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Abstract

Advancesin micro-sensorand radio technologywill enablesmall but smart sensorsto be deplojed for a
wide rangeof ervironmentalmonitoring applications.The low pernodecostwill allow thesewirelessnetworks
of sensorsand actuatorsto be denselydistributed. The nodesin thesedensenetworks will coordinateto perform
the distributed sensingand actuationtasks.Moreover, as describedin this paper the nodescan also coordinate
to exploit the redundang provided by high density so asto extend overall systemlifetime. The large numberof
nodesdeployedin thesesystemswill precludemanualcon guration, andthe ervironmentaldynamicswill preclude
design-timepre-con guration. Therefore,nodeswill have to self-con gure to establisha topology that provides
communicatiorunderstringentenegy constraints.

ASCENT builds on the notion that as densityincreasespnly a subsetof the nodesare necessaryo establish
a routing forwarding backboneIn ASCENT, eachnode assessegts connectvity and adaptsits participationin
the multi-hop network topology basedon the measuredperatingregion. This papermotivatesand describeshe
ASCENT algorithm and presentsanalysis,simulation and experimentalmeasurementdie showv that the system
achieveslinear increasein enegy savings as a function of the densityand the corvergencetime requiredin case
of nodefailureswhile still providing adequateconnectvity.

. INTRODUCTION

The availability of micro-sensor&nd low-power wirelesscommunicationwill enablethe deployment
of denselydistributedsensor/actuataretworks for a wide rangeof ervironmentalmonitoringapplications
from urbanto wildernesservironments;indoorsand outdoors;and encompassing variety of datatypes
including acoustic,image,and variouschemicaland physical properties.The sensomodeswill perform
signi cant signal processingcomputationand network self-con gurationto achieve scalable robustand
long-lived networks [2], [11], [10]. More speci cally, sensornodeswill do local processingto reduce
communicationsand consequentlyenepgy costs.

Theserequirementgoseinterestingchallengedor networking researchOne of the challengesarises
from the greatly increasedevel of dynamics The large numberof nodeswill introduceincreasedevels
of systemdynamics which in combinationwith the high level of ervironmentaldynamicswill make
designingreliable systemsa dauntingtask. Perhapshe mostimportanttechnicalchallengearisesfrom
the enegy constaints imposedby unattendedsystems Thesesystemsmust be long-lived and operate
without manualintervention, which implies that the systemitself must execute the measuremenand
adaptve con guration in an enegy constrainedashion.Finally, there are scaling challengesassociated
with the large numbersof nodesthat will co-exist in suchnetworks to achieve desiredspatial coverage
androbustness.

In this paper we describeand presentsimulation and experimentalperformancestudiesfor a form
of adaptve self-con gurationdesignedfor sensometworks. As we arguein Sectionll, suchunattended
systemswill needto self-con gure and adaptto a wide variety of ervironmentaldynamicsand terrain
conditions.Theseconditionsproduceregions with non-uniformcommunicationdensity We suggesthat
one of the ways systemdesignerscan addresssuch challengingoperatingconditionsis by deploying



redundannodesanddesigningthe systemalgorithmsto make useof thatredundang over time to extend
the systemslife. In ASCENT, eachnode assesse#is connectvity and adaptsits participationin the
multi-hop network topology basedon the measuredperatingregion. For instance a node:

Signalswhenit detectshigh paclet loss,requestingadditionalnodesin theregion to join the network
in orderto relay messages.

Reducests duty cycle if it detectshigh paclet lossesdueto collisions.

Probesthe local communicatiorervironmentand doesnot join the multi-hop routing infrastructure
until it is “helpful” to do so.

Why can this adaptve con guration not be done from a central node?In addition to the scaling
and robustnesdimitations of centralizedsolutions,a single node cannotdirectly sensethe conditionsof
nodesdistributed elsavhere in space.Consequentlyother nodeswould needto communicatedetailed
information aboutthe stateof their connectity in orderfor the centralnodeto determinewho should
join the multi-hop network. In the absenceof enegy constraintspne can always achieve a resultthatis
closerto optimal with a centralcomputationHowever, whenenepgy is a constraintand the ervironment
is dynamic,distributedapproacheareattractve andpossiblyarethe only practicalapproact27] because
they avoid transmittingdynamicstateinformation repeatedlyacrossthe network.

Pottie and Kaiser [27] initiated work in the generalareaof wirelesssensornetworks by establishing
that scalablewirelesssensometworks requiremulti-hop operationto avoid sendinglarge amountsof data
over long distancesThey wenton to de ne techniquedy which wirelessnodesdiscover their neighbors
and acquiresynchronismGiven this basicbootstrappingcapability our work addresseshe next level of
automaticcon guration that will be neededo realize ervisionedsensometworks, namely how to form
the multi-hop topology [10]. Given the ability to sendand receve paclets, andthe objectve of forming
an enepy-efcient multi-hop network, we apply well-known techniqguedsrom MAC layer protocolsto the
problemof distributed topology formation. Similar techniqueshave beenappliedto multicasttransport
protocol adjustmenif periodic messagindg13], [12].

In thefollowing sectionwe presenta sensometwork scenariostatingour assumptionsindcontrikbutions.
Relatedwork is reviewed in sectionlll. SectionlV describesASCENT in moredetail. In SectionV, we
presentsomeinitial analysis,simulationand experimentalresultsusing ASCENT. Finally, in sectionVI
we conclude.

[I. DISTRIBUTED SENSOR NETWORK SCENARIO

To motivate our researchconsidera habitat monitoring sensornetwork that is to be deplo/ed in a
remoteforest. Deployment of this network can be done, for example, by dropping a large number of
sensornodesfrom a plane, or placing them by hand. In this example,and in mary other anticipated
applicationsof ad-hocwirelesssensometworks [7], the deployed systemsmust be designedto operate
underthe following conditionsand constraints:

Ad-hoc deployment: we cannotexpectthe sensor eld to be deployed in a regular fashion(e.g. a
linear array 2-dimensionallattice). More importantly uniform deployment doesnot correspondo
uniform connectity owing to unpredictablgropagtion effectswhennodesandthereforeantennae,
are closeto the groundand other surfaces.

Enegy constraints:The nodes(or at leastsomesigni cant subset)will be untetheredor power as
well as communicationsand thereforethe systemmustbe designedto expendas little enegy asis
possiblein orderto maximizenetwork lifetime.

Unattendedperationunderdynamics:the anticipatednumberof elementsn thesesystemswill pre-
cludemanualcon guration,andtheervironmentaldynamicswill precludedesign-timepre-con guration.

In mary suchcontets it will be far easierto deplgy larger numbersof nodesinitially thanto deploy
additionalnodesor additionalenegy reseresat a later date (similar to the economicsof stringingcable
for wired networks). In this paperwe presenbneway in which nodescanexploit theresultingredundang
in orderto extend systemlifetime.



If we usetoo few of the deployed nodes the distancebetweemeighboringnodeswill be too greatand
the pacletlossratewill increasepr the enegy requiredto transmitthe dataover the longerdistancewwill
be prohibitive. If we useall deployed nodessimultaneouslythe systemwill be expendingunnecessary
eneqgy, at best,and at worst the nodesmay interferewith one anotherby congestinghe channel.ln the
processof nding anequilibrium, we arenot trying to usea distributed localizedalgorithmto identify a
single optimal solution. Ratherthis form of adaptve self-con gurationusinglocalizedalgorithmsis well
suitedto problemspacegshat have a large numberof possiblesolutions;in this contet a large solution
spacetranslatesnto densenodedeployment. Our simulationand experimentalresultscon rm thatthis is
the casefor our application.

