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Abstract

Advancesin micro-sensorand radio technologywill enablesmall but smart sensorsto be deployed for a
wide rangeof environmentalmonitoring applications.The low per-nodecost will 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 redundancy provided by high density, so as to extendoverall systemlifetime. The large numberof
nodesdeployed in thesesystemswill precludemanualcon�guration,andtheenvironmentaldynamicswill preclude
design-timepre-con�guration.Therefore,nodeswill have to self-con�gure to establisha topology that provides
communicationunderstringentenergy constraints.

ASCENT builds on the notion that asdensityincreases,only a subsetof the nodesarenecessaryto establish
a routing forwarding backbone.In ASCENT, eachnode assessesits connectivity and adaptsits participationin
the multi-hop network topology basedon the measuredoperatingregion. This papermotivatesand describesthe
ASCENT algorithm and presentsanalysis,simulationand experimentalmeasurements.We show that the system
achieves linear increasein energy savings as a function of the densityand the convergencetime requiredin case
of nodefailureswhile still providing adequateconnectivity.

I . INTRODUCTION

The availability of micro-sensorsand low-power wirelesscommunicationswill enablethe deployment
of denselydistributedsensor/actuatornetworks for a wide rangeof environmentalmonitoringapplications
from urbanto wildernessenvironments;indoorsandoutdoors;andencompassinga variety of datatypes
including acoustic,image,and variouschemicaland physical properties.The sensornodeswill perform
signi�cant signalprocessing,computation,andnetwork self-con�gurationto achieve scalable,robust and
long-lived networks [2], [11], [10]. More speci�cally, sensornodeswill do local processingto reduce
communications,andconsequently, energy costs.

Theserequirementsposeinterestingchallengesfor networking research.One of the challengesarises
from the greatly increasedlevel of dynamics. The large numberof nodeswill introduceincreasedlevels
of systemdynamics, which in combinationwith the high level of environmentaldynamicswill make
designingreliable systemsa dauntingtask. Perhapsthe most important technicalchallengearisesfrom
the energy constraints imposedby unattendedsystems. Thesesystemsmust be long-lived and operate
without manual intervention, which implies that the systemitself must execute the measurementand
adaptive con�guration in an energy constrainedfashion.Finally, thereare scaling challengesassociated
with the large numbersof nodesthat will co-exist in suchnetworks to achieve desiredspatialcoverage
androbustness.

In this paper, we describeand presentsimulation and experimentalperformancestudiesfor a form
of adaptive self-con�gurationdesignedfor sensornetworks. As we argue in SectionII, suchunattended
systemswill needto self-con�gure and adaptto a wide variety of environmentaldynamicsand terrain
conditions.Theseconditionsproduceregionswith non-uniformcommunicationdensity. We suggestthat
one of the ways systemdesignerscan addresssuch challengingoperatingconditions is by deploying
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redundantnodesanddesigningthesystemalgorithmsto make useof that redundancy over time to extend
the systemslife. In ASCENT, each node assessesits connectivity and adaptsits participation in the
multi-hop network topologybasedon the measuredoperatingregion. For instance,a node:

� Signalswhenit detectshigh packet loss,requestingadditionalnodesin theregion to join thenetwork
in order to relay messages.

� Reducesits duty cycle if it detectshigh packet lossesdueto collisions.
� Probesthe local communicationenvironmentanddoesnot join the multi-hop routing infrastructure

until it is “helpful” to do so.
Why can this adaptive con�guration not be done from a central node?In addition to the scaling

and robustnesslimitations of centralizedsolutions,a singlenodecannotdirectly sensethe conditionsof
nodesdistributed elsewhere in space.Consequently, other nodeswould needto communicatedetailed
information about the stateof their connectivity in order for the centralnodeto determinewho should
join the multi-hop network. In the absenceof energy constraints,onecanalwaysachieve a result that is
closerto optimal with a centralcomputation.However, whenenergy is a constraintandthe environment
is dynamic,distributedapproachesareattractive andpossiblyaretheonly practicalapproach[27] because
they avoid transmittingdynamicstateinformationrepeatedlyacrossthe network.

Pottie and Kaiser [27] initiated work in the generalareaof wirelesssensornetworks by establishing
that scalablewirelesssensornetworks requiremulti-hopoperationto avoid sendinglargeamountsof data
over long distances.They went on to de�ne techniquesby which wirelessnodesdiscover their neighbors
andacquiresynchronism.Given this basicbootstrappingcapability, our work addressesthe next level of
automaticcon�guration that will be neededto realizeenvisionedsensornetworks, namely, how to form
the multi-hop topology [10]. Given the ability to sendandreceive packets,and the objective of forming
anenergy-ef�cient multi-hopnetwork, we applywell-known techniquesfrom MAC layerprotocolsto the
problemof distributed topology formation. Similar techniqueshave beenapplied to multicast transport
protocoladjustmentof periodicmessaging[13], [12].

In thefollowing sectionwepresentasensornetwork scenario,statingourassumptionsandcontributions.
Relatedwork is reviewed in sectionIII. SectionIV describesASCENT in moredetail. In SectionV, we
presentsomeinitial analysis,simulationand experimentalresultsusing ASCENT. Finally, in sectionVI
we conclude.

I I . DISTRIBUTED SENSOR NETWORK SCENARIO

To motivate our research,considera habitat monitoring sensornetwork that is to be deployed in a
remoteforest. Deployment of this network can be done, for example,by dropping a large numberof
sensornodesfrom a plane,or placing them by hand. In this example,and in many other anticipated
applicationsof ad-hocwirelesssensornetworks [7], the deployed systemsmust be designedto operate
underthe following conditionsandconstraints:

� Ad-hoc deployment: we cannotexpect the sensor�eld to be deployed in a regular fashion(e.g. a
linear array, 2-dimensionallattice). More importantly, uniform deployment doesnot correspondto
uniform connectivity owing to unpredictablepropagationeffectswhennodes,andthereforeantennae,
arecloseto the groundandothersurfaces.

� Energy constraints:The nodes(or at leastsomesigni�cant subset)will be untetheredfor power as
well as communicationsand thereforethe systemmust be designedto expendas little energy as is
possiblein order to maximizenetwork lifetime.

� Unattendedoperationunderdynamics:the anticipatednumberof elementsin thesesystemswill pre-
cludemanualcon�guration,andtheenvironmentaldynamicswill precludedesign-timepre-con�guration.

In many suchcontexts it will be far easierto deploy larger numbersof nodesinitially than to deploy
additionalnodesor additionalenergy reservesat a later date(similar to the economicsof stringingcable
for wired networks).In this paperwe presentoneway in which nodescanexploit theresultingredundancy
in order to extendsystemlifetime.
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If we usetoo few of the deployed nodes,the distancebetweenneighboringnodeswill be too greatand
thepacket lossratewill increase;or theenergy requiredto transmitthedataover the longerdistanceswill
be prohibitive. If we useall deployed nodessimultaneously, the systemwill be expendingunnecessary
energy, at best,andat worst the nodesmay interferewith oneanotherby congestingthe channel.In the
processof �nding an equilibrium,we arenot trying to usea distributed localizedalgorithmto identify a
singleoptimal solution.Ratherthis form of adaptive self-con�gurationusinglocalizedalgorithmsis well
suitedto problemspacesthat have a large numberof possiblesolutions;in this context a large solution
spacetranslatesinto densenodedeployment.Our simulationandexperimentalresultscon�rm that this is
the casefor our application.

