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Abstract—We propose a new link metric called nor-
malized advance (NADV) for geographic routing in mul-
tihop wireless networks. NADV selects neighbors with
the optimal trade-off between proximity and link cost.
Coupled with the local next hop decision in geographic
routing, NADV provides an adaptive and ef cient cost-
aware routing strategy. Dependingon the objective or mes-
sagepriority , applications can use the NADV framework
to minimize various types of link cost.

In this paper we presentef cient methodsfor link cost
estimation and perform detailed simulations in diverse
scenarios.Our results show that NADV outperforms cur-
rent schemesin many aspects:for example,in high noise
ervironmentswith frequentpacket lossesthe useof NADV
leads to 83% higher delivery ratio. When compared to
centralized routing, geographicrouting using NADV nds
paths whosecostis closeto the optimum.

Index Terms— Systemdesign, Simulations

. INTRODUCTION

Geographicrouting (or position-basedouting) uses
location information for paclet delivery in multihop
wirelessnetworks[1], [2], [3], [4], [5]. Neighbordocally
exchangelocation information obtained through GPS
(Global Positioning System)or other location determi-
nation techniques[6]. Since nodeslocally selectnext
hop nodesbasedon this neighborhoodnformationand
the destinationlocation, neitherroute establishmenhor
perdestinationstateis requiredin geographicrouting.
As large-scalesensornetworks becomemore feasible,
propertiessuchas statelessatureand low maintenance
overheadmake geographicrouting increasingly more
attractve [7]. Also, location-basedervicessuchasgeo-
casting[8] canbebestrealizedusinggeographiaouting.

The most popular stratgyy for geographicrouting is
simply forwarding data paclets to the neighbor geo-
graphically closestto the destination[1], [2], [3]. Al-
thoughthis greedymethodis effective in mary cases,
paclets may get routedto where no neighboris closer

/ closest to T, but frequent packet errors
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Fig. 1. An examplescenaridor geographigouting.While node is
closesto it is experiencinga high paclet errorrate.Consequently
higher performancecanbe achieved if  forwardspacletsto

to the destinationthan the current node. Many recov-

ery schemeshave beenproposedto route aroundsuch
voids for guaranteegpaclet delivery aslong as a path
exists[1], [2], [3], [9]. Thesetechniquedypically exploit

planarsubgraphgi.e., Gabrielgraph,Relative Neighbor

hood graph),and paclets traversefaceson suchgraphs
using the well-known right-hand rule. Most geographic
routing protocolsuse one-hopinformation, but general-
ization to two-hop neighborhoods also possible[10].

In this paper we proposethe use of a new link
metric callednormalizedadvance(NADV) in geographic
routing.Insteadof the neighborclosesto thedestination,
NADV lets us selectthe neighborwith the besttrade-
off betweenlink cost and proximity. In Figure 1, for
example, although is closestto destination , it is
experiencinghigh paclet error probability  is slightly
fartherfrom  than , but provides a higher quality
link. In this scenarioforwarding packetsto is better
and NADV chooses over . We show that a path
choserby NADV approacheghe optimal minimum cost
pathin networkswith sufciently high nodedensity Our
proposedmetric is best understoodin the context of
greedymodein geographicrouting, but it can also be
usedwith schemesghat route aroundvoids [3], [9].

Coupledwith the localizednatureof geographiaout-
ing, the useof NADV providesa uniqueopportunityfor



adaptve routing— afeaturenot offeredby mostexisting
on-demandouting protocols.For example,supposéehat
an on-demandouting protocol (e.g.,DSR [11]) nds a
minimum costpathandthatthe link costschangewhile
the pathis in use(e.g.,dueto mobility or ervironment
changes).If the sourcewantsto nd a better path,
it needsto ood a new route discovery request.This
solution may incur high control overheadandit is also
dif cult to know when the sourceshould initiate the
ooding. In contrast,as long as link cost estimation
schemesgantracklink costschangeNADV immediately
re ects the change,which in turn would resultin the
selectionof bestnext hop in geographiaouting.

We presentNADV in the context of a generalframe-
work for ef cient geographiaouting.To our bestknowl-
edge,only the SP-Pwer schemein [12] considerdink
costsin selectingnext hopsin geographiaouting, but it
focusesexclusively on power consumptionIn contrast,
the NADV framework can accommodatea variety of
different cost types. Dependingon system objectives
or messagepriority, applicationscan use the NADV
framework to take different routing strategyies. For ex-
ample, an urgent messagecan be routed along the
path that minimizesthe end-to-endateng, and a low-
priority messageanay take a path that minimizespower
consumptiorfor longer network lifetime.

For the effective useof NADV, we presentechniques
for efcient and adaptve link cost estimation.Previous
works use additional probe message$or link costesti-
mationin the bootstrappingphase[13], [14]. However,
suchcontrol messagesonsumealreadyscarcenetwork
resourcesAlso, network ervironmentsmay changeover
time, and old link estimatesnay becomeobsolete We
proposeto exploit MAC-level information, so that link
cost estimationis adaptie to changingervironments,
yet incurs minimal control overhead.We also provide
multiple techniquesthus enablingnodesto choosethe
bestscheméor the currentnetwork and systemsetting.
In aresource-ricmetwork, for example,nodescanusea
methodthat usesprobemessagedn the caseof a dense
large-scalenetwork with limited resourcessuch probe
messagesay prave to be costly, and nodescanusean
alternateschemethat usesno extra control messages.