We enumeratehe following assumptionghat apply to the remainderof our work:

We assumea Carrier SenseMultiple Access(CSMA) MAC protocolwith capacityto work in promis-
cuousmode.This clearly introducesthe possibilitiesfor resourcecontentionwhentoo mary neighboring
nodesparticipatein the multi-hop network. Our approachshould be relevantto TDMA MACs as well
becausedistributed slot allocation schemeswill also have degradedperformancewith increasedoad.
Futurework will investigate the useof ASCENT with other MAC protocolsunderdevelopment[37].

Our algorithmreactswhenlinks experiencehigh paclet loss. The ASCENT mechanisndoesnot detect
or repair network partitions of the underlyingraw topology Partitions are more prevalent when node
densityis low, andour approachs not applicablebecausen generalall nodeswill be neededo form an
effective network. Of coursenetwork partitionscanoccurevenin densearrayswhena swath of nodesare
destred or obstructedWhensuchnetwork partitionsdo occutr complementargystemmechanismsvill
be needed;for example,detectingpartitionsin the multi-hop sensornetwork by exploiting information
from long rangeradiosdeployed on a subsetof nodes,andusedsparinglybecausef the power required.
We leave suchcomplementaryechniquedor network partition detectionand repairto future work.

The two primary contritutions of our designare:

The useof adaptve techniqueghat permit applicationsto con gure the underlyingtopology based
on their needswhile trying to save enegy to extend network lifetime. Our work doesnot presume
a particularmodel of fairnessdegreeof connecwity, or capacityrequired.

The useof self-con guring techniqueghatreactto operatingconditionsmeasuredocally. Our work
is not restrictedto the radio propagtion model,the geographicadlistribution of nodes,or the routing
mechanismsised.

Ill. RELATED WORK

Our work hasbeeninformed andin uenced by a variety of other researchefforts. Therehasbeena
greatdeal of work in the areaof topology control, mostly using theoreticalanalysisor simulation,and
involving MAC and power control mechanisms.

Therehave beenseveralimportanttheoreticalevaluationsof topologycontrol. Most of this work focuses
on the analysisof algorithmsfor distributed constructionof a connecteddominatingset (CDS) of the
correspondingunit-disk graph and the routing stratgies using the CDS backbone[15], [34], [1], [16].
Gaoet. al. [16] presenta randomizedalgorithmfor maintaininga CDS with low overhead This algorithm
assumes randomizeddistribution of identi ers amongall nodes,and the partition of the spacein a
grid, with at most one node selectedas the clusterheadin eachgrid. Gao's algorithm selectsg small
numberof theseclusterheads,and the total numberselectedhas an approximationfactor of O(" n) of
the minimum theoreticallypossible.They alsointroducea hierarchicalalgorithmfor clusteringand showv
an approximationfactor of O(1) with high probability In later work, Gao et. al. presenta distributed
algorithmto constructa restrictedDelaunaygraph (RDG), where only Delaunayedgeswith a limited
X transmissiorradiusare included[15]. This algorithm also usesthe hierarchicalclusteringalgorithm
describedpreviously [16]. The work shawvs that the numberof edgesin the restrictedDelaunaygraphis
linear in the numberof nodes,althoughthe maximumdegreeof a nodemay be ( n) in the worst case.
Alzoubi et al. [1] describea distributed algorithmfor constructinga minimum connecteddominatingset



(MCDS) for the unit-disk-graphwith a constantapproximationratio of the minimum possibleand linear
time and messageomplity. WangandLi proposean algorithmto build a geometricspannerthat can
be implementedn a distributed manner{34]. The nodedegreeis boundedby a positive constantandthe
resultingbackbones a spanneifor both hopsandlength.

The above algorithmsprovide an importanttheoreticalfoundationfor topology controland help de ne
the theoreticallimits and boundsof what is achiezable. Our work with ASCENT complementgheirs
by getting resultsfrom experimentsusing real radios, rather than using only simulation and analysis.
Recentwork [14], [6], [38], [35] evaluating radio connecWity using low-power radios suggeststhat
theseradio channelspresentasymmetricalinks, non-isotopic connectvity, and non-monotonidistance
decayof power with distance.lt is importantto understandhe effects that theseconditionsimposeon
thesetopology control algorithms,since most of the real conditionsobsered using real radios violate
the assumptionsn the previous theoreticalstudiesand may affect correctnessThereis poor correlation
betweenthe spatialdistanceand receptionrate, so assumptiondasedon geographigoroximity between
nodesdo not necessarilyhold in practice.Furthermore the radio propagtion is not circular, presenting
non-isotropigoropertiesFinally, our previouswork with SCALE [6] hasshavn the presencef asymmetric
links for 5-30% of all pairwise communication,causingseriousproblemswith algorithmsthat assume
bidirectionalconnectvity.

Themainapproactollowedby MAC level protocolsto save enegy hasbeento turn off theradiosthatdo
not have ary scheduledransmissioror receptiornof packetsin a particular(usuallysmall)timeframe.These
protocolsusually trade-of network delay for enegy conseration becauseof the startupcostassociated
with turning the radiosback on. K. Sohrabiand G. Pottie [32] have madesigni cant progressin self-
con gurationandsynchronizationn sensometworksatthe singleclusterlevel with a TDMA schemeThis
work shareswith us similar designprinciples, althoughit's more focusedon low-level synchronization
necessaryfor network self-assemblywhile we concentrateon efcient multi-hop topology formation.
SparseTopology and Enegy Managemen{STEM) [31] acceptsdelaysin path-setugime in exchange
for enegy savings. It usesa secondradio (operatingat a lower duty cycle) as a pagingchannel.When
a node needsto senda paclet, it pagesthe next nodein the routing path. This node then turns on its
mainradio sothatit canreceve the paclket. SensofMAC (S-MAC) [37] treatsboth pernodefairnessand
lateny as secondarnyto enegy conseration. It periodically turns off the radiosof idle nodesand uses
in-channelsignalingto turn off radiosthat are not taking partin the currentcommunicationMore recent
work [39] continueto explore MAC-level wake-upschemesMost of the MAC schemesnentionedabove
are complementaryto our work. ASCENT could establisha particularactive topology andthen useary
of the abore mechanismgo gain even further enegy savings on the newly createdactive topology

Another approachto reducingenegy consumptionhasbeento adaptvely control the transmitpower
of the radio. The lazy schedulingproposedin Prabhakaret al. [28] transmitspaclets with the lowest
possibletransmitpower for the longestpossibletime suchthatdelay constraintsarestill met. Ramanathan
et. al. [29] proposedsomedistributed heuristicsto adaptvely adjustnodetransmitpowersin responsdo
topologicalchangesausedoy mobile nodes.This work assumeshat a routing protocolis runningat all
times and provides basicneighborinformation that is usedto dynamicallyadjusttransmitpower. While
power control can be very useful, particularly in asymmetricnetworks such as cellular telephory, their
advantagesare lesspronouncedn sensometworks [6]. Furthermorethe power consumedoy theselow-
power radiosin idle stateis of the sameorderof magnitudethanthe Tx or Rx state,so optimizationson
transmitpower arelessimportant.Undertheseconditions,turning the radio off andputtingthetranscerer
in sleepstateis essentiako extend network lifetime.