We enumeratethe following assumptionsthat apply to the remainderof our work:
We assumea CarrierSenseMultiple Access(CSMA) MAC protocolwith capacityto work in promis-

cuousmode.This clearly introducesthe possibilitiesfor resourcecontentionwhentoo many neighboring
nodesparticipatein the multi-hop network. Our approachshouldbe relevant to TDMA MACs as well
becausedistributed slot allocation schemeswill also have degradedperformancewith increasedload.
Futurework will investigate the useof ASCENT with otherMAC protocolsunderdevelopment[37].

Our algorithmreactswhenlinks experiencehigh packet loss.TheASCENTmechanismdoesnot detect
or repair network partitions of the underlying raw topology. Partitions are more prevalent when node
densityis low, andour approachis not applicablebecausein generalall nodeswill be neededto form an
effective network. Of coursenetwork partitionscanoccureven in densearrayswhena swathof nodesare
destroyedor obstructed.Whensuchnetwork partitionsdo occur, complementarysystemmechanismswill
be needed;for example,detectingpartitions in the multi-hop sensornetwork by exploiting information
from long rangeradiosdeployed on a subsetof nodes,andusedsparinglybecauseof the power required.
We leave suchcomplementarytechniquesfor network partition detectionandrepair to future work.

The two primary contributionsof our designare:
� The useof adaptive techniquesthat permit applicationsto con�gure the underlyingtopologybased

on their needswhile trying to save energy to extend network lifetime. Our work doesnot presume
a particularmodelof fairness,degreeof connectivity, or capacityrequired.

� Theuseof self-con�guring techniquesthat reactto operatingconditionsmeasuredlocally. Our work
is not restrictedto the radiopropagationmodel,thegeographicaldistribution of nodes,or the routing
mechanismsused.

I I I . RELATED WORK

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

Therehave beenseveral importanttheoreticalevaluationsof topologycontrol.Most of this work focuses
on the analysisof algorithmsfor distributed constructionof a connecteddominatingset (CDS) of the
correspondingunit-disk graphand the routing strategies using the CDS backbone[15], [34], [1], [16].
Gaoet. al. [16] presenta randomizedalgorithmfor maintaininga CDSwith low overhead.This algorithm
assumesa randomizeddistribution of identi�ers amongall nodes,and the partition of the spacein a
grid, with at most one nodeselectedas the clusterheadin eachgrid. Gao's algorithm selectsa small
numberof theseclusterheads,and the total numberselectedhasan approximationfactor of O(

p
n) of

the minimum theoreticallypossible.They alsointroducea hierarchicalalgorithmfor clusteringandshow
an approximationfactor of O(1) with high probability. In later work, Gao et. al. presenta distributed
algorithm to constructa restrictedDelaunaygraph (RDG), where only Delaunayedgeswith a limited
�x transmissionradiusare included[15]. This algorithm also usesthe hierarchicalclusteringalgorithm
describedpreviously [16]. The work shows 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 distributedalgorithmfor constructinga minimum connecteddominatingset
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(MCDS) for the unit-disk-graphwith a constantapproximationratio of the minimum possibleand linear
time andmessagecomplexity. WangandLi proposean algorithmto build a geometricspannerthat can
be implementedin a distributedmanner[34]. The nodedegreeis boundedby a positive constant,andthe
resultingbackboneis a spannerfor both hopsand length.

The above algorithmsprovide an importanttheoreticalfoundationfor topologycontrol andhelp de�ne
the theoreticallimits and boundsof what is achievable. Our work with ASCENT complementstheirs
by getting results from experimentsusing real radios, rather than using only simulation and analysis.
Recentwork [14], [6], [38], [35] evaluating radio connectivity using low-power radios suggeststhat
theseradio channelspresentasymmetricallinks, non-isotropic connectivity, and non-monotonicdistance
decayof power with distance.It is important to understandthe effects that theseconditionsimposeon
thesetopology control algorithms,since most of the real conditionsobserved using real radiosviolate
the assumptionsin the previous theoreticalstudiesandmay affect correctness.Thereis poor correlation
betweenthe spatialdistanceand receptionrate,so assumptionsbasedon geographicproximity between
nodesdo not necessarilyhold in practice.Furthermore,the radio propagation is not circular, presenting
non-isotropicproperties.Finally, ourpreviouswork with SCALE[6] hasshown thepresenceof asymmetric
links for 5-30% of all pairwisecommunication,causingseriousproblemswith algorithmsthat assume
bidirectionalconnectivity.

Themainapproachfollowedby MAC levelprotocolsto saveenergy hasbeento turnoff theradiosthatdo
nothaveany scheduledtransmissionor receptionof packetsin aparticular(usuallysmall)timeframe.These
protocolsusually trade-off network delay for energy conservation becauseof the startupcost associated
with turning the radiosback on. K. Sohrabiand G. Pottie [32] have madesigni�cant progressin self-
con�gurationandsynchronizationin sensornetworksat thesingleclusterlevel with aTDMA scheme.This
work shareswith us similar designprinciples,althoughit' s more focusedon low-level synchronization
necessaryfor network self-assembly, while we concentrateon ef�cient multi-hop topology formation.
SparseTopology and Energy Management(STEM) [31] acceptsdelaysin path-setuptime in exchange
for energy savings. It usesa secondradio (operatingat a lower duty cycle) as a pagingchannel.When
a nodeneedsto senda packet, it pagesthe next node in the routing path. This nodethen turns on its
main radioso that it canreceive the packet. Sensor-MAC (S-MAC) [37] treatsbothper-nodefairnessand
latency as secondaryto energy conservation. It periodically turns off the radiosof idle nodesand uses
in-channelsignalingto turn off radiosthat arenot taking part in the currentcommunication.More recent
work [39] continueto exploreMAC-level wake-upschemes.Most of theMAC schemesmentionedabove
arecomplementaryto our work. ASCENT could establisha particularactive topologyand thenuseany
of the above mechanismsto gain even further energy savings on the newly createdactive topology.

Another approachto reducingenergy consumptionhasbeento adaptively control the transmitpower
of the radio. The lazy schedulingproposedin Prabhakaret al. [28] transmitspackets with the lowest
possibletransmitpower for the longestpossibletime suchthatdelayconstraintsarestill met.Ramanathan
et. al. [29] proposedsomedistributedheuristicsto adaptively adjustnodetransmitpowers in responseto
topologicalchangescausedby mobile nodes.This work assumesthat a routing protocol is runningat all
times and provides basicneighborinformation that is usedto dynamicallyadjusttransmitpower. While
power control can be very useful, particularly in asymmetricnetworks suchas cellular telephony, their
advantagesare lesspronouncedin sensornetworks [6]. Furthermore,the power consumedby theselow-
power radiosin idle stateis of the sameorderof magnitudethanthe Tx or Rx state,so optimizationson
transmitpower arelessimportant.Undertheseconditions,turningtheradiooff andputtingthetransceiver
in sleepstateis essentialto extendnetwork lifetime.