We have performedsimulationexperimentdo evaluate
the effectivenessof NADV and link cost estimation
technigues When comparedto the current geographic
routing schemein challengingernvironmentswith fre-
guentpaclet losses NADV leadsto 83% higher paclet
delivery ratio on average (from 15% to 98%). The
number of MAC-level data transmissionsand end-to-
end delay also decreasesigni cantly (by up to 70%).
The simulation resultsalso shov that when link costs

changethe useof NADV in geographiaouting enables
adaptve pathmigration,wherethe quality of found paths
is closeto the optimum by the centralizedalgorithm.
The rest of this paperis organized as follows. In
Sectionll we de ne the new link metric.Link costtypes
and estimationtechniquesare describedin SectionlIl.
We describesimulationmodelsin SectionlV, andactual
simulationresultsarepresentedn SectionV. SectionVI
presentgelatedwork, and SectionVIlI concludes.

[I. NEw LINK METRIC FOR GEOGRAPHIC ROUTING

In this section,we introducea new link metric for
geographiaouting and discussits optimality in anideal
setting.Here,we assumdink costis positive andknown
a priori. We discusslink costestimationin Sectionlll.

A. Badground

In this paperwe differentiatelink costandlink met-
ric. An example of link costis power consumption.
Even though two neighborsrequire the same power
consumptionhowever, in geographiaouting we prefer
the neighborcloser to the destination.We de ne link
metric as “degreeof preference’in path selection.

In mary geographicrouting protocols, the current
node greedily selectsthe neighbor that is closest
to destination wheneer possible[1], [2], [3]. This
stratgy tries to maximize the advance(ADV) of next
hop , whichis de ned by [15]:

ADV (1)

where denotesthe distancefrom node to .

(Note that ADV is an example of link metric.) The
implicit goal of this stratgy is to minimize the hop
count, without taking link costsinto account.However,

differentwirelesslinks canhave differentlink costs.For

example,Lundgrenetal. [16] identify gray zoneswhere
due to high error probability nodes cannot exchange
long data pacletsin most cases.Therefore,the simple
policy using ADV may use poor quality links and lead
to unnecessariljhigh communicationcost[13].

Clearly, when choosingnext hopswe want to avoid
neighborswith very low quality links. At the sametime,
we want to gain as large advance as possiblefor fast
andefcient pacletdelivery. The goal of our work is to
balancethe trade-of, so that we can selecta neighbor
with both large advanceand good link quality. We can
achieve this goal by usingthe new metric proposechext.



B. NormalizedAdvance

We now introduce a nev metric called normalized
advance(NADV). Supposene canidentify the link cost

Cost  of thelink to neighbor . Thenthe normalized
advanceof neighbor is simply:
ADV
NADV 2
Cost @

Intuitively, NADV denotes the amount of adwance
achieved per unit cost. For example,supposewe know

that only fraction of data transmissionsto
neighbor aresuccessfullf we use aslink
cost,NADV ADV , which meansthe

expectedadwanceper transmission.

We now shaw the pathoptimality whenusingNADV.
The goal of routingin this discussioris to minimize the
sum of link costsalongthe found path. We male two
assumptions(l) we can nd anodeatanarbitrarypoint,
and (2) link costis an increasingcorvex function of
distance(e.g., power consumption12], [17]). Let DIST
be the distancebetweenthe sourceand the destination,
which we assumds relatively large. Then, the optimal
policy is to choosenodeson an equidistantbasisalong
theline thatconnectghe sourceandthe destinationThe
optimality of this simple strat@y may not be intuitively
obvious, but this is true becauseéhe underlyinglink cost
function is corvex. Now, it remainsto nd the optimal
intenal. SupposeADV is anintenal, andCost is the
correspondingdink cost. Thenwe wantto minimize:

Total Cost (Link Cost) (Hop Count)
Cost E
ADV
Cost
DIST 3
S ADV 3

The lastline comesfrom the assumptiorof large DIST,
which makesthe roundingerror negligible. FromEq. (3)
we can nd the minimum costpathby iteratively select-
ing nodeswith minimum %B%t. Equivalently the node

maximizingNADV élg—vtapproachemeoptimalpoint
as nodedensitybecome%igher
We proposeto use NADV as link metric in geo-
graphicrouting, suchthata nodeforwardspacletsto the
neighbomwith largestNADV. Besidesobvioussimplicity,
NADV hasthe following desirableproperties:
The path found by using NADV approacheghe
optimal path in densenetworks. The experiment
resultsin SectionV show that the use of NADV
signi cantly improves path quality in sparseervi-
ronmentsas well.
It is generabndaccommodategarioustypesof cost
metrics, so that applicationscan utilize the NADV

PER<20%)
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(a) lllustration of gray zone (b) NADV contourmap

Fig. 2. lllustration of gray zoneand correspondingontourmap of
NADV. (a) Two inner circlesrepresenthe borderlines for 1% and
20% paclet error rates(PERs)for a 1024-byteframe, respectiely.
(b) The correspondingontourmap of NADV whenthe paclet error
probability determinesink cost.The currentnodeis at (0,0), andthe
destinationis 900 metersaway on the X-axis. Valueswithin the plot
denotethe NADVs of correspondindines.

framework for different objectves. We further de-
scribethis featurein Sectionlll.
Loop freedomis guaranteedislong aswe selecta
nodewith positve NADV [15].

UsingNADV, we canselectneighbordhatbalancehe
adwanceagainstthelink cost.Dependingonthelink cost
values,NADV can selecta neighborwith strictly less
advance(e.g.,node over in Figurel). We further
illustrate this featurein Figure 2. Figure 2-(a) shavs
the degree of paclet errorsto simulatea gray zone .
In Figure 2-(b), we presentthe correspondingcontour
map of NADV when link costis a function of paclet
error probability We canobsene that comparedo their
ADV values,pointswithin the gray zonehave relatively
low NADV values.As aresult,by usingNADV, we can
easily avoid neighborsin the gray zone.

Although the conceptof NADV is simple, the im-
plementationfor practical use involves a number of
challenges.Link cost estimationis one of the most
critical elements,and in the next section,we describe
a setof methodsto infer varioustypesof link costsand
shonv how the NADV framework utilizes them.