In Y. Xu et al. GAF [36], nodesusegeographidocationinformationto divide the network into x ed
squaregrids. Nodesin eachgrid alternatebetweensleepingand listening, andthereis always one node
active to routepacletspergrid. ASCENT doesnot needary locationaids,sinceit is basedon connectvity.
In addition, geographigoroximity may not always lead to radio connecwity; this is why ASCENT uses
local connectity measurementsdB. Chenet al. [8] proposedSFAN, an enegy efcient algorithm for
topology maintenancewhere nodesdecidewhetherto sleepor join the backbonebasedon connectity



informationsuppliedby a routing protocol. ASCENT doesnot dependon routing information, nor needs
to modify the routing state;it decideswhetherto join the network or sleepbasedon measuredocal

connectity and paclet lossinformation. In addition, our work doesnot presumea particularmodel of

fairnessor network capacitythat the applicationrequires.

J. L. Gaos thesis[17] presentedan adaptve local network formation/routingalgorithmthat facilitates
cooperatre signalprocessingAn electionalgorithmis usedto selecta centralnodeamonga smallgroup
of nodesthat cooperatdan information processingWhile thesealgorithmswere designedto operatefor
a relatively shorttime spanin a reducedareanearthe target event, our objectve is stable,long range
topology formationthat covers the entire sensometwork.

Mobile ad-hocnetworks [21], [25], [26] anddirecteddiffusion[19] adaptvely con gure the routing or
datadisseminationpaths,but they do not adaptthe basictopology Q. Li andD. Rus[22] presentech
schemenvheremobile nodesmodify their trajectoryto transmitmessages the contect of disconnecte@d-
hoc networks. This work shareswith usthe notionof adaptatiorof the basictopologyfor ef cient delivery
of messagedyut it doesso by sendinglocation updatesbetweenneighborsand using actve message$o
incrementallypropagte them toward the destination.Our work usesmeasurementef neighbordensity
and paclet lossto exploit the redundang of denseareasin the systemin an enegy efcient way. This
work may complemenbursin caseof mobile nodesdeploymentandin the presencef network partitions.

The adaptve techniqueswe use were studied extensvely to make the MAC layer self-con guring
and adaptve more than 20 yearsago during the re nement of contentionprotocols[20], [23]. More
recently SRM [13] and RTCP [30] borronved thesetechniquesto adaptvely adjustparametersuchas
sessionmessagdrequeny and randomizationintervals. In this work we usethosetechniqueso adapt
the topology of a multi-hop wirelessnetwork.

Self-con gurationbasedon local measuregarametersakes someinspirationfrom biological systems,
in particularthe modelsof antcolory behaior [5]. Bulusuet. al. [4], have proposedlifferentalgorithms
for incrementabeacorplacementn sensometworks. This work sharewith usthe samedesignprinciples,
suchasthe useof localizedalgorithms,andadaptatiorbasedon locally measuregarametersWhile their
work is orientedto solve the localizationproblem,oursis orientedto enepgy ef cient communicatiorand
sensingcoverage.

The following sectiondescribegshe ASCENT protocolin somedetail.

V. ASCENT DESIGN

ASCENT adaptvely elects“active” nodesfrom all nodesin the network. Active nodesstay awake
all the time and perform multi-hop paclet routing, while the rest of the nodesremain “passve” and
periodically checkif they shouldbecomeactve.

Considera simple sensometwork for datagatheringsimilar to the network describedn Section2. We
cannotexpectthe sensoreld to have uniform connecwity dueto unpredictablgropagtion effectsin the
ervironment.Therefore we would expectto nd regionswith low andhigh density As we pointedout in
Section2, ASCENT doesnot dealwith completenetwork partitionsof the underlyingraw topology; we
assumehatthereis a high enoughnodedensityto connectthe entireregion. FigurelV shawvs a simpli ed
schematicfor ASCENT during initialization in a high-densityregion. For the sale of clarity, we shav
only the formation of a two-hop network. This analysismay be extendedto networks of larger sizes.

Initially, only somenodesare active. The other nodesremain passvely listening to paclkets but not
transmitting.This situationis depictedin Figure 1(a). The sourcestartstransmittingdatapaclets toward
the sink. Becauseéhe sink is at the limit of radiorange,it getsvery high paclet lossfrom the source We
call this situationa communicatiorhole the recever getshigh paclet lossdueto poor connectvity with
the sender The sink then startssendinghelp messageso signal neighborsthat are in listen-only mode
—alsocalled passiveneighbos- to join the network.

Whena neighborrecevesa helpmessage, it may decideto join the network. This situationis illustrated
in 1(b). Whenanodejoins the network it startstransmittingandreceving paclets,i.e. it becomesnactive
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neighbor As soonasa nodedecidedo join the network, it signalsthe existenceof a new active neighbor
to otherpassve neighborsby sendingan neighborannouncementessge. This situationcontinuesuntil

the numberof active nodesstabilizeson a certainvalue andthe cycle stops(seeFigure 1(c)). Whenthe
processcompletesthe group of newly active neighborsthat have joined the network malke the delivery
of datafrom sourceto sink morereliable. The processwill re-startwhensomefuture network event (e.g.
nodefailure) or environmentaleffect (e.g. new obstacle)causegaclet loss again.

In this section,we describethe ASCENT algorithm and their components Several design choices
presentthemselesin this context. We elaborateon thesedesignchoiceswhile we describethe design.
Our initial analysis,simulations,and experimentsin SectionV focus only on a subsetof thesedesign
choices.

A. ASCENTstatetransitions

In ASCENT, nodesare in one of four states:sleep,passive test, and active Figure 2 showvs a state
transitiondiagram.

Initially, a randomtimer turnson the nodesto avoid synchronizationWhena nodestarts,it initializes
in the teststate Nodesin the test state exchangedataand routing control messagesn addition, when
a nodeentersthe teststate it setsup a timer T;, and sendsneighborannouncementessges WhenT;
expires,the nodeentersthe active state If beforeT, expiresthe numberof actve neighborsis above the
neighborthreshold(N T), or if the averagedata lossrate (DL) is higher than the averageloss before
enteringin the teststate thenthe nodemovesinto the passivestate If multiple nodesmalke a transition



to the test state then we usethe nodelID in the announcemeninessageas a tie breakingmechanism
(higher IDs win). The intuition behindthe test stateis to probethe network to seeif the addition of a
nen nodemay actuallyimprove connectvity.

Whena nodeentersthe passivestate it setsup atimer T, and sendsnew passivenodeannouncement
messges This informationis usedby active nodesto make an estimateof the total densityof nodesin the
neighborhoodActive nodestransmitthis densityestimateto any new passve nodein the neighborhood.
WhenT, expires,thenodeentershesleepstate If beforeT, expiresthenumberof neighbords belov N T,
andeitherthe DL is higherthanthe lossthreshold(LT) or DL is below the lossthresholdbut the node
receved a help messge from an active neighboy it makes a transitionto the teststate While in passive
statenodeshave their radio on, andare ableto overhearall pacletstransmittedby their active neighbors
(evenif the paclets are not addressedo the passve node,sincethe radio is in promiscuousmode).No
routing or datapacletsareforwardedin this state,sincethis is a listen-onlystate.The intuition behindthe
passivestateis to gatherinformationregardingthe stateof the network without causinginterferencewith
the othernodes.Nodesin the passiveandteststatescontinuouslyupdatethe numberof active neighbors
anddatalossratevalues.Enegy is still consumedn the passivestate sincetheradiois still on whennot
receving paclets.A nodethat entersthe sleepstateturnsthe radio off, setsatimer Ty andgoesto sleep.
WhenT; expires,the nodemovesinto passivestate Finally, a nodein active statecontinuesforwarding
dataand routing paclets until it runs out of enegy. If the data lossrate is greaterthan LT, the active
nodesendshelp messges

B. ASCENTparametes tuning

ASCENT hassomeparametershat canaffectits nal behaior. In this section,we explain the choices
madein the current ASCENT algorithm. A particularapplicationmay selectdifferent valuesfor some
parametersfor instance trading enegy savings for greaterreactiontime in caseof dynamics. ASCENT
also provides adaptve mechanismgor the optimal determinationof someparametewvaluesdynamically
at runningtime.