In Y. Xu et al. GAF [36], nodesusegeographiclocation information to divide the network into �x ed
squaregrids. Nodesin eachgrid alternatebetweensleepingand listening,and thereis always one node
active to routepacketspergrid. ASCENTdoesnot needany locationaids,sinceit is basedon connectivity.
In addition,geographicproximity may not always lead to radio connectivity; this is why ASCENT uses
local connectivity measurements.B. Chen et al. [8] proposedSPAN, an energy ef�cient algorithm for
topologymaintenance,wherenodesdecidewhetherto sleepor join the backbonebasedon connectivity
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informationsuppliedby a routing protocol.ASCENT doesnot dependon routing information,nor needs
to modify the routing state; it decideswhetherto join the network or sleepbasedon measuredlocal
connectivity and packet loss information. In addition,our work doesnot presumea particularmodel of
fairnessor network capacitythat the applicationrequires.

J. L. Gao's thesis[17] presentedan adaptive local network formation/routingalgorithmthat facilitates
cooperative signalprocessing.An electionalgorithmis usedto selecta centralnodeamonga small group
of nodesthat cooperatein information processing.While thesealgorithmswere designedto operatefor
a relatively short time spanin a reducedareanear the target event, our objective is stable,long range
topology formation that covers the entiresensornetwork.

Mobile ad-hocnetworks [21], [25], [26] anddirecteddiffusion [19] adaptively con�gure the routing or
datadisseminationpaths,but they do not adaptthe basic topology. Q. Li and D. Rus [22] presenteda
schemewheremobilenodesmodify their trajectoryto transmitmessagesin thecontext of disconnectedad-
hocnetworks.This work shareswith usthenotionof adaptationof thebasictopologyfor ef�cient delivery
of messages,but it doesso by sendinglocationupdatesbetweenneighborsandusingactive messagesto
incrementallypropagate them toward the destination.Our work usesmeasurementsof neighbordensity
and packet loss to exploit the redundancy of denseareasin the systemin an energy ef�cient way. This
work maycomplementoursin caseof mobilenodesdeploymentandin thepresenceof network partitions.

The adaptive techniqueswe use were studiedextensively to make the MAC layer self-con�guring
and adaptive more than 20 yearsago during the re�nement of contentionprotocols [20], [23]. More
recently SRM [13] and RTCP [30] borrowed thesetechniquesto adaptively adjust parameterssuch as
sessionmessagefrequency and randomizationintervals. In this work we use thosetechniquesto adapt
the topologyof a multi-hop wirelessnetwork.

Self-con�gurationbasedon local measuredparameterstakessomeinspirationfrom biological systems,
in particularthe modelsof ant colony behavior [5]. Bulusuet. al. [4], have proposeddifferentalgorithms
for incrementalbeaconplacementin sensornetworks.This work sharewith usthesamedesignprinciples,
suchastheuseof localizedalgorithms,andadaptationbasedon locally measuredparameters.While their
work is orientedto solve the localizationproblem,oursis orientedto energy ef�cient communicationand
sensingcoverage.

The following sectiondescribesthe ASCENT protocol in somedetail.

IV. ASCENT DESIGN

ASCENT adaptively elects“active” nodesfrom all nodesin the network. Active nodesstay awake
all the time and perform multi-hop packet routing, while the rest of the nodesremain “passive” and
periodicallycheckif they shouldbecomeactive.

Considera simplesensornetwork for datagatheringsimilar to the network describedin Section2. We
cannotexpectthesensor�eld to have uniform connectivity dueto unpredictablepropagationeffectsin the
environment.Therefore,we would expectto �nd regionswith low andhigh density. As we pointedout in
Section2, ASCENT doesnot dealwith completenetwork partitionsof the underlyingraw topology;we
assumethat thereis a high enoughnodedensityto connecttheentireregion. FigureIV shows a simpli�ed
schematicfor ASCENT during initialization in a high-densityregion. For the sake of clarity, we show
only the formationof a two-hopnetwork. This analysismay be extendedto networks of larger sizes.

Initially, only somenodesare active. The other nodesremain passively listening to packets but not
transmitting.This situationis depictedin Figure1(a). The sourcestartstransmittingdatapackets toward
the sink. Becausethe sink is at the limit of radio range,it getsvery high packet lossfrom the source.We
call this situationa communicationhole; the receiver getshigh packet lossdueto poor connectivity with
the sender. The sink then startssendinghelp messagesto signal neighborsthat are in listen-only mode
–alsocalledpassiveneighbors– to join the network.

Whena neighborreceivesa helpmessage, it maydecideto join thenetwork. This situationis illustrated
in 1(b).Whena nodejoins thenetwork it startstransmittingandreceiving packets,i.e. it becomesanactive
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(a) CommunicationHole (b) Transition (c) Final State

Fig. 1. Network self-con�guration

Fig. 2. ASCENT statetransitions

neighbor. As soonasa nodedecidesto join thenetwork, it signalstheexistenceof a new active neighbor
to otherpassive neighborsby sendingan neighborannouncementmessage. This situationcontinuesuntil
the numberof active nodesstabilizeson a certainvalueand the cycle stops(seeFigure1(c)). Whenthe
processcompletes,the group of newly active neighborsthat have joined the network make the delivery
of datafrom sourceto sink morereliable.The processwill re-startwhensomefuture network event (e.g.
nodefailure) or environmentaleffect (e.g.new obstacle)causespacket lossagain.

In this section,we describethe ASCENT algorithm and their components.Several design choices
presentthemselves in 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 shows a state
transitiondiagram.

Initially, a randomtimer turnson the nodesto avoid synchronization.Whena nodestarts,it initializes
in the test state. Nodesin the test stateexchangedataand routing control messages.In addition,when
a nodeentersthe teststate, it setsup a timer Tt , andsendsneighborannouncementmessages. WhenTt

expires,the nodeentersthe activestate. If beforeTt expiresthe numberof active neighborsis above the
neighbor threshold(N T), or if the averagedata loss rate (DL) is higher than the averageloss before
enteringin the teststate, thenthe nodemoves into the passivestate. If multiple nodesmake a transition
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to the test state, then we use the node ID in the announcementmessageas a tie breakingmechanism
(higher IDs win). The intuition behindthe test state is to probethe network to seeif the addition of a
new nodemay actually improve connectivity.

Whena nodeentersthe passivestate, it setsup a timer Tp andsendsnew passivenodeannouncement
messages. This informationis usedby active nodesto make anestimateof thetotal densityof nodesin the
neighborhood.Active nodestransmitthis densityestimateto any new passive nodein the neighborhood.
WhenTp expires,thenodeentersthesleepstate.If beforeTp expiresthenumberof neighborsis below N T,
andeitherthe DL is higherthanthe lossthreshold(LT ) or DL is below the lossthresholdbut the node
received a help message from an active neighbor, it makesa transitionto the teststate. While in passive
statenodeshave their radio on, andareableto overhearall packetstransmittedby their active neighbors
(even if the packets arenot addressedto the passive node,sincethe radio is in promiscuousmode).No
routingor datapacketsareforwardedin 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.Energy is still consumedin thepassivestate, sincetheradio is still on whennot
receiving packets.A nodethat entersthe sleepstateturnsthe radio off, setsa timer Ts andgoesto sleep.
WhenTs expires,the nodemoves into passivestate. Finally, a nodein activestatecontinuesforwarding
dataand routing packets until it runs out of energy. If the data loss rate is greaterthan LT , the active
nodesendshelp messages.