I11. LINK COST TYPES AND ESTIMATION

For effective link costinference,we proposea new
sublayernamedAdaptationSublayer(ASL) located on

The bit error function usedhereincreasesapidly after a certain
distanceA detaileddescriptionontheerrormodelis in SectionlV-A.
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Fig. 3. AdaptationSublayer(ASL) abstractsthe performanceof
wirelesslink into numeric valuesand provides simple systemcalls
for upperlayer protocolsto retrieve speci ¢ performancevalues.For
link costestimation,ASL exploits MAC layer speci ¢ information.
If available, ASL canleverageprobemessageaswell.

top of the MAC layer (SeeFigure 3). The ASL closely
coordinateswith the MAC layer for efcient link cost
estimationlt alsoprovidessimplesystemcallsfor upper
layer protocolsto retrieve the inferred performanceval-
ues.Whenadditionalcontrolmessageareavailable[13],
[14], [18], ASL extractsrelevant link cost information
from them. Otherwise,ASL exploits MAC-speci ¢ in-
formationto infer the communicationperformanceFor
example, the ASL retrieves the current transmission
power from the MAC layer andcalculatesoverall power
consumptiomeededor a paclet transmissionWe note
that this sublayerapproachand the estimationschemes
belonv canbe usedin any cost-avarewirelessrouting.

To illustratehow to usethe NADV framevork to meet
different performanceobjectives, we discussthree spe-
ci ¢ typesof link cost:paclket errorrate,link delay and
enegy consumptionWe alsodescribehow ASL is used
to estimatdink costsin diverseoperatingernvironments.
This paperfocuseson the independentise of eachlink
cost, and the issueof interdependencamongmultiple
costcriteriais discussedn SectionVII.

A. Pacdket Error Rate(PER)

Most recentattentionhasbeenon how to nd a high
performancepath consideringwirelesslink errors[19],
[13]. In this scenariowe usethe following aslink cost:

PER. It denoteghe expectedtransmis-
sion count (ETX) in [13] 2. We usethe following link
metric, which is the expectedadvanceper transmission:

ADV

NADV ADV PER

(4)

2The estimationtechniquesdescribedhere can easily incorporate
ACK frame loss probability asin [13], but herewe have simpli ed
the descriptionfor brevity.

ExperimentNumber
El E2 E3 E4 E5
0.016 0.055 0.008 0.102 0.516
0.129 0.488 0.020 0.508 0.910
0.155 0.452 0.080 0.682 0.999

TABLE |
OBSERVED AND ESTIMATED PERS FOR FIVE EXPERIMENTS WITH
VARYING DISTANCE.

Obsered (16-byte)
Obsenred (1024-byte)
Estimated(1024-byte)

We next presentfour PER estimation methods for
NADV , eachof which requiresa different degree
of control overheadand messagdormat modi cation.

Using Probe Messaesfor PER Estimation

If a nodeis alreadyusing probemessage$§l3], [14],
the ASL canextractthelink errorprobability from them.
However, sincesuchprobemessagesare usually shorter
than datapaclets, a node may experiencehigher PERs
for actualpaclets[13], and we adjustPER as follows.
Assumingindependenbit errors,if we use -bit probe
messageswe infer bit error rate  using: PER

, Or equivalently PER
Then,for a -bit dataframewe canuse:PER
PER . More adwancedbit error modelsalso
canbe employedfor moreaccuratePER estimation20].

To seewhetherthis simplistic extrapolationwill work
in practice,we performedthe following experiments.
A designatedsenderalternatelybroadcastd 6-byte and
1024-byteUDP pacletsevery 0.5 secondgor 256 sec-
onds, and a recever recordsthe receved paclet size
and sequencenumber Then, the goal is to estimatethe
PER of 1024-bytepacletsusingthe statisticsof 16-byte
paclets. We use two IBM Thinkpad laptops and two
IEEE 802.11bORiINOCO cards communicatingin ad-
hoc mode.To obtaindifferentPER values,we have var-
ied the distancebetweenthe two laptops.We performed
the experimentsin an empty parking lot to reducethe
effect of multipath fading and other transmissionsin
Tablel, we reportrepresentatie resultsfor the obsened
andestimatedPERsof 1024-bytepaclets®. We obsere
that the estimatedPERs for 1024-byte paclets (third
row) arereasonablycloseto the obsenedvalues(second
row). Althoughthis experimentis notcomprehensie,the
resultsuggestshis techniques promisingfor estimating
PERsof longerdatapaclets.

Using Signal-to-NoiseRatio for PER Estimation

We canalso estimate  using Signal-to-NoiseRatio
(SNR)andtheoreticalerrormodelsfor differentmodula-
tion scheme$21]. Assumingan AWGN (Additive White

SCalculationincludesextra 88 bytesof headersn lower layers.



GaussiarNoise) channel,in the caseof BPSK (Binary
PhaseShift Keying), the bit error rateis given by:

erfc — (5)
where is the recevved power, the channelband-
width, thenoisepower, thetransmissiorbit rate,and

erfc the complementaryerror function. Most wireless
cardstypically measureSNR = — (dB) for each
receved paclet, andusingsuchSNR valuesandEq. (5),
a nodecan calculate for its neighbors.Then, dueto
possibly asymmetriclink quality, it should inform its
neighborof respectie SNRvalues.This canbe doneei-
thervia additionalcontrolmessagesr by modifying the
beaconmessagdormatto includethe information. This
schemeis useful primarily in free-spacesrvironments,
but not applicablefor indoorervironments wheresignal
path characteristicsire more complex *.

NeighborhoodMVonitoring for PER Estimation

A nodecanalso use passie monitoring to infer link
PERsasin [22]. For example,in IEEE 802.11networks,
node can monitor framessentby neighbors.In that
caseusingthe MAC sequenceumber cancounthow
mary framesfrom neighbor it hasmissed,andinfer
the PERof link . Again, sincethe quality of two
directionallinks may differ, needsto inform  of the
PER estimationasin the previous scheme.