The neighborthreshold(N T) value determineghe averagedegreeof connecwity of the network. An
applicationcould adjustthis value dynamicallydependingon the eventsoccurringin a certainareaof the
network, for example,to increasenetwork capacity In this study we setthis valueto 4.

Thelossthreshold(LT ) determineghe maximumamountof datalossan applicationcantoleratebefore
it requestdhelp to improve network connectvity. This valueis very applicationdependentFor example,
averagetemperaturemeasurementfrom a sectorof a forest will not tend to vary drastically and the
applicationmay toleratehigh paclet loss. In contrast,trackingof a moving target by the sensometwork
may be more sensitve to paclet losses.In our implementatiorthis value was setto 20%.

Thetesttimer T; andthe passve timer T, determinethe maximumtime a noderemainsin the testand
passve statesrespectrely. They facea similar trade-of of power consumptiorvs. decisionquality. The
larger the timers, the morerobust the decisionin presencef transientpaclet losses(that also affectsthe
neighbordetermination)put the greaterthe power consumedvith the radio on, andviceversa.Our work
with SCALE [6] hasshowvn thatthe nal determinatiorof thesetimer valuesshouldbe dependenbn the
quality of the receptionratefor eachlink. On the onehand,links that presentvery high (> 80%) or very
low (< 20%) receptionratesshaowv lessvariability over time, and consequentlyequirelesstime to make
an accuratedeterminationof the link quality. On the other hand,links with intermediatereceptionrates
shav greatvariability over time andrequiremoretime to make betterestimationsWe notethatit should
be possibleto designa mechanisnthatautomaticallydetermineghe minimum amountof time we should
measurehe channelto provide somestatisticalboundson the accurag of the link quality estimation but
we have left this as future work. In our implementationthe T, timer was setto 2 minutesand T; to 4
minutes.

Similarly, the sleeptimer T4 representghe amountof time the node sleepsto presere enegy. The
largerthe T, timer, the larger the enegy savings, but the larger alsothe probability of no nodein passve



statereadyto reactto dynamics ASCENT usesan adaptve probabilisticmechanismn orderto determine
the optimal relationshipbetweenT, and Ts timers. This mechanisms solely dependenbn the average
density neighborhoodestimatein the and the probability thresholdP; that a certaink numberof nodes
in the neighborhoodare in passve stateat ary given point in time. The details of this mechanismare
explainedin sectionV-B. In our implementationthe value of k wassetto 2 and P, was setto 95%.

C. Neighborand Data Lossdetermination

The numberof active neighborsand the averagedata loss rate are valuesmeasuredocally by each
nodewhile in passve andteststate.

We have chosento de ne a neighborasa nodefrom which we receve a certainpercentagef paclets
over time. This implies having a history window function (CW) that keepstrack of the pacletsreceved
from eachindividual nodeover a certainperiod(time and/ornumberof messagesgnda x edor dynamic
neighborlossthreshold(NLS).

In ASCENT, eachnode adds a unitary monotonically increasingsequencenumberto each paclet
transmittedincludingdataandcontrol paclets).This permitsneighborlink lossdetectiorwhenasequence
numberis skipped.In addition,we assumeapplicationdatapaclets also have somemechanisnto detect
losses(data payload sequencenumbersin our implementation).Additionally, the nal paclet loss (or
its reciprocalreceptionrate) estimatefrom eachneighbornodeis calculatedby using an exponentially
weightedmoving average(EWMA) of the form:

EWMAcyrrent = CW + (1 )EWM Aprevious

The value of the Iter constant wassetto 0:8, which effectively meansthat only the last 5 estimates
have ary signi cant weight on the currentestimate.This estimateprovides a measureof the incoming
paclet lossfrom arny nodetoward the neighbordoing the calculation,but it doesnot provide information
of the paclet loss perceved by the neighbors.In orderto closethe loop, this informationis periodically
exchangedbetweenactve and test nodes(not passve nodes)by piggybackingthis informationin data
pacletsor by sendinghello pacletsin the absenceof datatrafc.

The numberof active neighborsN is de ned asthe numberof neighborswith link paclet losssmaller
than the neighborloss threshold(NLS) and with symmetricallinks. In our study we considera link
symmetricalif hasa differencein receptionrate of lessthan 40% betweenthe incoming and outgoing
receptionrate. We have chosenthe following formulaNLS:

1
NLS =1 N
with N beingthe numberof neighborscalculatedin the previous cycle.

When a node getsa neighbors paclet loss estimatelarger than the NLS, it no longer considersthat
nodeasa neighboranddeletest from its neighborlist. Theintuition behindthis formulais the following:
as we increasethe numberof neighborsin the region, the likelihood of any pair of them not listening
to eachother (or having high losses)increasesTherefore,as we increasethe numberof neighborswe
shouldcorrespondinglyncreasethe neighbors lossthreshold.Not doing so may resultin gettinga lower
neighborcounteven thoughnodesin the region may still interferewith eachother Correspondinglyas
we decrease¢he numberof neighborswe shoulddecreasehe neighbors lossthresholdaccordingly (We
experimentedwith someotherfunctions,like aninverselydecayingfunction of 1/N andan exponentially
decayingfunction of 1/N; but the simple formula above worked best).

The averagedata lossrate (DL) is calculatedbasedon the applicationdata paclets. Data lossesare
detectedusing datasequencenumbers.Dependingon the routing stratgy, a node may receve multiple
copiesof the sameapplicationdatapaclet. We only considera datalossif the messagevasnot receved
from any neighborduring a certaincon gurable periodof time (this allows out of orderdelivery basedon
the applicationneeds).Control messageghelp, neighborannouncementand routing) are not considered
in this calculation.



D. ASCENTIinteractionswith routing

ASCENT runsabove the link andMAC layerandbelow the routinglayer ASCENT is not a routing or
datadisseminatiorprotocol. ASCENT simply decideswhich nodesshouldjoin the routing infrastructure.
Ad-hocrouting [15, 18, 20], DirectedDiffusion [13], or someotherdatadisseminatiormechanismthen
runs over this multi-hop topology In this respectrouting protocolsare complementaryo ASCENT.

ASCENT nodesbecomeactive or passve independendf the routing protocolrunningon the node.In
addition, ASCENT doesnot usestategatheredby the routing protocol, sincethis statemay vary greatly
for differentprotocols(e.g. ad-hocrouting tablesand directeddiffusion gradients),or requireschanging
the routing statein ary way. Currently if a nodeis testingthe network andit is actively routing paclets
whenit becomegassve, ASCENT dependon the routing protocolto quickly re-routetrafc. This may
causesomepaclet loss, and thereforean improvementthat has not beenimplementedis to inform the
routing protocolof ASCENT's statechangessotraf ¢ could be re-routedin advance.