B. ASCENTparameters tuning

ASCENT hassomeparametersthat canaffect its �nal behavior. In this section,we explain the choices
madein the currentASCENT algorithm. A particularapplicationmay selectdifferent valuesfor some
parameters,for instance,tradingenergy savings for greaterreactiontime in caseof dynamics.ASCENT
alsoprovidesadaptive mechanismsfor the optimal determinationof someparametervaluesdynamically
at running time.

The neighborthreshold(N T) valuedeterminesthe averagedegreeof connectivity of the network. An
applicationcould adjustthis valuedynamicallydependingon the eventsoccurringin a certainareaof the
network, for example,to increasenetwork capacity. In this study, we set this value to 4.

Thelossthreshold(LT ) determinesthemaximumamountof datalossanapplicationcantoleratebefore
it requestshelp to improve network connectivity. This value is very applicationdependent.For example,
averagetemperaturemeasurementsfrom a sectorof a forest will not tend to vary drastically, and the
applicationmay toleratehigh packet loss.In contrast,trackingof a moving target by the sensornetwork
may be moresensitive to packet losses.In our implementationthis valuewasset to 20%.

The testtimer Tt andthe passive timer Tp determinethe maximumtime a noderemainsin the testand
passive states,respectively. They facea similar trade-off of power consumptionvs. decisionquality. The
larger the timers,the morerobust the decisionin presenceof transientpacket losses(that alsoaffectsthe
neighbordetermination),but the greaterthe power consumedwith the radio on, andviceversa.Our work
with SCALE [6] hasshown that the �nal determinationof thesetimer valuesshouldbe dependenton the
quality of the receptionratefor eachlink. On the onehand,links that presentvery high (> 80%) or very
low (< 20%) receptionratesshow lessvariability over time, andconsequentlyrequirelesstime to make
an accuratedeterminationof the link quality. On the other hand,links with intermediatereceptionrates
show greatvariability over time andrequiremoretime to make betterestimations.We notethat it should
bepossibleto designa mechanismthatautomaticallydeterminestheminimumamountof time we should
measurethechannelto provide somestatisticalboundson theaccuracy of the link quality estimation,but
we have left this as future work. In our implementation,the Tp timer was set to 2 minutesand Tt to 4
minutes.

Similarly, the sleeptimer Ts representsthe amountof time the nodesleepsto preserve energy. The
larger the Ts timer, the larger the energy savings,but the larger alsothe probability of no nodein passive
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statereadyto reactto dynamics.ASCENTusesanadaptive probabilisticmechanismin orderto determine
the optimal relationshipbetweenTp and Ts timers.This mechanismis solely dependenton the average
densityneighborhoodestimatein the and the probability thresholdPt that a certaink numberof nodes
in the neighborhoodare in passive stateat any given point in time. The detailsof this mechanismare
explainedin sectionV-B. In our implementation,the valueof k wasset to 2 andPt wasset to 95%.

C. Neighborand Data Lossdetermination

The numberof active neighborsand the averagedata loss rate are valuesmeasuredlocally by each
nodewhile in passive and teststate.

We have chosento de�ne a neighborasa nodefrom which we receive a certainpercentageof packets
over time. This implies having a history window function (CW) that keepstrack of the packetsreceived
from eachindividual nodeover a certainperiod(time and/ornumberof messages),anda �x edor dynamic
neighborloss threshold(N LS).

In ASCENT, each node adds a unitary monotonically increasingsequencenumber to each packet
transmitted(includingdataandcontrolpackets).Thispermitsneighborlink lossdetectionwhenasequence
numberis skipped.In addition,we assumeapplicationdatapacketsalsohave somemechanismto detect
losses(data payloadsequencenumbersin our implementation).Additionally, the �nal packet loss (or
its reciprocalreceptionrate) estimatefrom eachneighbornode is calculatedby using an exponentially
weightedmoving average(EWMA) of the form:

EWM Acur r ent = � � CW + (1 � � )EWM Apr evious

The value of the �lter constant� was set to 0:b3, which effectively meansthat only the last 5 estimates
have any signi�cant weight on the currentestimate.This estimateprovides a measureof the incoming
packet lossfrom any nodetoward the neighbordoing the calculation,but it doesnot provide information
of the packet lossperceived by the neighbors.In order to closethe loop, this information is periodically
exchangedbetweenactive and test nodes(not passive nodes)by piggybackingthis information in data
packetsor by sendinghello packets in the absenceof datatraf�c.

The numberof active neighborsN is de�ned asthe numberof neighborswith link packet losssmaller
than the neighborloss threshold(N LS) and with symmetricallinks. In our study, we considera link
symmetricalif hasa differencein receptionrate of less than 40% betweenthe incoming and outgoing
receptionrate.We have chosenthe following formula N LS:

N LS = 1 �
1
N

with N being the numberof neighborscalculatedin the previous cycle.
When a nodegetsa neighbor's packet loss estimatelarger than the NLS, it no longer considersthat

nodeasa neighboranddeletesit from its neighborlist. The intuition behindthis formula is the following:
as we increasethe numberof neighborsin the region, the likelihood of any pair of them not listening
to eachother (or having high losses)increases.Therefore,as we increasethe numberof neighbors,we
shouldcorrespondinglyincreasethe neighbor's lossthreshold.Not doing so may result in gettinga lower
neighborcount even thoughnodesin the region may still interferewith eachother. Correspondingly, as
we decreasethe numberof neighbors,we shoulddecreasethe neighbor's lossthresholdaccordingly. (We
experimentedwith someotherfunctions,like an inverselydecayingfunction of 1/N andan exponentially
decayingfunction of 1/N; but the simple formula above worked best).

The averagedata loss rate (DL) is calculatedbasedon the applicationdatapackets.Data lossesare
detectedusing datasequencenumbers.Dependingon the routing strategy, a nodemay receive multiple
copiesof the sameapplicationdatapacket. We only considera datalossif the messagewasnot received
from any neighborduringa certaincon�gurableperiodof time (this allows out of orderdelivery basedon
the applicationneeds).Control messages(help,neighborannouncementsandrouting) arenot considered
in this calculation.
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D. ASCENTinteractionswith routing

ASCENTrunsabove the link andMAC layerandbelow the routing layer. ASCENTis not a routingor
datadisseminationprotocol.ASCENT simply decideswhich nodesshouldjoin the routing infrastructure.
Ad-hoc routing [15, 18, 20], DirectedDiffusion [13], or someotherdatadisseminationmechanism,then
runsover this multi-hop topology. In this respect,routing protocolsarecomplementaryto ASCENT.

ASCENT nodesbecomeactive or passive independentof the routing protocol runningon 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 any way. Currently, if a nodeis testingthe network and it is actively routing packets
whenit becomespassive, ASCENT dependson the routing protocol to quickly re-routetraf�c. This may
causesomepacket loss, and thereforean improvementthat hasnot beenimplementedis to inform the
routing protocolof ASCENT's statechangesso traf�c could be re-routedin advance.

We emphasizethat, even though we have discussedthe ASCENT algorithm in some detail, much
experimentationandevaluationof thevariousmechanismsanddesignchoicesis necessarybeforewe fully
understandtherobustness,scaleandperformanceof self-con�guration.Thefollowing sectionpresentsour
initial �ndings basedon simpleanalysis,simulation,andan experimentalimplementation.