SelfMonitoring for PER Estimation

The previousmethodgequireeitheradditionalcontrol
messagesr the modi cation of beacormessagdormat.
When theseare not possible,we suggestthe following
technigue.Wheneer a node transmitsa dataframe to
neighbor , the MAC-layer informs the ASL whether
the transmissiorwas successfubr not. Let usde ne an
indicator variable ; when a frame exchange
failed, and otherwise.Then, ASL infersthe PER
of wirelesslink to neighbor asfollows:

PER PER

(6)
where denoteghe weightparameterin the simulation
studyin SectionV, we use , andthedefault PER
valueis setto 0. Note that even whenan ACK
frame failure occursin IEEE 802.11networks [13].

“We also measuredSNR valuesin the previous experiments but
werenot ableto obtainmeaningfulresultsbecause¢he rmw areand
driver returnvaluesthat are too coarse-graineddecibel (dB) values
with integer precision).

To trackthelink quality changeevenwhenno paclets
areforwardedto , we useanaging schemeandperiod-
ically reducePERsof unusedinks. Whenthis reduction
malkesthe estimatedPER becomelower than the actual
one, paclkets may be forwardedto , but the estimated
PERwill increaseafter transmissiorfailures. The mag-
nitude and frequeng of reductionshouldbalancesuch
overheadand prompt adjustmentln the simulation,we
multiply PERsof unusedinks by 0.9 every 30 seconds.

B. Delay

If link delay is usedaslink costto reducethe
path end-to-enddelay we canuse NADV ADV,
We canthink of two typesof link delay First, dueto the
broadcasmhatureof wirelessmedium, it is desirableto
minimize the mediumtime, the time spentin sendinga
paclet over thelink [23]. Whenthe underlyingphysical
mediumsupportsmulti-ratetransmissionge.g.,the IEEE
802.11standard)it is a function of the currenttransmis-
sionrate. The ASL caneasily retrieve the currentvalue
of transmissiorrate from the MAC layer and calculate
the necessarynediumtime to the neighbor

The otheris total delay, which denoteghe time from
the paclet insertion into the interface queueuntil the
noti cation of successfultransmission.lt includesthe
gueueingdelay bacloff timeout, contentionperiod,and
retransmissionglue to errors or collisions. Using this
valueaslink costcanpotentiallyenablepacletsto detour
congestedareas.The designof a routing schemewith
such detouringcapability is a part of our future work,
andwe usethe mediumtime as in this paper

C. Power Consumption

Many wireless systemshave a control mechanism
for transmissionpower adjustmentto save battery and
reduceinterferencd18], [21]. We assumeéhatusingsuch
a mechanismnodesknow the appropriatetransmission

power level () to eachneighbor Then,the ASL can
retrieve the value and calculatethe actual system
power consumption consideringadditionalcom-

ponentsof power consumption[24]. If is used
as link cost, a |%eographicrouting protocol can use
NADV AV 44 nd apaththatminimizespower
consumptiorto deliver pacletsto a destination.

Sofar, we have listedinterestingcosttypesandshovn
how the NADV framework can incorporatethem. The
NADV framework still caninclude other typesof link
cost as well (for example, reluctancemetric in [25]).
However, in this paperwe limit our attentionto the cost
types discussedabove and report simulation resultsin
the following sections.



IV. SIMULATION MODEL

We usens-2simulationsto evaluatethe systemperfor
mancewhenwe employ the proposedNADV metricand
link costestimationschemesin this section,we describe
various aspectsof simulationin detail. We presentthe
simulationresultsin SectionV.

We place nodesuniformly at randomon a 1000m
by 1000m square.Unless otherwise stated, 100 static
nodesare usedin the simulation. We usually use only
one source-destinatiorpair to capture the individual
performanceffectsaccuratelyln this scenariodenoting
the lower left cornerof the squareas (0, 0), the static
sourceis locatedat (50, 500). The destinationis placed
at (50+ , 500), where is the distancebetweenthe
sourceandthe destination.The sourcegeneratess CBR
(ConstantBit Rate) o w, which sendsa 1024-byteUDP
paclet every two secondsfrom 10 secondsto 1000
secondf simulationtime. The maximumtransmission
range is 250 meters.

For geographicrouting, we use the simulation code
for GPSR®. We have slightly modi ed the next hop se-
lectionalgorithmto includeNADV. Thesimulationcode
for GPSRprovides an option aboutwhetherto exploit
transmissiorfailure noti cation from the MAC layer[2].
If a node exploits the option, then upon receving a
noti cation, it selectsthe next best neighborfor retry
until the forwarding is successfulThis option leadsto
higher delivery ratio with higherresourceconsumption.
Whennot usingthe noti cation, a nodedoesnot attempt
to retransmitto other neighborsWe explore both cases
in the simulation.The beaconingperiodin GPSRis set
to 1.5 secondsWe usethe IEEE 802.11bstandardfor
the underlyingMAC layer protocol[26]. We assuméhe
location of the destinationis known to the source.

In the following subsectionsye describemodelsof
individual simulationcomponentsn more detalil.

A. Error Model

To simulate a noisy channel, we assumethat the
physical layer usesthe BPSK modulation. Assuming
independenbit errors,we simulatepacket errorsusing
Eq. (5) asbit errormodel.In thedefault ns-2propagation
model, the signal strengthis reducedproportionally to

if the distance is smallerthan a certainthreshold.
Otherwise,the path loss is proportionalto . In this
experimentscenariothe transmit signal power is x ed
at 20 mW (or 13dBm) supportedin Cisco Aironet 350
interfacecards[27]. Thentherecevedsignalstrengthfor
a node 250 metersaway is -85dBm. The noise channel

SAvailable at http://www-2.cs.cmu.edu/"bkarp/gpsr/gpsml

Intenval  Time (' s) Frame Length (bytes)
192 20
SIFS 10 14
DIFS 50 14
TABLE I

CONSTANTS USED TO CALCULATE MEDIUM TIME IN EQ. (7).

bandwidthin Eq. (5) is setto 2MHz. We report the
resultsin ambientnoise ervironments,wherethe noise
valueis identical everywhere. Thereforethe quality of a
link dependsnly on the distancebetweentwo nodes®.