We emphasizethat, even though we have discussedhe ASCENT algorithm in some detail, much
experimentatiorandevaluationof the variousmechanismanddesignchoicesis necessarpeforewe fully
understandhe robustnessscaleandperformanceof self-con guration.The following sectionpresentour
initial ndings basedon simple analysis,simulation,and an experimentalimplementation.

V. PERFORMANCE EVALUATION

In this section,we reportresultsfrom a preliminaryperformancesvaluationof ASCENT. We usesimple
mathematicamodelsto determineanidealizedexpectedperformanceof delivery rate,lateng, andenegy
savings aswe increasenodedensity Sinceour analysiscannotcapturethe compleity of a full ASCENT
scenariowe usesimulationsand real experimentsto further validatethe performanceevaluation.

A. Goalsand Metrics

Our goalsin evaluating ASCENT were three-fold: First, in orderto validatesomeof the assumptions
made during designof the algorithm, perform analysis,simulationsand real experimentsand conduct
comparatre performanceevaluation of the systemwith and without ASCENT. Second,understandhe
enegy savings anddelivery rateimprovementsthat canbe obtainedby usingASCENT. Finally, studythe
sensitvity of ASCENT performanceo the choiceof parameters.

We choosefour metricsto analyzethe performanceof ASCENT. One-HopDelivery Rate measures
the percentagef paclets receved by ary nodein the network. When all the nodesare turnedon —we
call this the Active case- the paclet receptionincludesall nodes.In the ASCENT case,it includesall
nodeshut the onesin the sleepstate.This metric indicatesthe effective one-hopbandwidthavailable to
the nodesin the sensometwork. End-to-EndDelivery Rateis the ratio of the numberof distinct paclets
receved by the destinationto the numberoriginally sentby the source.lt providesan ideaof the quality
of the pathsin the network, and the effective multi-hop bandwidth.A similar metric hasbeenusedin
ad-hocrouting [3]. Enegy Savingsis the ratio of the enegy consumedy the Active caseto the enegy
consumediy the ASCENT case.This metric de nes the amountof enegy savings and network lifetime
we gain by usingthe ASCENT algorithm. Finally, Average Per-Hop Latencymeasureshe averagedelay
in paclet forwarding in a multi-hop network. It provides an estimateof the end-to-enddelay in paclet
forwarding.

B. Analytic performanceanalysis

To understandhe relationshipbetweenexpectedpaclet delivery and density of nodeswe rst usea
simple mathematicabnalysis.

Assumethat nodesarerandomlydistributedin anareaA, andthey have an averagedegreeof connec-
tivity of n. Furtherassumepaclets are propa@ted using ooding with a randomback-of upon paclet
reception.This randomcomponenis chosenfrom a discretepool of S slotswith a uniform probability
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Fig. 3. Figure 3(a) shawvs the expectedone hop delivery rate as a function of density The larger the randomizationperiod, the betterthe
onehop delivery ratefor ary given density Figure 3(b) shawvs the probability distribution of the onehop lateng. The larger the density the
smallerthe probability of a large lateng.

distribution. Thus, the probability of successfullytransmittinga paclket with no collisionswhenthereare
T potentialforwarding nodesin the vicinity is given by:
T
P (success = STI Q)

From this formula we seethat as we increasethe density of transmittingnodesT, the probability of
successfullydelivering paclets without collisions decreaseproportionally When all the nodesin the
network are able to transmitand receve paclets,we nd thatT = n, sinceevery nodein the vicinity
can transmit paclets (assuminga losslesschannel,all nodesreceved the original paclet). Increasing
the density of nodesincreaseshe probability of collisions in the area. ASCENT x es the number of
transmittersin the areato the neighborthreshold(NT) value,resultingin T = NT, independenbf the
total numberof nodes,n, deploysed. Figure 3(a) shavs the analyticalrelation betweenexpectedone hop
delivery rate vs. densityof nodesfor differentS values.

The relationbetweenthe hop-by-hoplateny introducedby the randomizatiorandthe densityof nodes
canbe analyzedsimilarly. The averagelateny experiencedper hop is relatedto the numberof random
slots S andthe total numberof active nodesT . After receptionof a message¢o be forwardedtoward the

messagedo be forwarded.The delay is then:

We wantto nd P( ), the probability distribution of the smallerrandomtime slot picked by T nodes.We
de ne:
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This happenswith probability:

P( ) asde ned above is:

PO)=Q() Q(+1= 1 ¢ 1 S 2)
Figure 3(b) shawvs the P( ) distribution for differentvaluesof T andS = 20. Whenall the nodesin the
network are ableto transmitandreceve paclets,we nd thatT = n. As n increasesthe meanvalue of
P( ) decreasesThis resultcorrespondso the intuition thataswe increasehe total numberof transmitting
nodes,the likelihood of ary of them picking a smallerrandomvalue increasesin the ASCENT case,
T = NT independentlyof the densityn, andthe meanvalue of P( ) remainsconstant.

Finally, we would like to understandhe enegy savings that could be obtainedby using ASCENT.
When the systemis not running ASCENT, all the nodeshave their radios on, consumingldle power.
Whenthe systemis running ASCENT, N T nodeshave their radioson, while the restalternatebetween
sleepingand listening. The enegy savings (ES) are:

n ldle

S= T T (3)
NT Idle+ (n NT) ldle =+ (n NT) Sleep =

The numeratorepresentshe powver consumedy all the nodeswhennot running ASCENT. The denom-
inator representshe power consumedy all nodesrunning ASCENT. The rst termin the denominator
indicatesthe power consumedy the NT nodesselectecoy ASCENT to have their radioson. The second
termin the denominatoindicatesthe enegy of non-actve nodeswhenin passve state,andthethird term
indicatesthe enegy consumedwhile in sleepstate.We de ne  to be the ratio of the passve timer T,
to the sleeptimer Ts. We alsode ne  to be the ratio of the radio's sleepmodeto the idle modepower
consumptionBy replacingthesenew de nitions in equation3 we get:

ES= N . (4)
NT+(n NT) ¢
Equation5 shaws the upperboundof the enegy savings aswe increasedensity

im ES= —"* 5
im = 5)

n!l

Figure4 shows the enegy savings aswe increasethe densityof nodesfor a x edvalueof . Fora x ed
NT value and a small value of , aswe increasedensitythe powver consumptionis dominatedby the
passve nodesin the passve-sleepcycle. Theintuition is thatthe smallerthe , thelargerTs in relationto
T, andconsequentlythe larger the enegy savings the systemcanachieze. Note that thesesazings come
at a cost;thelargerthe Ts, the larger the reactiontime of the systemin caseof dynamics.Thereis atrade
off betweernthe numberof nodeswe would like in passve statereadyto reactto dynamicsandthe enegy
savings we can achieve by having a more aggressie sleepingschedule Even if we setup the network
with an “optimal” valueof atinitialization, the density of the network will not be homogeneousand
evenif it is homogeneousitially, it will probablychangeas nodesdrain their batteriesand die out. To
copewith this tradeoff, we proposeanadaptve probabilisticmechanisnwherethevalueof dependn
the minimum probability of k nodesbeingin passve stateat ary given momentin time, andthe density
of nodesin the neighboringregion.