V. PERFORMANCE EVALUATION

In this section,we reportresultsfrom a preliminaryperformanceevaluationof ASCENT. We usesimple
mathematicalmodelsto determinean idealizedexpectedperformanceof delivery rate,latency, andenergy
savings aswe increasenodedensity. Sinceour analysiscannotcapturethe complexity of a full ASCENT
scenario,we usesimulationsandreal experimentsto further validatethe performanceevaluation.

A. Goalsand Metrics

Our goalsin evaluatingASCENT were three-fold:First, in order to validatesomeof the assumptions
madeduring designof the algorithm, perform analysis,simulationsand real experimentsand conduct
comparative performanceevaluationof the systemwith and without ASCENT. Second,understandthe
energy savingsanddelivery rateimprovementsthatcanbeobtainedby usingASCENT. Finally, studythe
sensitivity of ASCENT performanceto the choiceof parameters.

We choosefour metrics to analyzethe performanceof ASCENT: One-HopDelivery Rate measures
the percentageof packets received by any nodein the network. When all the nodesare turnedon –we
call this the Active case– the packet receptionincludesall nodes.In the ASCENT case,it includesall
nodesbut the onesin the sleepstate.This metric indicatesthe effective one-hopbandwidthavailable to
the nodesin the sensornetwork. End-to-EndDelivery Rateis the ratio of the numberof distinct packets
received by the destinationto the numberoriginally sentby the source.It providesan ideaof the quality
of the pathsin the network, and the effective multi-hop bandwidth.A similar metric hasbeenusedin
ad-hocrouting [3]. Energy Savingsis the ratio of the energy consumedby the Active caseto the energy
consumedby the ASCENT case.This metric de�nes the amountof energy savings andnetwork lifetime
we gain by usingthe ASCENT algorithm.Finally, Average Per-Hop Latencymeasuresthe averagedelay
in packet forwarding in a multi-hop network. It provides an estimateof the end-to-enddelay in packet
forwarding.

B. Analytic performanceanalysis

To understandthe relationshipbetweenexpectedpacket delivery and densityof nodeswe �rst usea
simplemathematicalanalysis.

Assumethat nodesarerandomlydistributedin an areaA, andthey have an averagedegreeof connec-
tivity of n. Furtherassumepackets are propagatedusing �ooding with a randomback-off upon packet
reception.This randomcomponentis chosenfrom a discretepool of S slots with a uniform probability
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Fig. 3. Figure3(a) shows the expectedonehop delivery rateasa function of density. The larger the randomizationperiod, the betterthe
onehop delivery ratefor any given density. Figure3(b) shows the probability distribution of the onehop latency. The larger the density, the
smallerthe probability of a large latency.

distribution. Thus,the probability of successfullytransmittinga packet with no collisionswhenthereare
T potentialforwardingnodesin the vicinity is given by:

P(success) =
�

S � 1
S

� T

(1)

From this formula we seethat as we increasethe density of transmittingnodesT, the probability of
successfullydelivering packets without collisions decreasesproportionally. When all the nodesin the
network are able to transmitand receive packets, we �nd that T = n, sinceevery nodein the vicinity
can transmit packets (assuminga losslesschannel,all nodesreceived the original packet). Increasing
the density of nodesincreasesthe probability of collisions in the area.ASCENT �x es the numberof
transmittersin the areato the neighborthreshold(NT) value, resultingin T = N T, independentof the
total numberof nodes,n, deployed. Figure3(a) shows the analyticalrelationbetweenexpectedonehop
delivery ratevs. densityof nodesfor differentS values.

The relationbetweenthehop-by-hoplatency introducedby the randomizationandthedensityof nodes
can be analyzedsimilarly. The averagelatency experiencedper hop is relatedto the numberof random
slotsS andthe total numberof active nodesT. After receptionof a messageto be forwardedtoward the
destination,eachof the T active nodespicks a randomslot, sayS1; S2; : : : ; ST . The meannumberof all
the randomslotschosenwill tend to be S=2, sinceit is a uniform probability distribution. Assumingno
collision losses,i.e.: 8i 6= j 2 1; 2; : : : ; T ) Si 6= Sj , the hop-by-hoplatency is determinedby the �rst
messageto be forwarded.The delay � is then:

� = min (S1; S2; : : : ; ST )

We want to �nd P(� ), the probability distribution of the smallerrandomtime slot picked by T nodes.We
de�ne:

Q(y) = Probbmin (S1; S2; : : : ; ST ) > ycmin (S1; S2; : : : ; ST ) > y , eachof (S1; S2; : : : ; ST ) > y
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This happenswith probability:
�

S � y
S

� T

) Q(y) =
�

1 �
y
S

� T

P(� ) asde�ned above is:

P(� ) = Q(� ) � Q(� + 1) =
�

1 �
�
S

� T

�
�

1 �
(� + 1)

S

� T

(2)

Figure3(b) shows the P(� ) distribution for differentvaluesof T andS = 20. Whenall the nodesin the
network areable to transmitandreceive packets,we �nd that T = n. As n increases,the meanvalueof
P(� ) decreases.This resultcorrespondsto the intuition thataswe increasethetotal numberof transmitting
nodes,the likelihood of any of them picking a smaller randomvalue increases.In the ASCENT case,
T = N T independentlyof the densityn, and the meanvalueof P(� ) remainsconstant.

Finally, we would like to understandthe energy savings that could be obtainedby using ASCENT.
When the systemis not running ASCENT, all the nodeshave their radioson, consumingIdle power1.
When the systemis runningASCENT, N T nodeshave their radioson, while the restalternatebetween
sleepingand listening.The energy savings (ES) are:

ES =
n � I dle

N T � I dle+ (n � N T) � I dle � Tp

Tp + Ts
+ (n � N T) � Sleep� Ts

Tp + Ts

(3)

The numeratorrepresentsthe power consumedby all the nodeswhennot runningASCENT. The denom-
inator representsthe power consumedby all nodesrunningASCENT. The �rst term in the denominator
indicatesthepower consumedby theNT nodesselectedby ASCENTto have their radioson. Thesecond
termin thedenominatorindicatestheenergy of non-active nodeswhenin passive state,andthe third term
indicatesthe energy consumedwhile in sleepstate.We de�ne � to be the ratio of the passive timer Tp

to the sleeptimer Ts. We alsode�ne � to be the ratio of the radio's sleepmodeto the idle modepower
consumption.By replacingthesenew de�nitions in equation3 we get:

ES =
n

N T + (n � N T) � � + �
� +1

(4)

Equation5 shows the upperboundof the energy savings aswe increasedensity.

lim
n!1

ES =
� + 1
� + �

(5)

Figure4 shows the energy savings aswe increasethe densityof nodesfor a �x ed valueof � . For a �x ed
N T value and a small value of � , as we increasedensity the power consumptionis dominatedby the
passive nodesin thepassive-sleepcycle. The intuition is that thesmallerthe � , the largerTs in relationto
Tp, andconsequently, the larger the energy savings the systemcanachieve. Note that thesesavings come
at a cost;the larger theTs, the larger the reactiontime of thesystemin caseof dynamics.Thereis a trade
off betweenthenumberof nodeswe would like in passive statereadyto reactto dynamicsandtheenergy
savings we can achieve by having a more aggressive sleepingschedule.Even if we set up the network
with an “optimal” value of � at initialization, the densityof the network will not be homogeneous,and
even if it is homogeneousinitially, it will probablychangeasnodesdrain their batteriesanddie out. To
copewith this tradeoff, we proposeanadaptive probabilisticmechanismwherethevalueof � dependson
the minimum probability of k nodesbeingin passive stateat any given momentin time, andthe density
of nodesin the neighboringregion.