B. TransmissiorRate Adaptationand Link Delay

Most IEEE 802.11bwirelesscardsdynamicallyadjust
the data transmissionrate using Automatic Rate
Fallback (ARF) [28]. In ARF, accordingto MAC trans-
mission failures or successeseach node adjusts
to 1, 2, 5.5, or 11 Mbps. For control framessuch as
RTSandCTS,nodesuseanothertransmissionate ,
which is x ed at 1 Mbps in the simulation study We
incorporateARF algorithmto the MAC simulationcode.

We assumethe underlying MAC usesDCF and per
forms an RTS/CTSexchangefor eachpaclet [26]. Each
MAC frameis pre xedby 192bits of PHY preambleand
headerandframesareseparatety SIFSor DIFS. Then
usingthe constantsn Tablell, we calculatethe medium
time for an exchangesequenceof a -byte data
frame asfollows:

SIFS DIFS @)

C. Power ConsumptiorModel

As discussedbove, the strengthof transmittedsignal
decreasem proportionto , where is distanceand
is the path loss exponent(usually ). Suppose
a receiver network interface requiresa receved signal
strengthof at least for successfulreception.To
simplify the descriptionwe assumehatthe transmission
power shouldbe at least for successfuteception
at a recevver whosedistanceis . Modeling after most
wirelesssystemsand products[21], [27], we assumén
this paperthat the transmissionpower is restrictedto
oneof levelsin the set . In this
scenariojt is bestfor a nodeto usethe smallestpower
level no lessthan

)

5Note that is a convex function of distancein this model.



Noise power (- 1.0e-12W)
1.0 1.2 14
(-91.0) (-90.0) (-89.2) (-88.5)
6.0e-8 1l.1le-6 7.8e-6 3.2e-5
44e-6 35e-5 14e-4 3.9e-4

TABLE Il
BIT ERROR RATE VALUES WITH DIFFERENT LEVELS OF NOISE.

1.6
(-88.0)
9.1e-5
8.3e-4

0.8
(dBm)
BER at 220m ‘

BER at 240m

Simplifying the ns-2 propagationmodel, we X
in the power consumptionexperiments.Also, we focus
on therelative magnitudeof power consumptioranduse
, Where is the maximumtransmission

range.Basedon the speci cation of the Cisco Aironet
350card[27], we usethe following set = 0.01,0.05,
0.2,0.3,0,5,1.0 ..

We also simplify a widely usedpower consumption
model [17], [12], [24] and assumethat each paclet
forwarding consumeshe following amountof enegy ’:

(9)

where is a proportionalityconstantio the transmission
power componentNotethat degenerates to
the hop countmetric. is a hardware-speci cconstant,
which we assumeASL canretrieve. Actual valuesof
differentinterfacesrangebetweern).17and1.30,andwe
use in the simulation[24].

In someof our simulations,we compareNADV
against SP-Paver [12]. Given a power consumption
equation,the authorsof [12] derive a formula for link
metric and prove that the node selectionbasedon the
metric is optimal in an ideal setting.If SP-Paver uses
Eq. (9) as power consumptionequation, the current
node selectsthe neighborthat minimizesthe following
formula:

= — (10

where denoteghe distancebetweenthe neighborand
the destination.

V. SIMULATION RESULTS

In this sectionwe presentthe results of simulation
experimentsWe rst discussthe effect of wirelesslink
errors. Then we considerthe caseswhen delay and
power consumptiorareusedaslink costsin turn. Finally
we comparegeographicrouting using NADV against
idealizedrouting.

"Enegy consumptiorof idle network interfacesis an independent
issue,which we do not considerin this paper
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Fig. 4. Paclet delivery ratios when noise levels change.Values

in parenthesesn the X-axis are noise powversin dBm. Each point
is an averageof tenresults,and error barsdenotethe corresponding
standardieviations.The useof ADV mayleadto abruptperformance
degradation put with NADV, the delivery ratiosare maintainechigh.

A. Experimentdn LossyErnvironments

In this subsectionve presentthe resultswhen nodes
experienceframe lossesdue to wirelesslink errors.We
x the datatransmissiorrate at 1 Mbps in this set of
experiments®. We use the error model describedin
SectionlV-A. In Tablelll we illustrate the usednoise
valuesandcorrespondingpit errorrates(BERS)®. There
is only one source-destinatiorpair, and the distance
betweenthemis 900 meters.

We considertwo PER estimation methodsin the
simulation:the methodusing SNR values,and the self-
monitoring scheme When combinedwith NADV, they
are called NADV-SNR and NADV-Self respectiely. In
the caseof NADV-SNR, we modify the periodicbeacon
format to include reverse link information, and the
messagelength slightly increasesaccordingly in this
scenario.Note that neither schemeusesextra control
messagesAlso, storageoverheadfor the link cost esti-
mationis nggligible sinceeachnodein GPSRmaintains
neighborinformation.We rst presentresultswith static
nodes.The experimentresults with mobile nodesare
presentedaterin this subsection.

Experimentswith Static Nodes

We rst comparepaclket delivery ratios whenwe do
not employ MAC-level failure noti cation. In Figure 4,

8n this experiment, ARF would adjustthe transmissiorrateto 1
Mbps for mostlinks. However, ARF occasionallyattemptsa higher
datarate [28], which would leadto more paclet errors.