If we assumehat nodesalternatebetweenpassve andsleepstateandthattheir schedulesareindepen-

The differencein power consumptiorbetweenthe Tx, Rx, and Idle radio stateis not signi cant. SeeSectionV-C
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Fig. 4. Enegy savings asa function of densityfor ASCENT x ed and adaptve statetimers. Fixed statetimers cornverge asymptoticallyto
a particularmaximumvalue when increasingdensity On the other hand,adaptve statetimers do not presentthis asymptoticlimit and the
enepgy savings increasdinearly as a function of density

dent, the probability of any nodebeingin passve or sleepstateis given by:
. 1

P (passive) = 1 1 (6)
We wantto nd the minimum value of suchthat the probability of at leastk nodesbeing passve at
ary given momentin time is larger than a minimum probability thresholdP;. We call this value p,y.
Any valuesmallerthan p will not comply with the minimum probability requirementand ary
valuelargerthan p, will complywith the minimum probability requiremenbut will expendunnecessary
enegy.

For the given stateprobabilitiesgivenin equation6, the probability of at leastk nodesin passve state
at the sametime is given by:

P(sleep =

1 " ko
+ 1 1 (7)

The Appendix shawvs the proof of equation7. We wantto nd the valuesof for differentvaluesof k
being P (k) equalto the minimum probability thresholdP;. For k = 1 (at least1 passve node at ary
giventime) andk = 2 (at least2 passve nodesat ary given time) thereare closed-formsolutionsto the
valueof ( p,1 and p,»):

P(k) = 1

b1 = 10 Lloga Py) 1 (8)
P2 = 10T w los@ PO g 9)

For other valuesof k, the optimal value p ¢ for a specic P; and densityn can be found by using
iterative numericaltechniquedor the solution of nonlinearequationge.g. Newton's method).The initial
searchingvalue xo could be setto p,,. Figure 5(a) shavs the optimal valuesof  for k = 1 andk = 2
for differentprobability thresholds.

Figure 4 shovs the enegy savings of ASCENT with adaptve statetimers. In this case,we no longer
have anasymptoticbehaior asdensityincreasesike in the previous x edtimerscase.Theenegy savings
increasdinearly with density andthe slopeof theline is primarily determinedy the probability threshold
P; (seebelaw). Figure5(b) shavs thatthe impactof additionalredundang by incrementingthe value of
k (concurrentpassve nodes)haslessof animpact, and only reducesthe enegy savings by a minimal
factor
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Fig. 5. Figure 5(a) shavs the optimal valuesfor k = 1 andk = 2 for different probability thresholds Figure 5(b) shavs the enegy
savings ratio as a function of densityfor differentvaluesof k andP;. It is clearfrom the graphsthat the probability thresholdP; hasthe
mostnoticeableeffect in the determinatiorof the valueof andthe enegy savings ratio.

C. Simulationand ExperimentalMethodolay

Implementation: ASCENT implementatiorwasdevelopedusingthe EmStarprogrammingenvironment
[9]. We implementedASCENT using a numberof ne-grained modules,so that other developerscould
re-useas much of our work as possible.Figure 6 shavs the diagramof the code structure.The rst
is the LinkStatsmodule, which addsa monotonicallyincreasingsequencenumberto eachpaclet sent
by ary processon the node.It monitorssuchpaclets arriving from other nodes,and maintainsdetailed
paclet statisticsfor high precisionconnectvity measurementwithoutincreasingchanneluse(but, slightly
reducingthe maximumdatapayload).This module also implementsthe exponentiallyweightedmoving
average(EWMA) lter for thereceptionrateof eachneighbor The secondmoduleis NeighborDiscovery,
which sendsandreceves heartbeamessagesand maintainsa list of actve neighbors.Third, to evaluate
enepgy usage we createdthe Enegy Manager modulethat actsas a simulatedbatteryfor eachnode. It
countspaclets sentandreceved, idle time, and radiospowering on and off; enegy is deductedrom an
initial supplyaccordingly It runsin two modes:eitherit merely tracksenegy usageor it actually shuts
off a nodewhenthat noderunsout of enegy. Finally, we createdthe ASCENTprotocolimplementation
itself, which usesthe information provided by the other modules.

Simulator: ASCENT was simulatedusingthe built in simulator(emsin) provided by EmStar[9]. The
simulatoressentiallyruns exactly the samecodebasethanthe implementationwith no modi cations. As
in reality, the nodesmustinteractusing their radiosand are not allowed to sharestatedirectly. Instead
of using real radios and sensorsemsimprovides a channelsimulator that modelsthe behaior of the
environment. The channelmodel usesinformation provided at con guration time, suchas node position
andtransmitpower. The channelmodelusedin our simulationsis a statisticalmodelbasedon extensve
radio connecwity tracesgatheredwhen developing earlier versionsof ASCENT and SCALE [6]. The
simulatoris also able to provide CSMA style of collisions. Emsimdoesnot propagte paclets further
in the stackif two or more paclets are receved within the contentionperiod. Thus, the probability of
collisionsis determinedby the length of the contentionperiodandthe trafc.

Experimental Testbed:Figure7 shaws picturesof the hardwarecomponent®f our testbedThe ceiling
array [9] usedin the experimentsis composedof various serial port multiplexors attachedto a testbed
PC. Figure 7(b) shavs animage of the ceiling array deployed in our lab. We useUTP Cat 5 cablesof
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Fig. 6. ASCENT codestructure. ASCENT was developedin a modularway, so other developerscould re-useas much functionality as
possibleeven whennot running the ASCENT topology control algorithm.

(a) Mica 1 mote (b) Indoor Of ce, UCLA CENSIab ceiling array

Fig. 7. ExperimentalTestbed.The ceiling arrayis composedf a PC attachedo variousserial multiplexors. Several UTP cablesrun from
eachmultiplexor to the deploymentlocationsin the ceiling wherea moteis attachedat the end.

differentlengths(up to 30 meters)andattachon endof the cableto the multiplexor andthe otherendto
a node.A total of 55 nodesare usedin the testbed.The nodesare wall powered.

Figure 7(a) shavs a picture of the Mica 1, the nodeusedin the experimentaltestbed.Table | shavs
the main featuresof the hardware platform used.The Mica 1 mote rmw are comeswith an event-driven
operatingsystemcalled TinyOS [18]. It provides a DC-balancedsingle-errorcorrectionand double bit
error detection(SECDED) schemeto encodeeachbyte transmittedby the RF transcerer (RFM). The
systemsupportsvariable paclet sizes,and usesa 16-bit CRC thatis computedover the entire paclet for
error detectionsA simpledriver (Transceivey was usedto run on the motesin TinyOS. It functionis to
send/recefe pacletsto/from the radio and passthemfrom/to the PC using a host-moteprotocol over the
serial connection.
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TABLE |
NODE CHARACTERISTICS

H Mica 1
CPU Processor Amtel 128
Prog.Memory (KB) 128
Data Memory (KB) 4
SerialRS232 needsadapter
Clock Speed(MHZ) 4
RF Manufacturer RFM [24]
RF Transcerer TR1000
Radiofrequeny (MHz) 916
Modulation ASK
Throughput(kbps) 13.3
TX power [0dBm] (mW) <1
Antenna Omni whip