If we assumethat nodesalternatebetweenpassive andsleepstateandthat their schedulesareindepen-

1The differencein power consumptionbetweenthe Tx, Rx, and Idle radio stateis not signi�cant. SeeSectionV-C
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Fig. 4. Energy savings asa function of densityfor ASCENT �x ed andadaptive statetimers.Fixed statetimersconverge asymptoticallyto
a particularmaximumvaluewhen increasingdensity. On the otherhand,adaptive statetimersdo not presentthis asymptoticlimit and the
energy savings increaselinearly asa function of density.

dent, the probability of any nodebeing in passive or sleepstateis given by:

P(passive) =
�

� + 1
P(sleep) =

1
� + 1

(6)

We want to �nd the minimum value of � suchthat the probability of at leastk nodesbeing passive at
any given momentin time is larger than a minimum probability thresholdPt . We call this value � Pt k .
Any � value smaller than � Pt k will not comply with the minimum probability requirement,and any �
valuelargerthan� kPt will complywith theminimumprobabilityrequirementbut will expendunnecessary
energy.

For the given stateprobabilitiesgiven in equation6, the probability of at leastk nodesin passive state
at the sametime is given by:

P(k) = 1 �
�

1
� + 1

� n

�
� k � 1
� � 1

(7)

The Appendixshows the proof of equation7. We want to �nd the valuesof � for different valuesof k
being P(k) equal to the minimum probability thresholdPt . For k = 1 (at least1 passive nodeat any
given time) andk = 2 (at least2 passive nodesat any given time) thereareclosed-formsolutionsto the
valueof � (� Pt 1 and � Pt 2):

� Pt 1 = 10� 1
n �log(1� Pt ) � 1 (8)

� Pt 2 = 10
1

1� n �log(1� Pt ) � 1 (9)

For other valuesof k, the optimal value � Pt k for a speci�c Pt and density n can be found by using
iterative numericaltechniquesfor the solutionof nonlinearequations(e.g.Newton's method).The initial
searchingvaluex0 could be set to � Pt 2. Figure5(a) shows the optimal valuesof � for k = 1 andk = 2
for differentprobability thresholds.

Figure4 shows the energy savings of ASCENT with adaptive statetimers. In this case,we no longer
have anasymptoticbehavior asdensityincreaseslike in theprevious�x edtimerscase.Theenergy savings
increaselinearly with density, andtheslopeof theline is primarily determinedby theprobabilitythreshold
Pt (seebelow). Figure5(b) shows that the impactof additionalredundancy by incrementingthe valueof
k (concurrentpassive nodes)has lessof an impact, and only reducesthe energy savings by a minimal
factor.
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Fig. 5. Figure 5(a) shows the optimal � valuesfor k = 1 and k = 2 for different probability thresholds.Figure 5(b) shows the energy
savings ratio as a function of densityfor different valuesof k andPt . It is clear from the graphsthat the probability thresholdPt hasthe
mostnoticeableeffect in the determinationof the valueof � and the energy savings ratio.

C. Simulationand ExperimentalMethodology

Implementation: ASCENTimplementationwasdevelopedusingtheEmStarprogrammingenvironment
[9]. We implementedASCENT using a numberof �ne-grained modules,so that other developerscould
re-useas much of our work as possible.Figure 6 shows the diagramof the code structure.The �rst
is the LinkStatsmodule,which addsa monotonicallyincreasingsequencenumberto eachpacket sent
by any processon the node.It monitorssuchpackets arriving from other nodes,and maintainsdetailed
packet statisticsfor high precisionconnectivity measurementswithout increasingchanneluse(but, slightly
reducingthe maximumdatapayload).This modulealso implementsthe exponentiallyweightedmoving
average(EWMA) �lter for thereceptionrateof eachneighbor. Thesecondmoduleis NeighborDiscovery,
which sendsandreceivesheartbeatmessages,andmaintainsa list of active neighbors.Third, to evaluate
energy usage,we createdthe Energy Manager modulethat actsas a simulatedbatteryfor eachnode.It
countspacketssentandreceived, idle time, andradiospowering on andoff; energy is deductedfrom an
initial supplyaccordingly. It runs in two modes:either it merely tracksenergy usageor it actuallyshuts
off a nodewhenthat noderunsout of energy. Finally, we createdthe ASCENTprotocol implementation
itself, which usesthe informationprovided by the othermodules.

Simulator: ASCENT wassimulatedusingthe built in simulator(emsim) provided by EmStar[9]. The
simulatoressentiallyrunsexactly the samecodebasethanthe implementation,with no modi�cations.As
in reality, the nodesmust interactusing their radiosand are not allowed to sharestatedirectly. Instead
of using real radios and sensors,emsimprovides a channelsimulator that modelsthe behavior of the
environment.The channelmodelusesinformationprovided at con�guration time, suchasnodeposition
andtransmitpower. The channelmodelusedin our simulationsis a statisticalmodelbasedon extensive
radio connectivity tracesgatheredwhen developing earlier versionsof ASCENT and SCALE [6]. The
simulator is also able to provide CSMA style of collisions. Emsimdoesnot propagate packets further
in the stack if two or more packets are received within the contentionperiod. Thus, the probability of
collisions is determinedby the lengthof the contentionperiodand the traf�c.

Experimental Testbed:Figure7 shows picturesof thehardwarecomponentsof our testbed.Theceiling
array [9] usedin the experimentsis composedof variousserial port multiplexors attachedto a testbed
PC. Figure 7(b) shows an imageof 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 topologycontrol algorithm.

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

Fig. 7. ExperimentalTestbed.The ceiling arrayis composedof a PC attachedto variousserialmultiplexors.Several UTP cablesrun from
eachmultiplexor to the deployment locationsin the ceiling wherea mote is attachedat the end.

different lengths(up to 30 meters)andattachon endof the cableto the multiplexor andthe otherendto
a node.A total of 55 nodesareusedin the testbed.The nodesarewall powered.