®Noisevaluesfrom morethan20000measurements our building
rangefrom -91dBm to -73dBm, with the medianat -89dBm. The
noisevalue usedin Figure 2 is -89.2dBm.



we plot thedelivery ratiosachievedby ADV andNADV,

respectiely, when we vary the noise power values.
We use an average of ten runs, each with different
node placement,and the error bars in the gure are
the standarddeviations. When wirelesslink errors are
rare (noise=-91dBm),the use of ADV in geographic
routing leadsto relatively good performance However,

asthe channelcondition degradesthe performancegap
betweenNADV and ADV grows larger. For example,
when ADV is usedwith noise power=-89.2dBm less
than 50% of paclets canreachthe destinationon aver

age.However, when NADV is used,the delivery ratio

is maintainedhigh ( 97% on averagefor both NADV

schemes)Since NADV-SNR explicitly utilizes the link

characteristicvalue, it leadsto pathsof higherquality
links, and the delivery ratios are slightly higher than
thoseof NADV-Self.

The performancegap betweenNADV and ADV is
explainedasfollows. The neighborwith maximumADV
is relatively far from the currentnode, and the corre-
spondinglink may experiencea higher PER. However,
when using ADV, the current node blindly usesthe
neighborwith maximumADYV andsuffersfrom the poor
quality link. In contrast,when using NADV, the link
estimationschemesnd out thatthe link quality is poor
and accordinglyreducethe NADV value for the neigh-
bor. Then,the nodechoosesa differentneighborwith a
largerNADV value,andtheoverall network performance
improves. We can also obsene the high variance of
delivery ratioswhen ADV is used.For example,when
noise power=-89.2dBm,the delivery ratios of ten runs
rangebetween21.0%and 97.2%for ADV. The reason
is that, in some fortunate cases,all forwarding nodes
selectecby ADV canpossiblybe outsideof gray zones,
and the forwarding doesnot experiencehigh PERs.In
contrastNADV selectghe neighborwith the besttrade-
off andconsequentleadsto stableperformancg 92%
in the worsecase).

In Figure 5 we plot the averagepathlengthsfor each
scheme.To investigatethe adaptvenesswe start with
a high noise value, changeto a low noise value after
300 secondsandchangeagainto a mediumnoisevalue
after700secondsThelengthof the pathchoserby ADV
is always shortest,but the paclet delivery performance
is much worse than that of NADV. In the high noise
scenario,althoughADV doesnot adaptto the environ-
ment, beaconsfrom far neighborsare frequently lost,
andthe pathlengthincreasesln the caseof NADV, the
PER estimationschemeslynamicallyassignappropriate
link costs.As a result, NADV usesdifferent neighbors
accordingto the currentervironment,andthe pathlength
changeis more noticeable.NADV-SNR exhibits more
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Fig. 5. The averagepath lengthsof NADV and ADV. The noise

value changedrom high (-88.0dBm)to low (-90.0dBm),and nally
to medium(-88.5dBm).Numbersnext to the lines are corresponding
delivery ratiosin eachphase PER estimationschemegnableNADV
to chooseappropriateneighborsand maintainhigh delivery ratios.
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Fig. 6. The numberof MAC-level datatransmissionger delivered
paclet with differentdegreesof paclet errors. is usedaslink
cost. Due to multiple retransmissionsADV causesa higher number
of total transmissionghan NADV. As marked in the bottom, the
averagepathlengthfound by ADV whennoise=-91dBnis 4.8 hops.

accurateestimationand fastercorvergence . NADV-Self
occasionallyemplgys slightly longer pathsthan NADV-
SNR, but it is alsoableto adaptto ervironmentchange.
In Figure 6, we reportthe numberof MAC-level data
transmissiongincluding retransmissionsper delivered
pacletfor both ADV andNADV. GPSRemplo/s MAC-
level failurenoti cation in this setof experimentsandall
resultsare basedon 100% paclet delivery. We can see
that NADV intelligently avoids nodeswith high PER,
and the number of data transmissionsis accordingly
muchsmaller Eachtransmissiorrequiresnetwork band-
width as well as node resources(e.g. battery power),
and NADV usessystemresourcesmore ef ciently. In
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Fig. 7. Averageend-to-endateny whennodesare mobile.

is usedaslink cost.We changedhe pausetime for differentdegrees
of mobility. NADV and the proposedcost estimationschemesare
effective even with nodemobility.

contrast,the use of ADV leadsto the waste of sys-
tem resourcesdue to repeatedretransmissiongup to
130% more transmissionshan NADV). Also, the ADV
performancedegradesrapidly as bit error ratesbecome
higher In contrastby leveragingPERestimationNADV
enableggracefulperformancedegradation.

Repeatedetransmissionalso affect the paclet delay
Although not displayedhere,the end-to-endatenciesof
ADV alsoshav anincreasingtrend similar to Figure 6.
Speci cally, as the noise value changesfrom -91dBm
to -88dBm, the averagelateng of ADV increasedrom
52.3msto 201.6ms.NADV againexhibits gracefulper
formancedegradation(increasefrom 52.0msto 67.7ms
for NADV-Self, andfrom 51.6msto 60.2msfor NADV-
SNR).

Experimentsvith Mobile Nodes

In the previous results,we have shavn that our pro-
posedtechniquesfor PER estimationperform well in
staticnetworks. We now investigatehow well they adapt
to network topologychangesln this scenariothe source
anddestinationpairs do not move, but the remaining98
nodesmove accordingto the randomwaypoint model.
The speedis randomly chosenbetweenl and 10 m/s,
andwe vary the pausetime for differentdegreesof node
mobility. We usethe MAC-level failure noti cation and
x the ambientnoisepower at -89.2dBm,which is close
to the medianof noisemeasurements our building.

In Figure 7, we presenthe end-to-endateng results
with varying mobility. We obsene that averagelatencies
increaseas node mobility becomeshigher This is be-

causefrequentlink failurescausemore retransmissions.