Scenariosand ernvironment: In orderto studythe performanceof ASCENT's algorithmsasa function
of density we run experimentswith differentdensitiesrangingfrom 5 to 40 nodes.In this study density
is de ned topologically i.e. the densityof nodesis de ned by the averagedegree of connectity of all
the nodesin the experimentandnot by their physical location (geographicatiensity).Sincewe could not
easilychangethelocationof nodesin the ceiling array andsincethe physicalsizeof ourlabis limited, we
achieved differentlevels of densityby adjustingthe transmitpower of the RF transcever. Using SCALE
[6], we built the entire connectvity map of the ceiling array for differenttransmissiorpower levels and
picked the power level that provided us with the desireddensity The averagenumberof hopsin the
topologiesobtainedby this methodwasthree.All the experimentsweredonein anindoorservironment,
with obstaclesuchas,furniture, walls, cubicles,doors,etc. The simulationsreplicatethe samescenarios
tried in the experiments.For each simulation, we vary the density of nodesfrom 5 to 80 nodes.In
addition,for larger multi-hop simulations we incrementedhe numberof sourcesanddestinationgrom 1
to 5. The averagenumberof hopsin the simulationswassix. In all the experimentsand simulations,the
source(s)andthe destination(s)vere placedat the edgeof the network to maximizethe numberof hops
and usageof transitnodes(nodestransmittingtrafc from/to the source/destinationEachexperimental
point in the graphspresentedn the following sectionsis the averageof three experimentaltrials, and
eachsimulationpoint in the graphsrepresentshe averageof ve simulatedtrials. All the resultsinclude
con denceinternvals with a degreeof con dence of 95%.

Traf c: In eachexperiment,one sourcesendsapproximately200 messagewvith temperatureand light
sensoreadings(the readingswere storedvalues).The dataratewas setto 3 sensorreadingmessageper
minute. In eachsimulation,one or more sourcessendapproximately400 messagegach.The datarate
was the sameasthe experiments.In all our experimentsand simulationswe operatethe sensometwork
far from overload.Hence,our sensomodesdo not experiencecongestionlUnderstandindghe performance
implicationsof congestionon our algorithmsis the subjectof future researchlin spite of experimenting
with uncongestedetworks, our nodescanincur paclet lossesdueto dynamicsandinterference.

Routing: We use ooding asourroutingprotocol.In orderto reducecontentionwhenmultiple nodestry
to re-forward pacletsreceved at the sametime, the ooding modulehasa programmablegandomization
interval. Upon receving a paclet, the ood modulewill wait for a randomtime betweenzero and the
maximum randomizationintenal. In our experimentsthe randomizationinterval was setto 5 seconds
(unlessotherwisenoticed).

Energy Model: To model the enegy consumption,we looked at the manual speci cations of the
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Fig. 8. Figure8(a) shawvs the one-hopdelivery rate asa function of density ASCENT limits the numberof active nodesforwardingtraf c
to NT andreducescontentionfor the channel Figure 8(b) shavs the end-to-enddelivery rate as a function of density ASCENT end-to-end
delivery rateis stablefor the rangeof densitiestested.

RFM Tx-1000 [24]. We found that the valuesfor Tx:Rx:ldle:Sleepin mW 36:9:9:0.015for the RFM.
Several studies[8], [33] have reporteddifferencesof the orderof 10:1 betweenldle and Sleepingpower
consumptiorfor 802.11wirelessLAN cards.For the low power radioswe study this differenceis in the
order of 100:1. This relationis importantsinceit is the factorde ned in the previous section.In our
model, we did not considerthe enegy consumedy the CPU.

The remainderof this sectionpresentsour simulationand experimentalresults.

D. NetworkCapacity

Our rst simulationsand experimentscomparethe one-hopdelivery rate and the end-to-enddelivery
rate of the systemwith andwithout ASCENT (with adaptve timersenabled).

Figure8(a)shavstheone-hopdelivery rateasa functionof thedensityin a multi-hopnetwork. The“No-
collisions” curve shavs the averageone-hopdelivery ratein the network for the differentdensitiestested.
It shavs the averagelossesdue to ervironmentaleffects in the absenceof simultaneoudransmissions.
The valueswere obtainedby running SCALE [6] on the ceiling array testbedwith differenttransmission
power values.The resultsare encouragingTo a rst degree,thereare no importantdifferencesbetween
the expectedanalyticaland simulatedperformanceand the performanceusing real radiosup to densities
of 40 nodes.In the Active case(no self-con guration, all nodesare turnedon), all the nodesjoin the
network andforward paclets. This casehaslow delivery ratebecauseaswe increasehe densityof nodes,
the probability of collisions increasesaccordinglywhen using ooding as a routing stratey. It rapidly
reachesaround40% with densitiesof 20 nodes,and entersinto a saturationregion after that. ASCENT
limits the numberof active nodesto the NT value, and thereforedoesnot increasechannelcontention
with larger densities.

Figure 8(b) shavs the end-to-enddelivery rate, i.e. the percentagef packetstransmittedby the source
thatreachedhedestinationln theexperimentseachpaclettraversesanaverageof 3 hops.The simulations
weredoneon a larger network, with pacletstraversingon average6 hopsfrom sourceto destination We
canseethat ASCENT outperformsthe Active case ASCENT's performanceemainsstableasthe density
increaseswhich demonstrateshe scalability propertiesof our algorithmsas the densityincreasesThe
Active casedoesnot perform as bad as one would expect basedon the one-hopdelivery rate shavn in
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Fig. 9. Figure9(a) shavs the enegy savings ratio as a function of density ASCENT provides signi cant amountof enegy savings over
the Active case,up to a factorof 4 with x timersand 10 with adaptve timers for high densityscenariosFigure 9(b) shavs the average
perhop lateny asa function of density ASCENT slightly increaseghe averagehop by hop lateng.

Figure 8(a). This is becausdhe end-to-enddelivery ratio metric only requiresthat at leastone copy of
the original paclet sentby the sourcereachthe destinationEvenin a high-densityernvironmentwith high
lossesdue to contentionfor the channel,the likelihood of receving one copy of the paclet is still high
using ooding.

E. Enegy Savings

This sectionevaluatesASCENT's ability to save enegy andincreasenetwork lifetime.

In theseexperimentsand simulations,we did not considerthe enegy spentby the source(s)or the
destination(s)For the real experiments,the valuesare not direct measurementsf enegy consumption
but indirect measurementssing the time the nodesspentin the different ASCENT's states.

Figure 9(a) shavs the averageenegy consumptionratio betweenthe actve and ASCENT casesas a
function of density We presentresultsusingtwo versionsof the ASCENT algorithm,onewith x andthe
otherwith adaptve statetimers.From theseresults,we nd that ASCENT providesa signi cant amount
of enegy savings over the Active case.

Whenusing ASCENT with x ed statetimers,we nd thatasdensityincreasesenegy savings do not
increaseproportionally This resultmay seemcounterintuitve becausen ASCENT the numberof active
nodesremainsconstantasdensityincreasesand onewould expectto saze moreenegy asthe fraction of
active nodesdecreased-rom the analysisshavn in SectionV-B, we seethatthe enegy consumptionas
we increasedensity is dominatedby the passve-sleepcycle of the passve nodes,and not by the enegy
consumedy the fraction of actve nodes ASCENT providesa factorof 4 in enegy savingsin this case.

When using ASCENT with adaptve statetimers, we nd that as density increasesgnepgy sa/ings
do increaseproportionally In this case,nodescan be more aggressie in their sleepingcycle when they
detecta high density region, thus increasingthe savings they can achieve. Also note that the level of
aggressienesscan be tuned basedon the probabilistic guarantee®ffered (numberof passie nodesat
ary giventime to reactto dynamics).