Figure 7(a) shows a picture of the Mica 1, the nodeusedin the experimentaltestbed.Table I shows
the main featuresof the hardwareplatform used.The Mica 1 mote�rmw arecomeswith an event-driven
operatingsystemcalled TinyOS [18]. It provides a DC-balancedsingle-errorcorrectionand doublebit
error detection(SECDED)schemeto encodeeachbyte transmittedby the RF transceiver (RFM). The
systemsupportsvariablepacket sizes,andusesa 16-bit CRC that is computedover the entirepacket for
error detections.A simpledriver (Transceiver) wasusedto run on the motesin TinyOS. It function is to
send/receive packetsto/from the radio andpassthemfrom/to the PC usinga host-moteprotocolover the
serialconnection.
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TABLE I

NODE CHARACTERISTICS

Mica 1

CPU Processor Amtel 128

Prog.Memory (KB) 128

DataMemory (KB) 4

SerialRS232 needsadapter

Clock Speed(MHZ) 4

RF Manufacturer RFM [24]

RF Transceiver TR1000

Radio frequency (MHz) 916

Modulation ASK

Throughput(kbps) 13.3

TX power [0dBm] (mW) < 1

Antenna Omni whip

Scenariosand envir onment: In orderto studytheperformanceof 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 averagedegreeof connectivity of all
the nodesin the experimentandnot by their physical location(geographicaldensity).Sincewe could not
easilychangethelocationof nodesin theceiling array, andsincethephysicalsizeof our lab is limited, we
achieved different levels of densityby adjustingthe transmitpower of the RF transceiver. Using SCALE
[6], we built the entireconnectivity mapof the ceiling array for different transmissionpower levels and
picked the power level that provided us with the desireddensity. The averagenumberof hops in the
topologiesobtainedby this methodwasthree.All the experimentsweredonein an indoorsenvironment,
with obstaclessuchas,furniture,walls, cubicles,doors,etc.The simulationsreplicatethe samescenarios
tried in the experiments.For eachsimulation, we vary the density of nodesfrom 5 to 80 nodes.In
addition,for largermulti-hopsimulations,we incrementedthenumberof sourcesanddestinationsfrom 1
to 5. The averagenumberof hopsin the simulationswassix. In all the experimentsandsimulations,the
source(s)andthe destination(s)wereplacedat the edgeof the network to maximizethe numberof hops
and usageof transit nodes(nodestransmittingtraf�c from/to the source/destination).Eachexperimental
point in the graphspresentedin the following sectionsis the averageof threeexperimentaltrials, and
eachsimulationpoint in the graphsrepresentsthe averageof � ve simulatedtrials. All the resultsinclude
con�denceintervals with a degreeof con�denceof 95%.

Traf�c: In eachexperiment,onesourcesendsapproximately200 messageswith temperatureandlight
sensorreadings(the readingswerestoredvalues).The dataratewassetto 3 sensorreadingmessagesper
minute. In eachsimulation,one or more sourcessendapproximately400 messageseach.The datarate
was the sameas the experiments.In all our experimentsandsimulationswe operatethe sensornetwork
far from overload.Hence,our sensornodesdo not experiencecongestion.Understandingtheperformance
implicationsof congestionon our algorithmsis the subjectof future research.In spiteof experimenting
with uncongestednetworks, our nodescan incur packet lossesdueto dynamicsand interference.

Routing: We use�ooding asour routingprotocol.In orderto reducecontentionwhenmultiplenodestry
to re-forward packetsreceived at the sametime, the �ooding modulehasa programmablerandomization
interval. Upon receiving a packet, the �ood modulewill wait for a randomtime betweenzero and the
maximum randomizationinterval. In our experimentsthe randomizationinterval was set to 5 seconds
(unlessotherwisenoticed).

Energy Model: To model the energy consumption,we looked at the manual speci�cations of the
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(b) End-to-Enddelivery ratevs. density

Fig. 8. Figure8(a) shows the one-hopdelivery rateasa function of density. ASCENT limits the numberof active nodesforwardingtraf�c
to NT andreducescontentionfor the channel.Figure8(b) shows the end-to-enddelivery rateasa function of density. ASCENT end-to-end
delivery rate is stablefor the rangeof densitiestested.

RFM Tx-1000 [24]. We found that the valuesfor Tx:Rx:Idle:Sleepin mW 36:9:9:0.015for the RFM.
Several studies[8], [33] have reporteddifferencesof the orderof 10:1 betweenIdle andSleepingpower
consumptionfor 802.11wirelessLAN cards.For the low power radioswe study, this differenceis in the
order of 100:1.This relation is importantsinceit is the � factor de�ned in the previous section.In our
model,we did not considerthe energy consumedby the CPU.

The remainderof this sectionpresentsour simulationandexperimentalresults.

D. NetworkCapacity

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

Figure8(a)showstheone-hopdelivery rateasa functionof thedensityin amulti-hopnetwork. The“No-
collisions” curve shows theaverageone-hopdelivery ratein thenetwork for thedifferentdensitiestested.
It shows the averagelossesdue to environmentaleffects in the absenceof simultaneoustransmissions.
The valueswereobtainedby runningSCALE [6] on the ceiling arraytestbedwith different transmission
power values.The resultsareencouraging.To a �rst degree,thereareno importantdifferencesbetween
the expectedanalyticalandsimulatedperformanceandthe performanceusingreal radiosup to densities
of 40 nodes.In the Active case(no self-con�guration,all nodesare turnedon), all the nodesjoin the
network andforwardpackets.This casehaslow delivery ratebecauseaswe increasethedensityof nodes,
the probability of collisions increasesaccordinglywhen using �ooding as a routing strategy. 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.

Figure8(b) shows the end-to-enddelivery rate,i.e. the percentageof packetstransmittedby the source
thatreachedthedestination.In theexperiments,eachpacket traversesanaverageof 3 hops.Thesimulations
weredoneon a larger network, with packetstraversingon average6 hopsfrom sourceto destination.We
canseethatASCENToutperformstheActive case.ASCENT's performanceremainsstableasthedensity
increases,which demonstratesthe scalability propertiesof our algorithmsas the density increases.The
Active casedoesnot perform as bad as one would expect basedon the one-hopdelivery rate shown in
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Fig. 9. Figure9(a) shows the energy savings ratio asa function of density. ASCENT providessigni�cant amountof energy savings over
the Active case,up to a factor of 4 with �x timers and 10 with adaptive timers for high densityscenarios.Figure 9(b) shows the average
per-hop latency asa function of density. ASCENT slightly increasesthe averagehop by hop latency.

Figure 8(a). This is becausethe end-to-enddelivery ratio metric only requiresthat at leastone copy of
theoriginal packet sentby thesourcereachthedestination.Even in a high-densityenvironmentwith high
lossesdue to contentionfor the channel,the likelihood of receiving one copy of the packet is still high
using �ooding.

E. Energy Savings

This sectionevaluatesASCENT's ability to save energy and increasenetwork lifetime.
In theseexperimentsand simulations,we did not considerthe energy spentby the source(s)or the

destination(s).For the real experiments,the valuesare not direct measurementsof energy consumption
but indirect measurementsusing the time the nodesspentin the differentASCENT's states.

Figure 9(a) shows the averageenergy consumptionratio betweenthe active and ASCENT casesas a
functionof density. We presentresultsusingtwo versionsof theASCENTalgorithm,onewith �x andthe
otherwith adaptive statetimers.From theseresults,we �nd that ASCENT providesa signi�cant amount
of energy savings over the Active case.

WhenusingASCENT with �x ed statetimers,we �nd that asdensityincreases,energy savings do not
increaseproportionally. This resultmay seemcounterintuitive becausein ASCENT the numberof active
nodesremainsconstantasdensityincreases,andonewould expectto save moreenergy asthe fractionof
active nodesdecreases.From the analysisshown in SectionV-B, we seethat the energy consumption,as
we increasedensity, is dominatedby the passive-sleepcycle of the passive nodes,andnot by the energy
consumedby the fraction of active nodes.ASCENT providesa factorof 4 in energy savings in this case.