Comparedo ADV, both NADV schemeschiere lower

Distance 500m 600m 700m 800m 900m

ADV 229 265 317 362 429
NADV 145 173 200 227 26.2
TABLE IV

AVERAGE END-TO-END LATENCY (IN MS) WITH DIFFERENT
SOURCE-DESTINATION DISTANCES.

averagelateng. With NADV-SNR, PER estimationis
more accurate,and the increasein end-to-endlatengy
is minimal even with the highestmobility (50% better
comparedto ADV). When NADV-Self is usedin high
mobility scenarios,most neighboringnodes move out
of rangebeforethe estimatedvaluescan corverge. As
a result, the performancegain is smaller than in low
mobility casesStill, its averagelateng is 15% shorter
thanthat of ADV whennodesmove constantly

To summarizeNADV providesan ef cient andadap-
tive geographicrouting stratey, and the proposedlink
estimationschemesre effective even with node mobil-
ity. As the network ervironment becomesharshey the
performanceof NADV degradesgracefully In the next
subsectionwe discusgheresultswhenlink delayis used
aslink cost.

B. Using Delay as Link Cost

In this subsectionwe uselink delayaslink costand
assumeNADV  NADV in this scenarioWe usethe
sameerrormodelin the previous subsectionandARF is
usedfor rateadjustmentin this experimentwe usealow
noisevalueof -91.0dBmin this setof simulations.Note
thatthis scenariais in favor of ADV becausewith high
noise,ADV suffersfrom increasednd-to-endateny as
previously discussedThe MAC-level failure noti cation
is exploited,andthedelivery ratiosare100%in all cases.
Eachvaluein this experimentis an averageof ten runs.

In TablelV, we reportthe averageend-to-endateng
of eachschemewhenwe vary the distancebetweenthe
sourceand the destination.As the distanceincreases,
paclets go through more relay nodes,and the lateny
increasesccordingly NADV signi cantly decreasethe
end-to-endateny (by up to 35%). It is becausevhen
we use ADV, we arelikely to choosefar neighborsto
minimize the distanceto the destination.However, the
transmissiomatesto suchnodesareusuallyl1 or 2 Mbps,
which causeghe transmissiorto take longer With the
useof NADV, the currentnode may choosea neighbor
that is not the closestto the destination,but the corre-
spondinglink is good enoughfor a highertransmission
rate suchas 11 Mbps. This stratgy eventuallyleadsto
shortertransmissiortime.
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areused.WhenNADYV is used,the network cansupportmore
0 ws without signi cant increasein the lateng.

When using NADV , the current node usually
selectsneighborsclose to itself, which leadsto more
relay nodes(e.g., 55% increasewhen the distanceis
900m). Since this increaseis basedonly on the local
decisionto minimize mediumtime, it may degradethe
overall performance,especially when multiple trafc
ows exist. To investigatethis potential problem, we
perform experimentsusing differentnumbersof source-
destinationpairs selecteduniformly at random.

In Figure 8, we plot the averageend-to-endlateng
whenwe changehe numberof o wsin the network. We
canobsene that with more o ws in the network, ADV
increaseshe averagelateng noticeably This is because
ADV holdsthemediumlongerthannecessaryfeadingto
a higherlevel of network contention.In contrastNADV
maintainsthe aggre@atemediumtime low enough,such
that the network can supportmore o ws without sig-
ni cant increasdn the lateng. Consequentlycompared
to ADV, NADV improvesthe latengy performanceaven
morewith highernetwork trafc. Speci cally, in thecase
of 10 ows, NADV decreaseshe averagelateny by
30%, but with 50 o ws the improvementis 48%. In the
caseof 50 ows, only 2 o ws experienceslight increase
( 2ms)in the end-to-enddelay This experimentresult
shavs that the use of NADV does not negatively
affect the performanceof othertrafc.

C. Using Power Consumptioras Link Cost

We compareNADV ~ NADV againsthe metric
proposedin SP-Rwer scheme[12]. When the power
consumptionequationis , NADV
needgo know the currenttransmissiompower , which
we assumeis available through a control mechanism.
We also assumeSP-Paver knows the exact value of
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Fig. 9. Averagepower consumptionwith different schemes.n

densenetworks, asmoreneighborsare available, powver consumption
decreasesThe power consumptiorvaluesby NADV and SP-Paver

are similar, which are closeto the optimal value.

path loss exponent.In practice,however, the path loss
exponentestimationis not trivial, and dependingon the
measuremenparametersthe estimatedvaluescan vary
signi cantly [21], [29]. We assumethat both schemes
know the proportionalityvalue , which is a hardware-
speci ¢ constantIn the following setof simulationsthe
distancebetweensourceand destinationis 900m, and
thereareno paclet errors.We vary the nodedensityand
use averagevaluesof 20 runs for eachcase.We also
includepathsfoundby the optimal centralizedalgorithm.
In Figure 9, we plot the averagepower consumption
of eachschemaewith differentnodedensity The amount
of power consumptionin each schemedecreasesas
node density increases.This is becausewith higher
nodedensity more neighborsbecomeavailable,and all
schemedik ely choosebetternext hops.We alsoobsene
that comparedo ADV, both NADV and SP-Paver nd
pathsthatreduceoverall power consumption'®. The per
formancef NADV and SP-Paver arealmostidentical;
NADV performsslightly better (NADV and SP-Paever
nd the samepathin 15 casesout of 20 in the 400-
nodescenarios.Even thoughwe do not reportdetailed
results in this paper NADV and SP-Paever also
shav very similar performancein other environments
(e.g., distance,continuouspower adjustment,different
pathloss exponentsand proportionality constants ).
When the goal of geographicrouting is to minimize
the path power consumptionwe argue that NADV
is the metric of choice. NADV and SP-Paver are

n Figure 9, the performancedifference betweenthe optimal
caseand ADV is not large. It is becausethe constantterm in
Eq. (9) constitutesa signi cant power consumptiorregardlesof the
transmissiorpawer, asis the casewith mostexisting products[24].