In both caseq x ed andadaptve), the performancean simulationandreal experimentsis qualitatvely
similar but below the expectedperformancédasedon the analyticalresults.The mainreasorfor thisis that
the analysisdonein SectionV-B doesnot considerlossesfrom the ervironment,which induce ASCENT
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to increaseéhe numberof nodeswith the radioon to maintaina usabletopology andconsequentlyreduce
the enepgy savingsin practice.

F. Latency

We conductedexperimentsand simulationsto evaluatethe impact of ASCENT in lateny of paclet
delivery.

Figure 9(b) shawvs the averageperhop lateny as a function of density Note that we consideronly
pacletsthat successfullyreachthe destinationin the results(successfukend-to-enddelivery). We usethe
averageperhop densityto compensatdetweenthe different numberof hops betweenthe experiments
and simulations.

We canseefrom the graphthat ASCENT increaseghe averageperhop lateny whencomparedo the
active case.Whenusing ooding asthe routing stratgy, the end-to-enddelay is affectedby the amount
of randomizationntroducedat eachhop andthe numberof nodesforwardingthe paclets. When density
increasesthe active casereducesthe averageperhop lateny becausedhereis a larger probability of a
nodepicking a smallerrandominterval to forward the packet whenthereare moreforwardingnodes asit
wasshawn in SectionV-B. ASCENT x esthe numberof nodesableto forward pacletsindependentyof
density and consequentlythe averageperhop lateny tendsto remainstablefor the samerandomization
intenal.

The reductionin lateng for the active caseis not as big as predictedin the analyticalmodel. The
reasonfor this is simple:in practice,when consideringlossesdueto the ernvironmentand contentionfor
the channela paclet forwardedfastmay not alwaysreachdestinationandthe averagedelay per hop can
increasefrom the ideal.

G. Reactionto dynamics

In this sectionwe evaluatehow ASCENT reactto dynamicsintroducedby nodefailuresin the active
topology

For theseexperimentswe let the systemrun until a stabletopologyis in place.We then manuallykill
a setof active nodessuchthatthereis a network partition betweenthe source(syanddestination(s)n the
active topology

Figure10(a)shaws the end-to-enddelivery ratefor ASCENT with both x ed andadaptve statetimers.
The conditionsof the experimentare identicalto the experimentsperformedin SectionV-D. The values
have beenslightly moved on eachdensity point to improve readability We can seethat for the x ed
valuesof we tested,the endto end delivery rate doesnot decreasesnuch at high densities.This is
becausedhereis high probability that a passve nodein the neighborhoodxiststo x the communication
hole As densitydecreaseshe performanceof ASCENT with x ed statetimers also decreasesThis is
becausdor certain x edvaluesof it is possiblethatwe are beingover-aggressie in saving enegy and
all nodesin the neighborhoodnight be sleepingat the time of the active topologyfailure. ASCENT with
adaptve statetimersis more stablefor the rangeof densitieswe tested.

H. Sensitivityto parametes

This sectionevaluatethe sensitvity of the ASCENT algorithmto the choice of randomizatiornvalues
usedin the ooding routing.

Figure10(b) shavs the one-hopdelivery rateasa function of densityfor a largerrandomizationntenal
usedin ooding. For this experimentwe picked a randomizatiorinterval of 10 secondsFigure8(a)shavs
a similar graphfor a randomizatiorinterval of 5 secondsWhencomparingthe two graphswe canclearly
seethat for larger randomizationintervals we get an increasein the averageone-hopdelivery rate for
differentdensities.However, thereis a trade-of sincelarger randomizationntervals increasethe end-to-
end lateng. For the differentlevels of randomizationwe tried, ASCENT casealways outperformsthe
Active case,even whenthe former hasa smallerrandomizationinterval thanthe latter
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Fig. 10. Figure 10(a) shavs the end-to-enddelivery rate as a function of densityfor x ed and adaptve statetimers. By using x ed
statetimers, ASCENT reactionto dynamicsperformanceat lower densitiesmay decreaseWhen using adaptve statetimers ASCENT
performanceis stablefor the rangeof densitiestested.Figure 10(b) shavs the one-hopdelivery rate as a function of densityfor a larger
ooding randomizationinterval (10 seconds)ASCENT provides betterdelivery ratesindependenthyof the randomizationinterval.

The increaseis importantfor the Active case,but it is only mamginal for ASCENT. This is because
ASCENT operateon a reducedopologyindependenthof the actualdensityof nodesandincreasinghe
randomizationnterval doesnot help much. This also shaws that the expectedperformanceof ASCENT
is more stableindependentlyof the choiceof the randomizationintenal.

V1. CONCLUSION AND FUTURE WORK

In this paperwe describedhedesignimplementationanalysis simulation,andexperimentakvaluation
of ASCENT, an adaptve self-con gurationtopology mechanisnfor distributedwirelesssensometworks.

Thereare mary lessonswe candrav from our preliminary experimentation First, ASCENT hasthe
potential for signi cant reductionof paclet loss and increasein enegy efciency. Second, ASCENT
mechanismsvere responsie and stableundersystematicallyvaried conditions.

Furthermore our paperreportson resultsfrom experimentsusing real radios,demonstratinghe im-
portanceof self-con guring techniqueghat reactto the operatingconditionsmeasued locally.

In the nearfuture, we will evaluatethe interactionsof ASCENT with nev MAC mechanismsandthe
useof robust statisticaltechniquego improve on-line link quality estimation.We will alsoinvestigatethe
useof load balancingtechniquedo distribute the enegy load, and explore the useof wider arealinks to
detectnetwork partitions. More generally we are interestedin understandinghe relationshipsbetween
topology control mechanismslike ASCENT, and differentrouting strateyies.

Thiswork is aninitial forayinto the designof self-con guringmechanisms$or wirelesssensometworks.
Our distributed sensingnetwork simulationsand experimentsrepresenta non-trivial exploration of the
problemspace.Suchtechniqueswvill nd increasingimportanceasthe communityseekswaysto exploit
the redundang offered by cheap,widely available microsensorsasa way of addressinghnen dimensions
of network performancesuchas network-lifetime.

APPENDIX
PROOF OF THE PROBABILITY OF K PASSIVE NODES EQUATION

Given a set of n nodesthat alternatebetweenpassve and sleep stateswith probabilities given by
equation(6), we would like to nd the probability P (k) of at leastk passve nodesat ary given moment
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in time:
P (at leastk passie node3 = 1 P(atmostk 1 passve node$
for k = 1:
P@)=1 P(O nodenspassi'e)
=1 1
for k = 2:
P@2=1 (P(O ;odespassi/e); P rgllnodepassxi/e))
=1 +1 ¥ +1 +1

generalizingfor ary k:

(1]

(2]
(3]
(4]
(5]
(6]

(7]

(8]

9]

[10]

[11]

[12]
[13]

P(k) =1 (P(0 nodespassie) + P(1 nodespassie) + + P(k 1 nodespassie))
1 n 1 n 1 1 n k+1 K 1
=1 + + +
+1 + 1 +1 + 1 +1
n n n
=1 1 04 1 1, + 1 k 1
+1 +1 +1
1 " 0 1 k 1
=1 1 ( "+ 4+ + )
nook
=1 1 1
+1 1
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