedistribution of adatasample:
É Thelower andupperlinesof the“box” arethe25thand75thpercentilesof thesam-

ple. Thedistancebetweenthetopandbottomof thebox is theinterquartilerange.
É Theline in themiddleof thebox is thesamplemedian.
É The“whiskers”, linesextendingaboveandbelow thebox,show theextentof therest

of the sample. If thereis no outlier, the top of the upperwhisker is the maximum
of thesample,andthebottomof the lower whisker is theminimum. An outlier is a
valuethatis morethan1.5 timestheinterquartilerangeaway from thetop or bottom
of thebox. An outlier, if any, is representedasaplussign.

É Thenotchesin theboxshows the95%con�denceinterval for thesamplemedian.
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Figure19: Per-hopMAC latency
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Figure20: Averageper-hopgeographicdistance
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Figure21: COV of per-hopgeographicdistancein a route

latency in ETX is about3 timesthatin LOF, whichexplainswhy
theend-to-endMAClatency in ETX is about3 timesthatin LOF.
In PRD,both theaverageroutehoplengthandtheaverageper-
hopMAC latency is abouttwice thatin LOF.

FromFigure22, we seethat theCOV of per-hopgeographic
distanceis ashighas0.4305in PRDand0.2754in L-hop. There-
fore, theassumptionof geographicuniformity is invalid, which
partly explainswhy PRD andL-hop do not performaswell as
LOF. Moreover, thefactthattheCOV valuein LOF is thelargest
andthatLOF performsthebesttendto suggestthat thenetwork
stateis heterogeneousat differentlocationsof thenetwork.

Energy ef�ciency. Given thatbeaconsareperiodicallybroad-
castedin ETX andPRD,andthatbeaconsarerarelyusedin LOF,
it is easyto seethatmorebeaconsarebroadcastedin ETX and
PRD than in LOF. Therefore,we focus our attentiononly on
thenumberof unicasttransmissionsrequiredfor deliveringdata
packetsto thebasestation,ratherthanonthebroadcastoverhead.
To thisend,Figure23showsthenumberof unicasttransmissions
averagedover the numberpacketsreceived at the basestation.
Thenumberof unicasttransmissionsperpacketreceivedin ETX
andPRDis 1.49and2.37timesthatin LOF respectively, show-
ing againtheadvantageof data-driven insteadof beacon-based
link qualityestimation.Thenumberof unicasttransmissionsper
packet received in LOF is also lessthan that in the other ver-
sionsof LOF. For instance,thenumberof unicasttransmissions
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Figure22: Numberof unicasttransmissionsperpacket received

in L-hop is 2.89timesthatin LOF.
Given that the SMC WLAN cardin our testbedusesIntersil

Prism2.5chipsetwhich doesnot exposethe informationon the
numberof retriesof a unicasttransmission,Figure23 doesnot
representthe actualnumberof bytessent. Nevertheless,given
Figure20andthefactthatMAClatency andenergyconsumption
arepositively related(asdiscussedin Section3.2), the above
observationontherelativeenergyef�ciency amongtheprotocols
still holds.

To explain theabove observation,Figure24 shows the num-
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Figure23: Numberof failedunicasttransmissions

berof failedunicasttransmissionsfor the950packetsgenerated
at thesource.Thenumberof failuresin ETX andPRDis 1112
and786 respectively, yet thereareonly 5 transmissionfailures
in LOF. Also, thereare711 transmissionfailuresin L-hop. To-
getherwith Figures21 and5(b), we seethat thereexist reliable
long links, yetonly LOF tendsto �nd themwell: ETX alsouses
long links, but they arenot reliable;L-ns usesreliablelinks, but
they arerelatively shorter.

5.3 Other experiments

Besidesthescenarioof 1 sourceeventtraf�c whichwediscussed
in detail in the last subsection,we have performedexperiments
wherethe Stargateat the upper-right cornerandits two imme-
diategrid-neighborssimultaneouslygeneratepacketsaccording
to theExScaltraf�c trace.We have alsoexperimentedwith pe-
riodic traf�c where1 or 3 Stargates(sameasthosein thecaseof
event traf�c) generate1,000packetseach,with eachpacket be-
ing 1200-bytelong andthe inter-packet interval being500mil-
liseconds.In theseexperiments,we have observedsimilar pat-
ternsin therelativeprotocolperformanceasthosein thecaseof
1 sourceeventtraf�c. For conciseness,we only presenttheend-
to-endMAC latency for thesethreecases,asshown in Figure28.

Basedon its well-testedperformance,LOF hasbeenincorpo-
ratedin the ExScalsensornetwork �eld experiment[7], where
203Stargatesweredeployedasthebackbonenetwork, with the
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(a)eventtraf�c, 3 senders
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(b) periodictraf�c, 1 sender
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Figure24: End-to-endMAC latency

inter-Stargateseparationbeingaround45 meters.LOF success-
fully guaranteedreliable and real-timeconvergecastfrom any
numberof non-baseStargatesto thebasestationin ExScal,show-
ing notonly theperformanceof 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-
lesssensornetworks have beenwell studiedin [8], [22], and
[31]. They have observed that wirelesslinks assumecomplex
properties,suchaswide-rangenon-uniformpacket delivery rate
at different distances,loose correlationbetweendistanceand
packet delivery rate, link asymmetry, and temporalvariations.
Ourstudyon link propertiescomplementsexistingworksby fo-
cusing on the differencesbetweenbroadcastand unicastlink
properties,aswell asthe impactof interferencepatternon the
differences.