When using ASCENT with adaptive state timers, we �nd that as density increases,energy savings
do increaseproportionally. In this case,nodescanbe moreaggressive in their sleepingcycle when they
detecta high density region, thus increasingthe savings they can achieve. Also note that the level of
aggressivenesscan be tunedbasedon the probabilisticguaranteesoffered (numberof passive nodesat
any given time to reactto dynamics).

In both cases(�x ed andadaptive), the performancein simulationandreal experimentsis qualitatively
similar but below theexpectedperformancebasedon theanalyticalresults.Themainreasonfor this is that
the analysisdonein SectionV-B doesnot considerlossesfrom the environment,which induceASCENT
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to increasethenumberof nodeswith theradioon to maintaina usabletopology, andconsequently, reduce
the energy savings in practice.

F. Latency

We conductedexperimentsand simulationsto evaluatethe impact of ASCENT in latency of packet
delivery.

Figure 9(b) shows the averageper-hop latency as a function of density. Note that we consideronly
packets that successfullyreachthe destinationin the results(successfulend-to-enddelivery). We usethe
averageper-hop density to compensatebetweenthe different numberof hopsbetweenthe experiments
andsimulations.

We canseefrom the graphthat ASCENT increasesthe averageper-hop latency whencomparedto the
active case.Whenusing �ooding as the routing strategy, the end-to-enddelay is affectedby the amount
of randomizationintroducedat eachhop andthe numberof nodesforwardingthe packets.Whendensity
increases,the active casereducesthe averageper-hop latency becausethere is a larger probability of a
nodepicking a smallerrandominterval to forward thepacket whentherearemoreforwardingnodes,asit
wasshown in SectionV-B. ASCENT �x esthenumberof nodesableto forwardpacketsindependentlyof
density, andconsequentlythe averageper-hop latency tendsto remainstablefor the samerandomization
interval.

The reductionin latency for the active caseis not as big as predictedin the analytical model. The
reasonfor this is simple: in practice,whenconsideringlossesdueto the environmentandcontentionfor
thechannel,a packet forwardedfastmaynot alwaysreachdestination,andtheaveragedelayperhopcan
increasefrom the ideal.

G. Reactionto dynamics

In this sectionwe evaluatehow ASCENT reactto dynamicsintroducedby nodefailuresin the active
topology.

For theseexperiments,we let the systemrun until a stabletopologyis in place.We thenmanuallykill
a setof active nodessuchthat thereis a network partition betweenthe source(s)anddestination(s)in the
active topology.

Figure10(a)shows theend-to-enddelivery ratefor ASCENTwith both �x edandadaptive statetimers.
The conditionsof the experimentare identical to 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 end to end delivery rate doesnot decreasesmuch at high densities.This is
becausethereis high probability that a passive nodein the neighborhoodexists to �x the communication
hole. As densitydecreases,the performanceof ASCENT with �x ed statetimers also decreases.This is
becausefor certain�x ed valuesof � it is possiblethat we arebeingover-aggressive in saving energy and
all nodesin the neighborhoodmight be sleepingat the time of the active topologyfailure.ASCENT with
adaptive statetimers is morestablefor the rangeof densitieswe tested.

H. Sensitivityto parameters

This sectionevaluatethe sensitivity of the ASCENT algorithm to the choiceof randomizationvalues
usedin the �ooding routing.

Figure10(b)shows theone-hopdelivery rateasa functionof densityfor a largerrandomizationinterval
usedin �ooding. For this experimentwe pickeda randomizationinterval of 10 seconds.Figure8(a)shows
a similar graphfor a randomizationinterval of 5 seconds.Whencomparingthe two graphswe canclearly
seethat for larger randomizationintervals we get an increasein the averageone-hopdelivery rate for
differentdensities.However, thereis a trade-off sincelarger randomizationintervals increasethe end-to-
end latency. For the different levels of randomizationwe tried, ASCENT casealways outperformsthe
Active case,even whenthe former hasa smallerrandomizationinterval than the latter.
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Fig. 10. Figure 10(a) shows the end-to-enddelivery rate as a function of density for �x ed and adaptive state timers. By using �x ed
state timers, ASCENT reaction to dynamicsperformanceat lower densitiesmay decrease.When using adaptive state timers ASCENT
performanceis stablefor the rangeof densitiestested.Figure 10(b) shows the one-hopdelivery rate as a function of density for a larger
�ooding randomizationinterval (10 seconds).ASCENT providesbetterdelivery ratesindependentlyof the randomizationinterval.

The increaseis important for the Active case,but it is only marginal for ASCENT. This is because
ASCENToperateson a reducedtopologyindependentlyof theactualdensityof nodes,andincreasingthe
randomizationinterval doesnot help much.This alsoshows that the expectedperformanceof ASCENT
is morestableindependentlyof the choiceof the randomizationinterval.

VI . CONCLUSION AND FUTURE WORK

In thispaper, wedescribedthedesign,implementation,analysis,simulation,andexperimentalevaluation
of ASCENT, an adaptive self-con�gurationtopologymechanismfor distributedwirelesssensornetworks.

Thereare many lessonswe can draw from our preliminary experimentation.First, ASCENT hasthe
potential for signi�cant reductionof packet loss and increasein energy ef�ciency. Second,ASCENT
mechanismswereresponsive andstableundersystematicallyvariedconditions.

Furthermore,our paperreportson resultsfrom experimentsusing real radios,demonstratingthe im-
portanceof self-con�guring techniquesthat reactto the operatingconditionsmeasured locally.

In the nearfuture,we will evaluatethe interactionsof ASCENT with new MAC mechanisms,andthe
useof robust statisticaltechniquesto improve on-line link quality estimation.We will alsoinvestigatethe
useof load balancingtechniquesto distribute the energy load,andexplore the useof wider arealinks to
detectnetwork partitions.More generally, we are interestedin understandingthe relationshipsbetween
topologycontrol mechanisms,like ASCENT, anddifferent routing strategies.

Thiswork is aninitial foray into thedesignof self-con�guringmechanismsfor wirelesssensornetworks.
Our distributed sensingnetwork simulationsand experimentsrepresenta non-trivial exploration of the
problemspace.Suchtechniqueswill �nd increasingimportanceas the communityseeksways to exploit
the redundancy offeredby cheap,widely availablemicrosensors,asa way of addressingnew dimensions
of network performancesuchasnetwork-lifetime.

APPENDIX

PROOF OF THE PROBABILITY OF K PASSIVE NODES EQUATION

Given a set of n nodesthat alternatebetweenpassive and sleepstateswith probabilitiesgiven by
equation(6), we would like to �nd the probability P(k) of at leastk passive nodesat any given moment
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in time:

P(at leastk passive nodes) = 1 � P(at mostk � 1 passive nodes)

for k = 1:

P(1) = 1 � P(0 nodespassive)

= 1 �
�

1
� + 1

� n

for k = 2:

P(2) = 1 � (P(0 nodespassive) + P(1 nodepassive))

= 1 �
��
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� + 1

� n

+
�

1
� + 1

� n� 1

�
�

�
� + 1

� �

generalizingfor any k:

P(k) = 1 � (P(0 nodespassive) + P(1 nodespassive) + � � � + P(k � 1 nodespassive))

= 1 �
��
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+
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