ADV Non-adaptie NADV NADV | IDEAL
(AODV) one-hop two-hop
Initial 14.43 11.14 11.28 10.82 10.32
Changed| 18.51 14.30 13.50 12.52 11.62
TABLE V

THE AVERAGE COSTS OF PATHS FOUND BY RESPECTIVE ROUTING
SCHEMES WHEN LINK COSTS CHANGE.

basedon a similar rationale for next hop selection
and exhibit almostidentical performance However, as
mentionedabove, SP-Paver needsto estimatethe path
loss exponent, which can be dif cult in practice. In
contrast NADV only requires , which nodescan
easily determinewith the support of existing control
mechanismg$18], [21].

D. Experimentsvith GenericCost

In this section,we considera genericcost metric to
seewhetherthe useof NADV canbe extendedfor other
typesof link cost.We usethe following link cost:

(11)

where is a uniformly distributed random number
is the distancebetweentwo nodes,and is the
maximumtransmissiorrange.Accordingto recentmea-
surementq30], the quality of two links with identical
distancecandiffer widely, andthe abose metric attempts
to capturethat effect. In this subsectionywe assumehe
availability of accurateand up-to-datelink costs.

We usethe following experimentscenarioThe source
andthe destinationare 900 metersapart,andthe source
starts to send data paclets after 10 seconds.At 30
secondswe assumethat the ervironmentof somepart
of the network changes(e.g. due to newv obstacles,
increasednterference)and we randomlyselect50% of
links and increasetheir link costsby 50%. For NADV,
we additionally considera geographicrouting scheme
that usestwo-hop neighborhoodinformation [10]. To
compare NADV againstAODV [31], we modify the
AODV simulationcodeto nd pathsthat minimize the
sumof link costsalongthe paths,not hop count.

In Table V, we report averagepath quality of each
schemebeforeandafterthelink costchange Eachvalue
in the table is an averageof ten experiments.We can
seethatusingNADV, geographiaouting (both one-hop
and two-hop) can nd pathscomparableo the optimal
paths.Not surprisingly utilizing two-hop neighborhood
information leadsto higherquality pathsthan the one-
hop case The performancef initial pathsby AODV lies
betweenthoseby one-hopNADV and two-hop NADV.
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However, even after somelink costvaluesincreaseafter
30 secondsAODV keepsusingthe initial path,andthe
path performancedegradesaccordingly In contrastthe
use of NADV enableslocalized geographicrouting to
detectthe changeand determinebetternext hops,which
resultsin betterpaths.

In summary geographiaoutingwith NADV can nd
pathswhosecostsare comparableo the optimum. It is
alsoableto adaptto network ervironmentchangesdue
to the localizednext hop decision.

V1. RELATED WORK

Many ideasand techniqueshave beenproposedfor
enegy-efcient routing in multihop wirelessnetworks.
Rodoplu et al. [17] presenta localized algorithm that
preseres network connectity and achieses the glob-
ally minimum-enegy topology In PARO [32], a node
becomesrelaynodeif it nds thattherelayingleadsto
lower enegy consumptionGiventrafc o ws andnode
enegy levels, Changet al. [33] nd a setof routesthat
maximize the systemlifetime. More recently wireless
link errorshasdravn much attentionin multihop wire-
lessnetworks[16], [30]. Banerjeeet al. [19] proposehe
useof a link metric basedon link error probability De
Couto et al. usea similar metric called ETX (Expected
TransmissiorCount)in realtestbedexperimentsandthe
resultshavs that pathswith smallerETX performbetter
than shortestpaths[13].

Takagiet al. usea metric calledprogress which is the
length of projectionalongthe straightline betweenthe
sourceand the destination[34]. Compassrouting [35]
usesthe anglevalue as link metric in geographicrout-
ing. Stojmeneic et al. [12] proposea routing metric
for power-ef cient routing, as discussedn SectionV.
Insteadof a straightline, Niculescuet al. [4] propose
a forwarding strateyy basedon a pre-de ned curve. To
route paclets aroundvoids, Face Routing[1] usesthe
right-handrule in Gabrielgraph.GPSRemploys a simi-
lar schemecalledperimetermode[2]. Terminoderouting
uses Anchored GeodesicPadket Forwarding (AGPF)
similar to loose sourcerouting [9]. Kuhn et al. present
GOAFR+, whichis ef cient on averagecasesandworst-
caseoptimal[3]. Althoughtheirwork considersink cost,
they still choosehe neighborclosesto thedestinatiorin
greedymode.Also relatedis geocastingwhichis similar
to multicast, but delivers datapaclets to nodeslocated
inside a certain region [8]. Geographicrouting may
exploit location servicesystems[7] and location com-
putationsystems[6]. More information about position-
basedrouting canfoundin [5].



VIlI. CONCLUSIONS

We have introduced NADV as link metric for ge-
ographicrouting in multihop wireless networks. Geo-
graphicroutingwith NADV providesanadaptve routing
stratgy, which is generaland can be usedfor various
link costtypes.We have presentedechniquesfor link
costestimation.In the simulationexperimentsthe com-
bination of NADV and cost estimationtechniquesout-
performsthe currentgeographiaouting schemeNADV
also nds pathswhosecostis closeto the optimum.

In this paper we have investigatedeach link cost
type independently However, if we consider multiple
interdependentosts simultaneouslychoosingthe next
hop basedon one costtype may not be alwaysthe best
choice for other costs. Our future work is to design
a link cost model that balancesmultiple cost criteria,
whichwould allow the NADV frameawork to leveragethe
combinedink costto nd alow costpath.We alsowant
to implementthe NADV framework on realtestbedsaind
evaluatethe performanceén practicewhenit is combined
with differentlink costtypesand estimationschemes.
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