Differencesbetweenbroadcastandunicastandtheir impacton
theperformanceof AODV havebeendiscussedin [24] and[11].
Our work complements[24] and[11] by experimentallystudy-
ing the differencesas well as the impact of environment,dis-
tance,andinterferencepatternonthedifferences,whichwerenot
thefocusof [24] and[11]. [11] mentionedthedif�culty of get-
ting MAC feedbackandthusfocusedon themethodof beacon-
basedlink estimation. Our work complements[11] 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
discussedreliability-basedmechanisms(e.g.,RSSI-andSNR-

basedones)for blacklistingbadlinks. Sinceit hasbeenshown
that reliability-basedblacklisting doesnot perform as well as
ETX [15, 12, 29], we do not directly compareLOF to [24] and
[11], insteadwe compareLOF to ETX.

Recently, greatprogresshasbeenmaderegardingrouting in
wirelesssensornetworks as well as in meshnetworks. Rout-
ing metricssuchasETX [12, 29] andETT/WCETT [14] have
beenproposedandshown to performwell in real-world wireless
networks [13]. The geography-basedmetricPRD [26] hasalso
beenproposedfor energy-ef�cient routingin wirelesssensornet-
works. Nevertheless,unicastlink propertieswerestill estimated
usingbroadcastbeaconsin theseworks. Our work differs from
existing approachesby experimentallydemonstratingthe dif�-
culty of preciselyestimatingunicastlink propertiesvia thoseof
broadcastbeacons,andproposingthedata-drivenprotocolLOF
whereunicastlink propertiesareestimatedvia the datatraf�c
itself.

Similar to LOF, SPEED[16] alsousedMAC latency andgeo-
graphicinformationin routeselection.In parallelwith ourwork,
[23] proposedNADV which alsousesinformation from MAC
layer. While focusingon real-timepacket delivery anda gen-
eralframework for geographicrouting,[16] and[23] did not fo-
cuson theprotocoldesignissuesin data-drivenlink estimation
androuting. They did not studythedifferencesbetweenbroad-
castandunicastlink properties.They did not considerthe im-
portanceof appropriateprobabilisticneighborswitching either.
SPEEDswitchesnext-hop forwardersafter every packet trans-
mission(asin L-se),andNADV doesnot performprobabilistic
neighborswitching(asin L-ns), both of which degeneratenet-
work performanceas shown in Section5. Complementaryto
SPEEDandNADV, moreover, we haveanalyzedthesmallsam-
plesizerequirementin LOF, whichshowsthefeasibilityof data-
drivenlink estimation.While [16] and[23] have evaluatedtheir
methodsvia simulation,we have studiedthe systemsissuesin
reliably fetchingMAC feedbackandevaluatedLOF via experi-
mentsin real networks with realistic traf�c trace. Finally, [23]
did notcomparetheperformanceof NADV with thatof ETX and
PRD.

The problemof local minimum or geographicvoid hasbeen
dealtwith in routing protocolssuchasGPSR[21]. In this pa-
per, therefore,we have not consideredthis problemsinceit is
independentof our major concerns— data-driven link estima-
tion androuting. As a part of our future work, we plan to in-
corporatetechniquesof dealingwith geographicvoid into LOF,
by adaptingthede�nition of “effectivegeographicprogress”(in
Section3.2)androutingaroundvoid. Theimpactof localization
errorson geographicroutinghasbeenstudiedin [25]. In LOF,
we adopteda separatesoftware componentthat �ne tunesthe
GPSreadingsto reducelocalizationinaccuracy, asalsousedin
the�eld experimentExScal[7].

7 Concluding remarks

Viaexperimentsin testbedsof 802.11bnetworks,wehavedemon-
stratedthedif�culties of preciselyestimatingunicastlink prop-
ertiesvia broadcastbeacons.To circumventthedif�culties, we
have proposedto estimateunicastlink propertiesvia datatraf�c
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itself, usingMAC feedbackfor datatransmissions.To this end,
we have modi�ed the Linux kernel and hostapWLAN driver
to provide feedbackon the MAC latency as well as the status
of every unicasttransmission,and we have built systemsoft-
warefor reliably fetchingMAC feedbacks.Basedon thesesys-
tem facilities, we have demonstratedthe feasibility as well as
potentialbene�ts of data-driven routing by designingprotocol
LOF. LOF mainly usedthreetechniquesfor link quality estima-
tion androuteselection:initial sampling,data-drivenadaptation,
andprobabilisticneighborswitching.With its well testedperfor-
manceandimplementation,LOF hasbeensuccessfullyusedto
supportconvergecastin thebackbonenetwork of ExScal,where
203Stargateshave beendeployedin anareaof 1260metersby
288meters.

In this paper, we have focusedon data-drivenlink estimation
androutingin 802.11networks.But we believethattheconcept
of data-driven link estimationalso appliesto other sensornet-
workssuchasthoseusingIEEE 802.15.4radios,sincetemporal
correlationin link propertiesalsoleadsto estimationinaccuracy
in thesenetworks[10]. Giventhelimitation of our802.11radios,
wehavenotappliedthetechniqueof data-drivenlink estimation
to metricssuchasETX [12] or RNP [10]. We plan to explore
thesedirectionsin our futurework.

Besidessaving energy by avoiding periodicbeaconing,LOF
facilitatesgreaterextent of energy conservation, becauseLOF
doesnot requirea nodeto be awake unlessit is generatingor
forwardingdatatraf�c. LOF also helpsin enhancingnetwork
security, sincethenetwork is lessexposed.More detailedstudy
of the impact of data-driven routing on energy ef�ciency and
securityis apartof our futurework.
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